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Abstract: This article studies how politicians react to feedback from citizens on social media. We use a reinforcement-
learning framework to model how politicians respond to citizens positive feedback by increasing attention to better received
issues and allow feedback to vary depending on politicians’ gender. To test the model, we collect 1.5 million tweets published
by Spanish MPs over 3 years, identify gender-issue tweets using a deep-learning algorithm (BERT) and measure feedback
using retweets and likes. We find that citizens provide more positive feedback to female politicians for writing about gender,
and that this contributes to their specialization in gender issues. The analysis of mechanisms suggests that female politicians
receive more positive feedback because they are treated differently by citizens. To conclude, we discuss implications for
representation, misperceptions, and polarization.

Verification Materials: The materials required to verify the computational reproducibility of the results, procedures,
and analyses in this article are available on the American Journal of Political Science Dataverse within the Harvard
Dataverse Network, at: https://doi.org/10.7910/DVN/DWYLME.

oes feedback from citizens on social media af-

fect the issues that politicians choose to discuss?

Recent research on issue responsiveness finds
that when an issue becomes salient among citizens on
social media, politicians quickly follow and become more
likely to discuss it over the next days (Barbera et al. 2019).
This finding raises the question of how politicians can
learn and respond so rapidly to changes in public mood.
In traditional dynamic representation models (Soroka
and Wlezien 2010; Stimson, Mackuen, and Erikson 1995;
Wilezien 1995), public policy adjusts to shifts in aggre-
gate public opinion over much longer periods of time,

typically years, and politicians learn about changes
in public opinion through tools that require careful
analysis, such as opinion polls (Druckman and Ja-
cobs 2006), expert consensus (Stimson, Mackuen, and
Erikson 1995), or by recording and analyzing informa-
tion (Henderson et al. 2021). These approaches to detect-
ing changes in public opinion do not seem applicable to
the social media setting because they are impractical in
settings in which new information is highly decentralized
and spreads in minutes (Cagé, Hervé, and Viaud 2020).
While online information is abundant, unbiased and up-
to-date summaries about which issues are relevant for
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citizens are not available. The strategies that politicians
use to be responsive to citizens on social media thus re-
main unspecified to date.

This article focuses on how politicians use one
source of information about the preferences of citizens
that is continuously available on social media: feedback
from citizens. We study how feedback affects subsequent
decisions about which political issues to discuss. Con-
tact with politicians has long been considered a rele-
vant way in which citizens can influence politicians’ issue
agendas (Fenno 1977; Miller and Stokes 1963) but has
been difficult to measure. Studying the impact of feed-
back from citizens is timely as the interactive features
of social media have reduced the cost of two-way com-
munication between politicians and citizens and made
it more abundant (Jungherr, Rivero, and Gayo-Avello
2020).

In this article, we specify the process through which
politicians respond to citizen feedback in terms of a “re-
inforcement learning” model grounded in research about
how people learn from feedback (Holland 1992; Sutton
and Barto 2018). We propose that after talking about an
issue, politicians observe the amount of positive feedback
from citizens, update their perceptions about the popu-
larity of the issue, and respond by increasing attention
to popular issues and decreasing attention to unpopular
issues.

This simple strategy allows politicians to be con-
tinuously responsive, although only to the self-selected
citizens who interact with them. A relevant character-
istic of social media is that users, including politicians,
are exposed to information environments that tend to
match and possibly reinforce their preexisting views
(Sunstein 2018; Zhuravskaya, Petrova, and Enikolopov
2020). To study the implications of exposure to such frag-
mented audiences, our reinforcement-learning model al-
lows politicians of different social categories to be ex-
posed to systematically different feedback from citizens.
Specifically, we focus on the social category of gender—
whether a politician is a female or a male—and the ex-
tent to which female and male politicians attend to gen-
der issues. The model shows that, if female politicians
receive more positive feedback for talking about gender
as compared to male politicians, reinforcement learning
creates a difference in attention to gender issues between
female and male politicians. The model is general and
can apply to other issues and to other social categories
such as race or partisanship. It can also apply to offline
settings.

We test the theory with rich social media data that
record politician—citizen interactions over time and al-
low longitudinal analysis. We collected 1.5 million tweets
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published by elected representatives in national and re-
gional assemblies, active during the 201619 election cy-
cle in Spain. We measured the reception of each tweet
in terms of “retweets” and “likes” and use these data to
estimate politicians’ responsiveness to feedback. To code
gender issues, we rely on “BERT” (Devlin et al. 2018), a
deep-learning language model which is sensitive to word
dependencies, vastly outperforms standard bag-of-word
models, and works well in multilingual contexts. We es-
timate the effect of citizen feedback on attention to gen-
der issues by female and male politicians using two-way
fixed-effect panel models, which allows us to control for
all factors that are constant for a given politician or for a
given point in time.

We find that politicians are responsive to citizen
feedback on social media: after receiving more retweets
for tweeting on gender issues, they increase attention to
this issue. This is also the case with “likes.” Moreover,
we find that female and male politicians are exposed to
systematically different feedback environments: female
politicians receive relatively more retweets and likes for
tweeting about gender issues. This leads them to talk
more about gender issues. Our analyses of mechanisms
also reveal that female politicians obtain more feedback
because they are treated differently by citizens, and not
because their messages are more engaging or because of
differences in the composition of audiences.

Our study advances research on how politicians re-
spond to changes in public opinion. It is most related to
Barbera et al. (2019), who document issue responsive-
ness on social media but do not study the underlying
mechanisms. More generally, theoretical models of dy-
namic representation remain unclear about how politi-
cians learn about public opinion (e.g., Stimson, Mack-
uen, and Erikson 1995). We propose and test one specific
learning process that allows politicians to be continu-
ously responsive to the citizens with whom they interact.
Methodologically, we develop an empirical approach that
allows the analysis of actual interactions between politi-
cians and citizens on social media, instead of relying on
inferences from population-wide averages. Substantively,
we document, for the first time, that the direct interac-
tions between politicians and citizens influence the is-
sues that politicians choose to discuss on social media
and show that differential treatment from citizens leads
politicians with different characteristics to diverge in is-
sue attention.

We also contribute to the large literature on the
political representation of women by connecting the
gender-specific experiences of women in office to the
rise of attention to gender issues. Theoretical work
about descriptive representation argues that female
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representatives are more likely to talk about issues rele-
vant to women because they have different experiences
both in life and in office (Mansbridge 1999; Phillips
1995). Empirical research supports the claim that de-
scriptive representation increases substantive represen-
tation (Clayton 2021; Lawless 2015; Lowande, Ritchie,
and Lauterbach 2019; Wingnerud 2009), but it has more
difficulties at examining specific mechanisms that link
both. In particular, existing empirical studies have not
been able to isolate the effects of specific gendered ex-
periences in office on politicians’ attention to gender is-
sues. We demonstrate that exposure to systematically dif-
ferent feedback environments contributes to differences
in attention to gender issues between female and male
politicians beyond what can be explained by differences
in intrinsic motivation or preexisting preferences. Fur-
thermore, our analyses of mechanisms shed light on why
this happens.

Learning from Feedback on Social
Media

To be responsive to citizens, politicians first need to learn
about citizens’ preferences both in terms of issue salience
and issue position.! How do politicians learn about the
preferences of the public? Dynamic representation the-
ory (Stimson, Mackuen, and Erikson 1995) provides one
answer to this question. While recognizing that politi-
cians cannot directly know the preferences of the public,
this theory proposes that all politicians have access to a
“consensus view” about the direction of change in pref-
erences which is produced by a community of opinion
leaders, including politicians, journalists, and academics.
In a similar spirit, thermostatic models of public opinion
(Wlezien 1995, 2004) assume that politicians are aware
of directional changes in aggregate public opinion.

The assumption that all politicians have access to a
shared view about the preferences of the public may be
well-suited to homogeneous information environments,
as was the case when a few broadcast television chan-
nels were dominant and thus everyone was exposed to
similar information (Prior 2007). However, the low bar-
riers to entry and the reliance on user-generated content
have made online information environments much more
fragmented than traditional media environments (Zhu-
ravskaya, Petrova, and Enikolopov 2020). Politicians, like

'We focus on issue salience in this article because the decision to
talk about an issue or not is binary, and this facilitates empirical
analysis. However, the logic applies to issue positions as well.

other users, are not exposed to content that is centrally
produced by gatekeepers and similar for all users, but to
content that depends on whom they choose to follow,
which users choose to interact with them, and on how al-
gorithms prioritize information. An additional challenge
is that new topics appear and disseminate online at a high
speed (Cagé, Hervé, and Viaud 2020). This reduces the
usefulness of tools such as traditional opinion polls to
track changes in public opinion. Since social media plat-
forms do not provide systematic information about the
average preferences of citizens on political issues, politi-
cians must find other approaches to learn about them.

Research on how representation operates in practice
finds that when politicians (or their aides) try to learn
about citizens’ preferences, they rarely use tools like sur-
veys, which are often not available. Instead, they keep
track of their communication with interest groups and
regular citizens and make inferences based on this infor-
mation (Fenno 1977; Henderson et al. 2021; Miller and
Stokes 1963).

Information obtained through direct interactions
with citizens, and in particular the feedback they pro-
vide, is particularly relevant in social media contexts be-
cause it is abundant, immediately available, and easy to
use. Before the advent of social media, citizens commu-
nicated their opinions to politicians through actions such
as writing letters or talking in public meetings which re-
quire civic skills and are relatively costly (Verba, Schloz-
man, and Brady 1995). The built-in interactive features
of social media, such as the ability to provide feedback to
other users through easily clickable buttons, have made
two-way communication between citizens and politi-
cians easier and more convenient (Jungherr, Rivero, and
Gayo-Avello 2020). Moreover, feedback is obtained in
real time. As Zhuravskaya, Petrova, and Enikolopov note,
“Social media allows politicians to receive immediate
feedback on policy actions, to discuss policy propos-
als, and to measure political discontent” (2020, 417).
Finally, feedback in social media is more easily usable
than traditional communication with constituents be-
cause it comes in a highly standardized quantitative form
(such as the number of retweets, likes, or hearts), which
makes it easy to compare how different statements fare.
Thus, we expect that politicians use the feedback they ob-
tain on social media to make inferences about citizens’
preferences.

How do politicians use feedback? To address this
question, we assume that when making decisions about
which issues to discuss and which positions to take,
politicians aim to choose popular topics and positions.
This could be because they believe that consistently doing
so will increase support for themselves or their parties or



because they see themselves as delegates of the public.
However, politicians are uncertain about the popularity
of the issues they might discuss.

We propose that politicians learn about the popular-
ity of issues by observing how their messages are received
by the public and that they increase attention to issues
that obtain more positive feedback than expected and
reduce attention to those that obtain less positive feed-
back than expected. In short, issues that obtain relatively
more positive feedback are “reinforced.” Prior research
has shown that people frequently behave this way when
they make repeated choices between options with uncer-
tain payoffs and aim to obtain positive payoffs (Denrell
2005; Thorndike 1927) and that this behavior is often
reasonable (Holland 1992; Le Mens and Denrell 2011;
Sutton and Barto 2018). In the context of politicians
writing on Twitter, the options consist in different po-
litical issues which they can choose to discuss in their
next tweet. Feedback is the reaction of the citizens to the
politicians’ tweets, which can be more positive or nega-
tive than expected. Politicians are responsive to feedback
if they tend to choose issues that obtained positive feed-
back in the past and hence are perceived as more pop-
ular. We analyze a formal model of this learning-from
feedback process in the section entitled “Reinforcement
Learning by an Individual Politician” and provide em-
pirical estimates of the model parameters in the section
entitled “Responsiveness to Issue-Specific Feedback.”

A key drawback of relying on feedback as a source
of information is that citizens who provide it are self-
selected, and politicians cannot know in which way the
preferences of their followers differ from the preferences
of the population at large (or of other relevant groups,
such as copartisans or voters in their districts). While
politicians and their staff are aware that their online fol-
lowers are not representative of the public (Henderson
et al. 2021), they have no way to fully correct the ensuing
biases.’

If politicians of different social categories, such as
gender or race, are exposed to more positive feedback

*In some conceptions of representation, such as gyroscopic or
trustee representation (Mansbridge 2003), politicians do not need
to be responsive to represent the public. We recognize that politi-
cians sometimes deviate from public opinion, but we assume
that in general they are motivated to be responsive to citizens, as
suggested by recent research which demonstrates that politicians
change their votes when they receive information about the pref-
erences of voters (see Butler et al. 2011; Pereira 2021).

3There exists evidence that when producing population estimates,
people go beyond the information they obtain from their immedi-
ate social environments, yet they do not fully correct for the biases
already present in their information sample (Galesic, Olsson, and
Rieskamp 2018, see also Fiedler 2012).
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from the public when they talk about issues related to
their social categories, they will form different percep-
tions of what the public wants and will ultimately be
more likely to talk about issues related to their social
category. Our study focuses on gender, which is a more
politically relevant characteristic than race in the Span-
ish context. We expect that female politicians receive rel-
atively more positive feedback from citizens when they
talk about gender issues rather than on other issues—
a difference in feedback that, from now on, we call the
“gender-issue feedback advantage.” There are several rea-
sons why the gender-issue feedback advantage would be
larger for female politicians than for male politicians.

First, female politicians may communicate more en-
gagingly about gender issues because they are more
knowledgeable and interested in these issues (Dolan
2011; Lawless 2015; Lowande, Ritchie, and Lauterbach
2019), and this more engaging style may in turn gen-
erate more positive reactions from citizens. There ex-
ists abundant evidence that female representatives have
different positions on gender issues than male repre-
sentatives (e.g., Lovenduski and Norris 2003), although
whether female politicians communicate more engag-
ingly about gender has not been rigorously assessed. We
call this mechanism the “engagingness channel.”

Second, female citizens may interact more with fe-
male politicians. This argument has been advanced most
clearly by Mansbridge (1999, 641) who argues that politi-
cians of traditionally marginalized groups provide better
representation to ingroup members because they have
“enhanced communication” with them. Empirical re-
search finds that citizens are more likely to contact politi-
cians of their race (Broockman 2014; Gay 2007), al-
though there is less direct evidence about gender (for
null results, see, for instance, Bush and Prather 2021;
Haynes 1997). If female citizens “self-select” into inter-
acting more with female politicians and female users are
more likely to give feedback to tweets on gender issues,
this could potentially explain the gender-issue feedback
advantage. We call this mechanism related to the compo-
sition of audiences the “self-selection channel.”

Third, citizens may believe that female politicians
are more competent to talk about gender issues (Dolan
2010; Huddy and Terkildsen 1993) and, for this reason,
may provide them with more positive feedback for
tweeting on the topic even if there is no difference in
the content of the gender-issue tweets written by female
and male politicians. Recent research finds that parti-
sanship or incumbency dominate gender stereotypes
when citizens decide for which candidate to vote (Dolan
2014; Lawless 2015). But this does not rule out that
voters reward female politicians for behaving according
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to stereotypes in social media contexts, where voters
are not restricted in the amount of feedback they can
provide and thus do not need to prioritize one consid-
eration over others. Research in social psychology and
sociology supports the claim that people tend to evaluate
the behavior of others more positively if it is congruent
with expectations related to their social categories (Eagly,
Wood, and Diekman 2000; Hannan et al. 2019). If Twit-
ter users expect female politicians to talk more about
gender issues, they may react more positively when they
do, because this is congruent with their expectations
regarding the issues female politicians should attend to.
These arguments imply that citizens are more likely to
retweet tweets on gender issue when they are published
by female politicians, rather than male politicians, even
if there is no difference in tweet content. We call this
mechanism the “congruity channel.”

We empirically test for the differences in gender-
issue feedback advantage feedback in the section entitled
“Gender-Issue Feedback Advantage for Female and Male
Politicians” and test for the three potential mechanisms
in the section entitled “Mechanisms for the Difference in
Gender-Issue Feedback Advantage between Female and
Male Politicians.”

Model

Reinforcement Learning by an Individual
Politician

Consider a politician 7 who publishes a series of messages
on policy issues. Without loss of generality, we assume
that there are only “gender issues” and “other issues” and
denote them by GI and other. We refer to the first mes-
sage by m = 1, the second message by m = 2, etc. In
reinforcement-learning models, agents have latent “valu-
ations” of each option, which they update based on feed-
back. The valuation of different policy issues can be in-
terpreted as politicians’ perception of the popularity of
that issue. Politician 7’s valuation of the “gender issues”
option at the time they decide on the issue of message m
is V;,,5" and the valuation of the “other issues” option
is V;,,°"", The politician is more likely to choose “gen-
der issues” if the difference in valuations favors this issue,
that is, they perceive it as more popular. We specify the
probability that the politician chooses issue k as a logistic
function of the difference in valuations of the two issues.
We call this quantity the “attention to the gender issue”:

A7), = Logit (7" 4+ rAV; ), (1)

where A V; , = VO — vother j the valuation difference,
r denotes the responsiveness of issue attention to per-

ceived popularity, and 7t,°" characterizes the baseline ten-
dency to write about gender issues. This latter construct
can be thought of as the intrinsic motivation to address
the issue.

We denote by V' and Vomher the initial valuations
of the two issues. After every message m, the politician
observes the feedback FBY, and updates their valuation
of the issue of the message. Following research on how
people update valuation based on experience (see Denrell
2005 for a review), we assume that the new valuation of
an issue is a weighted average of the previous valuation of
that issue and the last feedback instance on that issue (see
Appendix A, p. 2, in the online supporting information
for a discussion of this assumption). Formally, if message
m is on issue k, then

k
Vi,m+1 = (1

k k
- Y) Vi,m + yFBi,m‘ (2)
If message m is not on issue k, the valuation of issue
.k _ vk
k does not change: V', | = V" .
We assume that feedback is normally distributed,
with common standard deviation o, and with means uiGI

and po™r that differ between issues:
FBY) ~ N (0¥, 0); FBY™ ~ N (9" 0).  (3)

It is possible to derive a formula for the long-run
share of attention to gender issues, AS! (see proof in Ap-
pendix A, p. 1, in the online supporting information)

AS! = Logit (n{" + rAp,), (4)

where A p; = p¢! — pnother is the difference between the
means of the feedback distributions for the two issues
(“gender” and “other”). This corresponds to what we call
the “gender-issue feedback advantage.” Unsurprisingly,
the long-run attention to gender issues increases with
the gender-issue feedback advantage. This feedback ef-
fect is stronger when the issue responsiveness parameter,
r, is larger. It is noteworthy that the long-run attention
to gender issue does not depend on the initial valuations.
This means that our main result holds whether the politi-
cian initially believes average feedback for the two issues
to be the same or different (see Appendix A, p. 2, in the
online supporting information for further discussion of
this).

Differences between Female and Male
Politicians

Now consider two hypothetical politicians, F and M,
who behave according to the reinforcement-learning
model but are exposed to different feedback environ-
ments such that the gender-issue feedback advantage dif-
fers between the two politicians (Apr # Apys). Using
Equation (4), we can derive a necessary and sufficient



condition for a difference in long-run issue attention,
such that attention to the gender issue is larger for F than
for M:

Afloo > Al o & 1+ rrApe > 1y + ryApy. (5)

This difference in issue attention can emerge as the
result of a difference in the feedback received by F and
M.

A feedback-driven difference in valuations and issue
attention can emerge even if F and M have identical base-
line propensities for publishing tweets on gender issues
(n$! = n§} ) and are equally responsive to changes in is-
sue valuations ( 7z = r); ). In this case, politician F will
devote a larger attention to the gender issue whenever the
gender-issue feedback advantage is stronger for F than
for M (Apr > Apy). We discuss model dynamics for
different values of the initial valuations in Appendix A,
p-. 3, in the online supporting information.

In the general case, feedback contributes to the dif-
ference in issue attention between politicians F and M
beyond what could be explained just by a difference in
baseline propensities to write about gender issues when
the following condition holds:

rEAWE > A, (6)

We test whether the condition in Equation (6) holds
in the section entitled “Responsiveness to Issue-Specific
Feedback.”

Case, Data, and Measurement

To analyze whether and how citizen feedback affects
politicians’ issue attention, we collected the tweets pub-
lished by all politicians who served in the national parlia-
ment of Spain or any of its regional parliaments between
the start and the end of the national legislature (from July
2016 to March 2019).

Spain is a relevant case to study the rise of gender
issues. Gender evolved from being a relatively niche is-
sue into a major topic during the time covered by our
study, culminating in a general strike in March 2018,
which was probably the largest women’s strike in history
(Campillo 2019). Spain is a fairly typical consolidated
democracy. It has a proportional representation system
and closed party lists. It is also a decentralized state, with
regional governments holding significant powers. There-
fore, both national and regional representatives are rel-
evant for the political process. Social media use is high.
We collected the Twitter usernames of 1,530 national or
regional parliamentarians. More than 80% of the politi-
cians who were in office for some time during this period
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had a Twitter account. They posted more than 1.5 million
original tweets in this period.

The set of “original” tweets consists of tweets politi-
cians posted on their own wall and replies to other
users’ tweets. We included all tweets with at least two
words published by politicians who were active Twitter
users (writing on average at least one original tweet per
month).

We only consider the first tweet of a thread of tweets.
The resulting data contains the tweets of 1,265 politicians
(554 females and 711 males).

In comparison to male politicians, female politicians
were less active, and their tweets received fewer retweets
and likes (Table 1). Additional summary statistics are
reported in Appendix C, p. 9, in the online supporting
information.

Measuring Attention to Gender Issues

The main empirical challenge consisted of identifying
tweets related to gender issues. We used human-coded
data to train and validate a text classifier based on a state-
of-the-art deep-learning language model, BERT (Devlin
et al. 2018). This consists of an artificial neural network
with many layers (a “deep neural network”) that takes the
text of a tweet as an input and labels it as being about
gender or not. We chose this model, because it has been
shown to perform much better than “bag-of-words” clas-
sifiers which are most often used in the social sciences
(Grimmer and Stewart 2013). We recruited research as-
sistants to code about 20,000 tweets as being on gen-
der issues or not, and we fine-tuned our BERT classifier
to optimize its classification performance on our data.
We used 10-fold cross-validation to identify the optimal
training parameters.

Our model achieved an excellent classification per-
formance on our validation data: 90% of the tweets the
model classified as gender-issue tweets are actually on
gender issues, and 79% of gender issue tweets are clas-
sified as such. For comparison with the more traditional
“bag-of-words” approach, we trained a naive Bayes clas-
sifier. It produced three times more mistakes than our
BERT classifier. We discuss the advantages of BERT, the
coding details, how we fine-tuned the model and model
accuracy in Appendix B, p. 5, in the online supporting
information.

We define politician 7’s attention to gender issues in
period p as the proportion of gender-issue tweets posted
by this politician over that period: AS;)I = nlc;} /Npp .

There exists a large difference in attention to gender
issues by female and male politicians. Over the entire
sample period, female politicians devoted, on average,
11.2% of their tweets to gender issues whereas male
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TABLE1 Summary Statistics for Male and Female Politicians

Female Politicians Male Politicians

Number of politicians

Number of tweets (mean)

Number of tweets (median)

Average number of retweets (mean)
Average number of retweets (median)
Average number of likes (mean)
Average number of likes (median)
Average number of replies (mean)
Average number of replies (median)
Standard deviation retweets (mean)
Standard deviation retweets (median)
Standard deviation likes (mean)
Standard deviation likes (median)
Standard deviation replies (mean)

Standard deviation replies (median)

554 711
1,087.9 1,380.1
568.0 697.0
22.4 45.8
6.3 7.4
38.6 80.2
8.4 10.4
3.4 7.5
0.5 0.7
52.1 95.9
10.2 12.7
38.6 80.2
8.4 10.4
10.9 22.0
1.5 2.0

Notes: To aggregate the data, we first calculate average values per politician and then the mean or median value of those averages for female

and male politicians.

politicians only devoted 3.4% of their tweets to gender
issues. Figure 1 depicts the average attention to gender

FIGURE 1 Attention to Gender Issues by Male
and Female Politicians
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issues by female and male politicians over the period
studied.

Comparing the mean number of raw retweets that
each politician received for tweets on gender issues and
other issues reveals the existence of gender-issue retweet
advantage for female politicians (see Table 2). Tweets
on gender issues written by female politicians receive
on average 18% more retweets in absolute terms than
tweets on other issues. By contrast, male politicians re-
ceive about the same number of retweets for tweeting
about gender issues and other issues. A similar asym-
metry between female and male politicians holds for
likes.

Measuring Issue-Specific Feedback

We construct our main measure of citizen feedback based
on the number of retweets. Prior research has shown that
a higher number of retweets implies approval (Metaxas
et al. 2015). Consistent with the view that most retweets
are instances of positive feedback, we observe in our data
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TABLE 2 Summary Statistics: Retweets, Likes, and Replies

Female Politicians Male Politicians
Gender Difference between | Gender Difference between
Issues  Other Gender Issues/Other | Issues  Other Gender issues/Other

Number of tweets (mean) 123.5  966.4 49.6 1332.5
Number of tweets (median) 46.0 506.0 23.0 683.0
Average number of retweets (mean) 25.5 21.6 +18% 45.5 45.7 0%
Average number of retweets (median) 7.4 6.2 +19 7.4 7.4 0
Average number of likes (mean) 45.4 37.2 +22 83.9 79.9 +5
Average number of likes (median) 9.4 8.3 +13 10.1 10.3 -2
Average number of replies (mean) 3.9 3.3 +18 7.4 7.5 -1
Average number of replies (median) 0.4 0.5 —12 0.6 0.7 —25

Notes: To aggregate the data, we first calculate average values per politician and then the mean or median value of those averages for female
and male politicians. There were 554 observations for female politicians and 711 for male politicians.

that most of the retweets between politicians happen
within parties (see Appendix D, p. 10, in the online sup-
porting information). Rather than using the raw num-
ber of retweets as the measure of feedback to politician i
about the tweet message m they published, we construct
a feedback measure grounded in behavioral research on
how past experience affects future decisions. We proceed
in several steps.

First, we take the natural logarithm of the num-
ber of retweets. This transformation is motivated by re-
search that shows that payoffs have declining marginal
effects (Tversky and Kahneman 1992). Taking the loga-
rithm also reduces the weight of instances of extremely
large numbers of retweets which have the potential to
drive the model estimation results.* Differences in logs
express scale-invariant ratios of feedback, implying that
the added utility of receiving 10% more retweets would
be the same for a politician who usually receives 10 or
10,000 retweets.

Second, we take out a politician-specific time trend.’
This step is motivated by research on learning from

“The number of retweets is strongly skewed and approximately fol-
lows a power-law distribution for each politician: the median tweet
received four retweets, the mean is 58 retweets, and the maximum
is almost 43,000 retweets.

>We regress log retweets; ,, on the time ¢ the tweet was posted using
OLS and then take the residual:

— -
#; , = logretweets; ,, — trend (log retweets; ) *xt (7)

feedback that has shown that agents tend to evaluate
outcomes with respect to a time-dependent “aspiration
level” or reference point (Cyert and March 1963; March
and Shapira 1992). In our context, the average num-
ber of retweets increases over time for most politicians,
probably because the politicians’ followership is grow-
ing. Thus, comparing the number of retweets received by
tweets published many months or several years apart is
not meaningful.

Finally, we proceed to within-politician z-score stan-
dardization. The relevant comparison for a given politi-
cian to learn about issue popularity is to compare the
number of retweets they received for tweeting on a spe-
cific issue with the average level of retweets they receive
themselves, rather than the number of retweets that other
politicians received.® By construction, the distribution of
feedback for each politician now has mean zero (E[FB; ,,]
= 0) and standard deviation one (opp;,;, = 1).

Our feedback measure can be interpreted as follows:
a one-unit increase in feedback means that the tweet re-
ceived one standard deviation more in “feedback util-
ity units” relative to other tweets published by the same
politician around the same point in time. We focus on
retweets over likes because information about retweet-
ers is more easily available on Twitter than information

®As a robustness check, we replicate our main analyses by omitting
within-politician normalization in Appendix E, p. 53, in the online
supporting information. Our main results remain.
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about those who gave likes, and we use this informa-
tion in some analyses. Results are similar with likes (Ap-
pendix E, p. 12, in the online supporting information). In
ancillary analyses we also analyzed replies (Appendix E,
p- 12).

Results

Gender-Issue Feedback Advantage for
Female and Male Politicians

We estimate by ordinary least squares (OLS) a set of
linear models with feedback as the dependent variable.
In our baseline specification, the feedback received by
politician i for tweet message m, FB;,, is regressed on
politician gender and the issue of the tweet:

FBi,m - BGIGIi,m + BMMZ + ﬁGI*MGIi,m*Mi + €ims (8)

where GI;,, is a dummy variable equal to 1 if tweet
m published by politician i is on gender issue, M; is a
dummy equal to 1 if politician i is male and €; ,, is an
error term.

We are most interested in the coefficient of the in-
teraction term, By, Which measures how the gender-
issue feedback advantage differs between female and
male politicians. If it is negative, the gender-issue feed-
back advantage is stronger for female politicians. In most
specifications, we include politician fixed effects to ab-
sorb the effect of politician characteristics which remain
constant over time such as their gender, specialization of
policy area, or political party. We also add day and hour
of the day fixed effects to absorb the effect of temporal
variations affecting all politicians such as general shifts
in issue salience.

Estimation results are reported in Table 3. In all
specifications, the gender-issue feedback advantage is
stronger for female politicians (Bgrpm < 0, p < .01 in
Model 1-3, p < .05 in Model 4). Model 1 is a basic
specification without controls or fixed effects. We find
that the gender-issue feedback advantage is larger for
female politicians (40.24 standard deviation) than for
male politicians (40.15 standard deviations). The pat-
tern remains similar when politician and day fixed effects
are included (Model 2) as well as when additional time-
varying control variables are included, such as the hour
of the day the tweet was published, the number of tweets
published by the politician on that day, and the length of
the thread of the tweet (Model 3). Model 4 shows that
the effect is similar for left-wing and right-wing politi-
cians (see Appendix E, p. 12, in the online supporting
information for details on coding).

9

Appendix F, p. 14, in the online supporting informa-
tion reports the robustness checks.

Responsiveness to Issue-Specific Feedback

Do politicians increase attention to gender issues af-
ter obtaining relatively more positive feedback? To ad-
dress this question, we estimate the parameters of the
reinforcement-learning model described in the section
entitled “Model Using Two-Way Fixed-Effect Logistic
Panel Models.”

To render the data amenable to analysis using panel
models, we discretize it into fixed-length time periods
p- We use the calendar month as the time period since
this provides a compromise between two goals: having
a precise estimate of the attention given to gender is-
sues (longer time intervals) and having more observa-
tions (shorter time intervals).

To estimate the latent-issue valuations, we update
valuations with every tweet m and then “freeze” the
valuations at the beginning of each period to make
them conform to our panel data structure, that is, Vlf) =

Vi,km [m = first message in period p]. We take the valua-
tion at the beginning of the month (rather than the aver-
age valuation, for example) to avoid feedback endogene-
ity issues.

Some politicians have breaks in their Twitter activ-
ity. Hence, assuming feedback still affects issue attention
after several months does not seem realistic. Therefore,
we restrict our analysis to politician-month cells where
the valuation of each issue was updated at least once dur-
ing the previous month. Furthermore, we use the num-
ber of tweets published by the politician in the respective
month (Nj,) as regression weights. Each tweet thus re-
ceives the same weight in our estimations.

In accordance with the reinforcement-learning
model, we estimate a logistic regression of issue atten-
tion, Agf , on the difference in valuations of gender is-
sues and other issues, AV;,, and politician fixed effects,
n¥. To account for factors that affect issue attention
in our empirical setting but that, for parsimony, were
left out of the formal model, we augment the equa-
tion with month fixed effects, T, politician fixed-effects,
7;, and time-varying control variables. Global shifts in
issue attention over time are captured by the month
fixed effect. For example, around March 8, the Interna-
tional Women’s Day, politicians tweet more on gender
issues. Beyond accounting for differences in baseline at-
tention to gender issues, the politician fixed effects cap-
ture other time-invariant confounds such as their gender,
party, region, policy focus, etc., as well as time-invariant
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TABLE 3 Female Politician Receive More Positive Feedback for Tweeting on Gender Issues

(1) 2) 3) 4
Gender issues 0.24* 0.29* 0.28" 0.27*
(0.00) (0.02) (0.02) (0.05)
Gender issues * Male politician —0.09** —0.12** —0.12** —0.12*
(0.01) (0.02) (0.02) (0.05)
Part of thread 0.29° 0.291
(0.15) (0.15)
Tweets on day by politician —0.01* —0.01*
(0.00) (0.00)
Gender issues * Left 0.02
(0.06)
Gender issues * Male politician * Left 0.00
(0.06)
Male politician 0.02**
(0.00)
(Intercept) —0.03**
(0.00)
Fixed effects
Politician Yes Yes Yes
Day Yes Yes Yes
Hour of day Yes Yes
Fit statistics
Squared correlation 0.003 0.008 0.018 0.018
Observations 1,583,917 1,583,917 1,583,917 1,583,917

Notes: Linear regressions of tweet feedback on politicians’ gender and issue of the tweet (variations of Equation 8). Standard errors are
clustered by politician in specifications with fixed effects: 'p < .1;*p < .05; **p < .01.

characteristics of their followers (e.g., level of interest in
gender issues).

Issue valuations are not directly observable in our
data. They are latent variables constructed based on the
feedback received by tweets on the issues. Therefore, the
valuation updating equations must be estimated jointly
with the issue-attention equation. The full model thus
consists of two equations, jointly estimated as a gener-
alized linear model using GLS:

{ Vif(m =(1-vy) wiA,I(mfl + yFBf'C.mfl 9)
Agf = Logit (n + rxAV, + 1, + €5p) .

Because standard software packages do not include
readily available commands for the estimation of such
models, we performed a grid search for the updating pa-
rameter y. For each possible value of y € (0, 1] (step size
= 0.01), we construct the issue valuations and the valua-
tion difference AV}, estimate the parameters of the re-
sponsiveness model and select the updating parameter
y with best model fit (lowest mean squared error). The
exact value of y depends on the model specification but
estimates are close to 0.07 in all cases, meaning that the
issue valuation is revised by approximately 7% with each
tweet on the issue.
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TABLE4 Reinforcement Learning Model: Results
(1) (2) (3) (4) (5) (6)
Difference in Valuation 0.09**
(0.02)
Difference in Valuation female politician 0.11**
(0.03)
Difference in Valuation e politician 0.07*
(0.02)
Valuationse"der issues Female politician 0.14* 0.12* 0.13* 0.14™
(0.04) (0.04) (0.04) (0.04)
Valuationseder isues Male politician 0.13* 0.13* 0.13* 0.13*
(0.03) (0.03) (0.03) (0.03)
Valuation®"" Female politician —0.08** —0.03 —0.06* —0.08**
(0.03) (0.03) (0.03) (0.03)
Valuation®"®" Male politician —0.03 —0.03 —0.03 —0.03
(0.03) (0.03) (0.03) (0.03)
Individual trend 5.52%*
(0.44)
Lagged DV 1.01**
(0.10)
Social influence —0.05
(0.86)
¥ (to calculate valuation) 0.07 0.07 0.07 0.08 0.07 0.07
Fixed effects
Politician Yes Yes Yes Yes Yes Yes
Month Yes Yes Yes Yes Yes Yes
Fit statistics
Squared correlation 0.57 0.57 0.57 0.60 0.58 0.57
Observations 18,482 18,482 18,482 18,482 18,482 18,482

Notes: Logistic regression of the share of tweets written on gender issues on the valuation of gender issues and other issues (see model in
Equation 9). AValuation is defined as the difference in valuation of gender issues and other issues. ¥ is the estimated updating parameter
used to calculate issue valuations. All regressions use cell-size regression weights, i.e., number of tweets published by politician i in month
p (Nj,). Standard errors are clustered by politician: Tp < .15 *p < .05; **p < .01.

Estimation results are reported in Table 4. Model 1
corresponds to Equation (9). The combination of a pos-
itive coefficient for the valuation difference AV and
the positive valuation updating weight y reveals that

an increase in feedback to gender-issue tweets is asso-
ciated with an increase in attention to gender issues. A
one-unit increase in the difference in valuation between
gender issues and other issues is associated with an



12

average marginal increase in attention to gender issues of
7.7%.” We interpret this as a substantial effect given that
our fixed-effect specification likely leads to conservative
estimates since it focuses on within-politician, within-
month variation.

In Model 2, we examine the difference in how female
and male politicians learn from feedback by introducing
separate valuation-difference coefficients for female and
male politicians. We denote by A Vj,r the valuation dif-
ference if politician i is female and AV, if i is male.
Estimates reveal that politicians of both genders are re-
sponsive to valuation differences. The weighted average
marginal effect implies that an additional standard de-
viation in valuation difference (++1A V) increases female
politicians’ attention to gender issues by 8.3% (1.00 per-
centage points) whereas male politicians’ issue attention
increases by 6.8% (0.25 percentage points). The differ-
ence between these two estimates is not statistically sig-
nificant (p > .1).

Two mechanisms could explain why the valuation
difference might affect issue attention. An increase in
feedback for addressing gender issues could motivate
politicians to talk more about them or an increase in the
feedback for addressing other issues, diminishing AV,
could crowd out attention to gender issues. We separate
these two mechanisms in Model 3. We find evidence for
both mechanisms, but effect sizes differ: the positive ef-
fect size for the valuation of gender issues is larger than
the negative effect size for the valuation of other issues.
This suggests that crowding out is of secondary impor-
tance. Again, we do not find significant differences be-
tween female and male politicians (p > .1).

We report robustness checks in Appendix E, p. 14,
in the online supporting information. Our main results
persist when controlling for politician-specific trajecto-
ries in issue attention, serial correlation, or peer effects
(Model 4, 5, and 6 in Table 4). They are also robust to
alternative specifications that employ different feedback
measures (based on likes, replies, or a retweet-based feed-
back measure with no within-politician normalization),
a different time period to compute issue attention (weeks
instead of month), a different weighting scheme of ob-
servations, or a more substantive reference category in-
stead of “other.” We do not find statistically significant
differences in responsiveness between female and male
politicians in any of the specification (always p > .05).

7To account for differences in the number of tweets across months,
we weight for the number of tweets written in a month (Nj,)

when calculating the average marginal effect (AME): AME =
P

N
i=1 p:

Nip(Logit(x 7 + %1 + t,) — Logit(0! + 0 + ,)).
1
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Finally, we conduct a placebo test by randomly swapping
politicians’ issue valuations with the feedback-based val-
uation of another politician of the same gender (male
or female), for the same issue, and in the same month.
Using another politician’s valuation leads to null results
across all specifications. Thus, the robustness checks con-
firm that politicians are responsive to feedback. Clearly,
politicians adjust their attention to gender issues in re-
sponse to the feedback they receive for their tweets on
this issue.

In the section entitled “Model,” we specified condi-
tions for feedback to contribute to a difference in atten-
tion to gender issues between female and male politicians
(Equation 6). The model most apt to this comparison is
Model 2 in Table 4 because it relies on differences in is-
sue valuations and includes separate responsiveness coef-
ficients for female and male politicians. Combining these
estimates with the estimates of the gender-issue feedback
advantage for female and male politicians (see Model 3
in Table 3), we obtain:

reA g = 0.11%0.28 > ryy A py = 0.07%0.16. (10)

The empirical evidence thus supports the claim that
the difference in the feedback female and male politicians
obtain in their interactions with citizens contributes to a
difference in attention to gender issues.

Mechanisms for the Difference in
Gender-Issue Feedback Advantage between
Female and Male Politicians

In this section, we report empirical tests of the three
potential mechanisms for the difference in gender-issue
feedback advantage discussed in the section entitled
“Differences between Female and Male Politicians.”

The Engagingness Channel. The “engagingness chan-
nel” posits that female politicians write relatively more
engaging tweets on gender issues compared to male
politicians. We measured how engaging is a tweet by pre-
dicting the retweet-based feedback solely on the text of
the tweet. For this, we trained a BERT model to predict
the feedback received by a tweet just based on its content.
Importantly, the model does not take any information
about the identity of the politician who published a tweet
as input. As such, the predicted feedback is a measure of
how engaging is a tweet, independent of the social cate-
gory of the politician who published it (including their
gender—see Appendix B, p. 8, in the online supporting
information).
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FIGURE 2 Gender-Issue Feedback Advantage between Female and Male Politicians and Tweet

Engagingness
(a) Feedback (b) Predicted Feedback (c) Feedback
(Baseline) (control for predicted feedback)

Female _ Female _
Politicians Politicians
Male _ Male _
Politicians Politicians
' \ ' ' . '
0.0 0.1 0.2 0.3 0.00 0.05

Gender issue
feedback advantage

Gender issue
predicted feedback advantage

Female _
Politicians

Male _
Politicians

010 015 020 0.00 0.05 0.10
Gender issue
feedback advantage

Notes: Panel (a) shows that the gender-issue feedback advantage is larger for female politicians than for male politicians (A"~
= 0.12**). Panel (b) shows that tweets by female and male politicians are similarly engaging (A~ = 0.02). We measured how
engaging is a tweet as the predicted feedback based on the text of the tweet. Panel (c) shows that the difference in gender-issue
feedback advantage between female and male politicians remains almost the same when controlling for predicted feedback (AT~

=0.11"*). Black bars represent 95% confidence intervals.

Consider the difference in predicted feedback for
gender-issue tweets and tweets on other issues. We call
it the “gender-issue predicted feedback advantage.” If the
“engagingness channel” operates, we expect this differ-
ence to be larger for female politicians than for male
politicians.

Furthermore, we expect the gap in gender-issue feed-
back advantage between female and male politicians
would disappear once we control for how engagingly
tweets are written.

Figure 2 describes the key results based on model
estimations reported in Table SI7.7 in the online sup-
porting information; Models 2 and 3. Panel (a) reports
the gender-issue feedback advantage for female and male
politicians according to the baseline model (Model 3 in
Table 3). Panel (b) shows that whether the politician is
female or male hardly affects how engaging is a tweet: the
average predicted feedback is almost the same for tweets
of female and male politicians. Finally, panel (c) shows
that the difference in gender-issue feedback advantage
is almost the same when controlling for predicted feed-
back as with the baseline model. These two findings im-
ply that predicted feedback does not explain the difference
in gender-issue advantage.

In ancillary analyses, we use stylistic features as an-
other measure of how engaging is a tweet. We code
for sentiment (from negative to positive), the number
of words (tokens), hashtags, mentions, emojis, and if a
tweet contains a link or a graphic element (picture or

video) as alternative mediators. Model 4 in Table SI17.7
in the online supporting information shows that the co-
efficient of the interaction term, B, remains similar
to that obtained in the baseline model when controlling
for stylistic features. Hence, stylistic features do not con-
tribute much to the difference in gender issue advantage
(see Appendix G, p. 20, in the online supporting infor-
mation).

In conclusion, we do not find support for the “en-
gagingness channel.”

The Self-Selection Channel. The “self-selection chan-
nel” posits that Twitter users are more likely to provide
feedback to politicians of the same gender as them and
that female Twitter users are more likely to provide feed-
back on gender-issue tweets as compared to tweets on
other issues.

We first provide evidence for the hypothesis that
Twitter users are more likely to provide feedback to
politicians of the same gender. For this, we classified
retweeters as female or male by applying a name-
recognition algorithm to their Twitter username (see Ap-
pendix G, p. 21, in the online supporting information).
We find differences in the gender composition of Twitter
users who provide feedback to female or male politicians.
The average share of female retweeters is 4.7 percent-
age points larger for female politicians (see Figure 3a).
This difference holds for gender issue tweets (4+11.5
percentage points) and for tweets on other issues (+4.9
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FIGURE 3 Gender-Issue Feedback Advantage between Female and Male Politicians
and Gender Composition of the Set of Retweeters

(a)
Female
Politicians
Male
Politicians
' '
36% 38% 40% 42% 44%

Average share of female retweeters

Female .
Retweeters

Male _
Retweeters

0.0 0.1 0.2 0.3

Gender issue feedback advantage

Notes: Panel (a) shows that tweets from female politicians attract a larger share of female retweeters. Panel (b) shows
that female Twitter users more likely to retweet gender issue tweets. Black bars represent 95% confidence intervals.

percentage points). Hence, we find evidence that female
citizens self-select into interaction more with female
politicians.

To show that female Twitter users are relatively more
likely to retweet tweets on gender issues, we construct
the same reference-dependent standardized measure of
feedback as described in the section entitled “Measuring
Issue-Specific Feedback,” separately for female and male
retweeters. This allows us to analyze how female and male
retweeters react to gender-issue tweets versus tweets on
other issues. We find that the gender-issue feedback ad-
vantage is almost twice as strong among female Twitter
users compared to male Twitter users (see Figure 3b, and
Models 6 and 7 in Table SI7.7 in the online supporting
information).

In conclusion, we find evidence in support of the
self-selection channel.

The Congruity Channel. The “congruity channel”
posits that, when Twitter users decide whether to retweet
a tweet, their decision is affected by the interaction of
the gender of the politician who published the tweet and
the issue of the tweet, such that users are more likely to
retweet a gender-issue tweet if it was published by a fe-
male politician rather than a male politician, even after
controlling for tweet content.

This mechanism differs from the “self-selection
channel” in that the latter focuses on the composition

of the audience of a politician whereas the “congruity
channel” focuses on the behavior of the audience mem-
bers. Accordingly, to test the hypothesis that the “con-
gruity channel” operates, we change the perspective from
the politicians to the Twitter user as the unit of analy-
sis. We assembled a sample of individual Twitter users
and their retweeting behavior. For each user u, we take
the set of tweets published by all politicians whom the
user followed and test if a given user is more likely to
retweet a tweet about gender if it was published by a
female politician. We include a series of fixed effects to
control for the general propensity of the user to retweet
gender-issue tweets and the user’s general propensity to
retweet a given politician—independently of the policy
issue of the tweet.

To be able to include these fixed effects, we focus
on users who follow multiple politicians. For computa-
tional reasons, we focus on a subsample of the most ac-
tive retweeters.® More specifically, we estimate the follow-
ing logistic regression:

retweet; , m = Logit(Bcram*GIL,xM; + GI,, X user,FE

(11)

~+politician; x user,FE + €; . m).

8We selected the 1,000 male and 1,000 female most retweeting
users and drew a 10% random sample of the tweets of the politi-
cians they follow. This yielded 4.4 million potential retweets.
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TABLE 5 Retweeting Probabilities by Gender of Politician
(1) (2) (3) (4)
Gender issues * Male politician —-0.11* —0.13**
(0.02) (0.02)
Gender issues * Male politician * Female user —0.14** —0.15**
(0.03) (0.03)
Gender issues * Male politician x Male user —0.09** —0.10**
(0.03) (0.03)
Predicted feedback 1.03* 1.03*
(0.01) (0.01)
Fixed effects
Gender issues * Retweeter Yes Yes Yes Yes
Retweeter * Politician Yes Yes Yes Yes
Fit statistics
Squared correlation 0.14 0.15 0.14 0.15
Observations 4,276,978 4,276,978 4,276,978 4,276,978

Notes: Logistic regression of the retweeting probability on the interaction of a dummy regarding the issue of the tweet (gender issues or
other) and the social group of the politician (male or female). Standard errors in parenthesis are clustered at the levels of the fixed effects

fp<.1;"p < .05 *p < .0l

The dependent variable retweet;, ,, is a dummy
equal to 1 if tweet message m published by politician i
was retweeted by user u. The main coefficient of interest
is the interaction between the politician being male and
the tweet being on gender issues, g Under the hy-
pothesis that the congruity channel operates, we expect a
negative coefficient.

We control for the average propensity of each user
to retweet tweets on gender issues by including a set
of user fixed effects interacted with the issue dummy,
GI,, x user,, and we control for all time-invariant as-
pects of the politicians—user interaction (general propen-
sity to retweet a given politician) by including a set of
politician-by-user fixed, politician; x user,,.

Estimation results are reported in (Table 5). In Mod-
els 1 and 2, the coefficient of the interaction term, B gy,
is negative and strongly significant. The marginal effect
implies that a given user is 9% less likely to retweet a
tweet on gender issues if it was published by a male politi-
cian. Models 3 and 4 reveal that the effect is similar for
female and male users (difference not statistically signifi-
cant, p > .05).

In summary, we find clear evidence for the “con-
gruity channel.”

Discussion

In this article, we advance the understanding of how
politicians interact with citizens on social media by
studying how the feedback that politicians obtain from
citizens affects their issue attention through the lens of
a reinforcement-learning model. We show that politi-
cians respond to feedback by adjusting issue attention
and that politicians from different social groups are ex-
posed to different feedback. Using gender as an impor-
tant case study, we demonstrate that female politicians
receive systematically more positive feedback from the
public when they address issues related to gender than
male politicians. Our analyses suggest that this difference
in feedback exists because citizens treat politicians dif-
ferently depending on their gender (“self-selection” and
“congruity” channels), and not because female politi-
cians approach the issue in a more engaging way. The
difference in feedback environments to which female and
male politicians are exposed leads them to focus on dif-
ferent issues.

Reinforcement learning allows politicians to be re-
sponsive, but only to the self-selected set of citizens who
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choose to interact with them. Being responsive to other
entities, such as the median voter, may be more desirable
from a normative perspective, but reinforcement learn-
ing is not conducive to responsiveness to such entities
because politicians lack information about the prefer-
ences of citizens they do not see and cannot perfectly ad-
just for biases in the feedback they receive. Of course,
politicians do not learn about public opinion between
elections only through interactions with the public via
Twitter or in other settings. They also rely on other strate-
gies such as opinion polls (Druckman and Jacobs 2006).
Yet, information about the average views of the pub-
lic is not available continuously and for all issues, while
the learning strategy we describe in this article is readily
available to politicians who want to test the popularity of
different issues. Uncovering when politicians rely on re-
inforcement learning versus public opinion polls or other
tools to form perceptions of public opinion is an interest-
ing avenue for future research.

Another relevant extension of this research would
consist in applying our reinforcement-learning approach
to study whether the rise of Twitter and social media has
increased polarization among politicians (Zhuravskaya,
Petrova, and Enikolopov 2020). Our results imply that
politicians shift attention to issues relevant to citizens
with whom they personally interact. Hence, if politicians
are frequently exposed to views from one extreme of the
political spectrum on social media while seeing less mod-
erate or opposing views, reinforcement learning could
contribute to polarization of politician’s discourse and
behavior. Our approach could be combined with ad-
vances in text-scaling methods to code the “extremity”
of tweets and study citizen-driven political polarization.

In the analysis of mechanisms, we demonstrate that
citizens treat men and women politicians differently
while we do not find any direct evidence that female
politicians write more engaging tweets. Even if we made
every effort to measure quantifiable differences in the
content and style of the tweets written by male and
female politicians, our analyses may have missed more
subtle differences. Specifically, a possibility worth fur-
ther investigation is that male and female politicians
frame gender issues differently and that such framing
differences affect citizens’ reaction to tweets.

The study of politicians’ behavior on Twitter is im-
portant in its own right since this behavior has real
consequences (Jungherr 2016). Still, an important next
step would study the extent to which feedback on Twit-
ter affects politicians’ offline behavior. Furthermore, we
suspect that the mechanism we study in this article
generalizes to any setting in which politicians interact
with an audience. The situation we describe, in which
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politicians can choose to talk about many different is-
sues but are uncertain about which issues are better re-
ceived, does not only exist in social media settings, but
is pervasive in political life. There are many instances
in which politicians can get impressions about which
statements fare well with an audience, such as through
the volume of applause in campaign meetings or TV
shows. Whether politicians respond to feedback in a
reinforcement-learning fashion in offline settings could
be tested empirically.

Finally, more work is needed to clarify the implica-
tions of our findings for the political representation of
historically underrepresented groups. On the one hand,
the stronger gender-issue feedback advantage for female
politicians strengthens the case for descriptive represen-
tation. Our findings imply that there would be less at-
tention to gender issues if there were fewer female politi-
cians. On the other hand, the mechanism we describe
could perpetuate group-based specialization and the rel-
egation of representatives from underrepresented social
categories to niche issues. We show that experiences in
social media push Spanish female representatives to spe-
cialize in gender issues. Such pressure is likely to exist in
other countries and to apply to other types of represen-
tatives, such as ethnic and racial minority representatives
or LGBT representatives. Future work should aim to un-
cover if the differences in the feedback environments of
politicians from different social categories affect their po-
litical careers.
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