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Abstract

Expressing opinions on social media has become a standard form of participation in the
political process, but we know little about the factors that shape it. In this paper, we investigate
the role of social context. Decades after the development of the canonical “Spiral of Silence”
model, the public sphere has radically shifted toward a networked space mediated by social
platforms. We articulate a theory of conformity in social media expression and test it by
analyzing unique datasets linking U.S. survey respondents to their public Twitter accounts.
To measure political expression, we develop and validate a supervised classifier of tweet-level
ideology and apply it to respondents’ tweets and the tweets of people they follow. We find that
the ideology of Twitter followees’ tweets is predictive of respondents’ own expressed ideology
on Twitter, even after holding constant self-reported ideological predispositions. Our findings
offer the first real-world evidence of social conformity effects on social media and demonstrate
a powerful methodological approach for studying these dynamics.
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The individual expression of opinions and attitudes is not strictly an individual affair.

Consider, for example, the consequences of believing that witches do not exist, in the
context of a witch-hunting Puritan community.

Katz and Lazarsfeld, Personal Influence (1955)

1 Introduction

Social media is a window into people’s lives, a place where individuals spontaneously share their
thoughts and attachments. As such, it is a space for civically meaningful expression that collectively
defines a landscape of perspectives. This development has not evaded politicians and journalists,
who use these expressions to construct an understanding of public opinion, however distorted or
incomplete (McGregor 2019, 2020).

Citizens’ ability to speak their minds publicly, with potentially great reach, is a testament to
the empowering potential of social media (Tufekci 2017; Barberá et al. 2019). At the same time,
however, growing concerns from the public, policymakers, and academic researchers point to the
possibility that the very features enabling this communication might also fuel counterproductive
social dynamics. These include the spread of rumors and false news (Friggeri et al. 2014; Vosoughi,
Roy and Aral 2018), emotional contagion (Brady et al. 2017), and polarization (Bail et al. 2018).

What these and other pathologies of social media have in common is a pattern in which indi-
viduals’ online activity is at least partially a function of context. Thus for online expression, what
social media users say (or don’t say), and how they say it, may depend not only on their personal
convictions, but also on what others in their online social networks are saying. This observation
has major implications for how we understand the determinants of political expression, online and
offline (e.g., Katz and Lazarsfeld 1955). Further, such social influence dynamics, if confirmed,
would call into question a naïve interpretation of social media as an unfiltered record of people’s
opinions and beliefs, and cast doubt upon its use as a stand-in for survey data (e.g., Barberá 2016;
Beauchamp 2017; Posegga and Jungherr 2019; Nguyen et al. 2020).

Influential theories specify how fear of social sanction may cause people to censor their own
opinions. Noelle‐Neumann (1974) famously proposed a self-reinforcing “Spiral of Silence” in which
opinion minorities refrain from expressing their views, creating an illusion of conformity. A com-
plementary mechanism, preference falsification, posits that people actively endorse views that they
do not privately hold when they perceive themselves to be at odds with the majority (Kuran 1995).
Hampered by a lack of data, attempts to test these theories have, to date, relied on hypothetical
survey self-reports (e.g., Fox and Holt 2018), laboratory simulations (e.g., Carlson and Settle 2016;
Levitan and Verhulst 2016), and formal models (e.g., Bicchieri 2005). By focusing on social media,
we are for the first time able to test real-world social influence dynamics in a naturalistic setting.

Indeed, while they were developed to explain the pre-digital world, these frameworks parallel
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contemporary debates about self-censorship and opinion cascades on social media. These debates
reflect genuine concern: In a 2016 Pew Research Center survey, for instance, 64% of respondents
said they think users “refrain from speaking their minds about political issues on social media
out of concern that they will lose friends or get criticized” (Duggan and Smith 2016). Users’ own
admissions of online self-censorship have been documented across a variety of surveys conducted
over the past decade (Hampton et al. 2014; Kim 2016; Hoffmann and Lutz 2017; Neubaum and
Krämer 2018), especially amongst those who fear negative social feedback (Vraga et al. 2015; Chan
2018; Chen 2018; Fox and Holt 2018; Bäck et al. 2019).

Taken at face value, such logic leads to a puzzle: increasing self-censorship implies conformity
of expressed opinion, which contradicts clear patterns of polarization, both on social media and in
American society more broadly (Settle 2018). To resolve this seeming contradiction, we propose
a theoretical account that emphasizes the different “imagined audiences” that people hold in their
heads when deciding what to say online (Marwick and boyd 2011). We conceptualize these audiences
as comprising members of a social group, focusing specifically on the ideological subgroups that
increasingly structure Americans’ experience of mass politics (Mason 2018).

We then leverage new data and computational methods to study the extent to which the ide-
ological content of people’s political expression on Twitter is determined by their own ideological
self-placement (as measured in surveys) versus the ideological content of the tweets of people they
follow. To estimate the ideology of both subjects’ expressed tweet ideology and that of their Twitter
followees, we develop a supervised learning model trained on approximately 10,000 hand-labeled
tweets and apply it to over 40 million tweets collected from the accounts of respondents to two
nationally representative surveys and the accounts they follow.

We find that, even after controlling for “private” (survey self-reported) ideological affiliation,
the slant of individuals’ online political expression is significantly influenced by the slant of those
they follow. While we cannot completely rule out homophily as a potential factor, our findings
offer an important empirical regularity with implications for our understanding of public opinion,
online political expression, and social influence more broadly.

This paper proceeds as follows. In the next section, we briefly review the literature that provides
the building blocks of our argument. We then outline our theory and predictions. Next, we
introduce the data used in the study: a panel survey conducted by YouGov; a KnowledgePanel
survey collected by the Pew Research Center; Twitter accounts linked to respondents of both
surveys; and millions of scraped tweets from both those respondents and the accounts they follow.
We then outline our supervised tweet ideology classifier and how we aggregate its predictions to
individual-level measures of tweet (expressed) ideology and followee ideology. Finally, we present
regression results testing our main predictions and conclude with a discussion.
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2 The “Imagined Audience” on Social Media

Studying social influence over political expression on Twitter requires a clear understanding of how
Twitter users experience the platform as a social environment. Since public tweets are potentially
visible to anybody, traditional notions of “audience” do not directly translate to Twitter. Although
one’s “followers” constitute the most literal definition of a bounded Twitter audience, users are
not automatically aware of their followers’ views because of the directed nature of the platform’s
network ties: users must follow back their followers if they want to receive their tweets. As a result,
while followers may constitute a literal audience, they are not necessarily a salient one.

Given an arbitrarily large potential audience and a hazy view of direct followers, Marwick and
boyd (2011) find that Twitter users resort to a variety of strategies for constructing their “imagined
audience,” often basing their assumptions about this audience on the accounts they follow: their
followees.1 We therefore consider followees as the most salient reference point for users’ “imagined
audience” and in subsequent analyses interpret followees as the proximate source of influence over
users’ tweeted political expression. Followed accounts are also role models in the sense that they
often express perspectives that following users agree with: see, e.g., Eady et al. (2019) for evidence
of homophily in following patterns of political elites (although less so for the accounts of media
outlets).

When, as is often the case, followed accounts have more followers and receive more engagement
than the user who follows them, they can implicitly model the forms of expression that a following
user would want to imitate in order to receive more likes and follows for their own accounts. In
a recent experiment demonstrating this logic, Yang, Qureshi and Zaman (2020) find that when
followed by a like-minded bot, Twitter users who followed back — thus placing the bot squarely
within their hypothesized “imagined audience” — gradually appeared to change their expressed
views related to immigration in the direction of the bot’s own gradually shifting positions on the
topic.

Next we describe how ideological groups serve as particularly salient imagined audiences on
Twitter for individuals expressing themselves politically.

3 Identity, Ideology, and Expression on Social Media

We build on prior work, extending the conception of partisanship as an expressive identity to
ideological groups (e.g., Huddy, Mason and Aarøe 2015). It is now commonly accepted that par-
tisanship acts as an identity, not only in the sense of group attachment (Campbell et al. 1960)
but also as a mode of self-categorization determined by self-perceived match between self-image
and party image (Green, Palmquist and Schickler 2002). It is well-established that partisans desire

1As one of that study’s participants said, “I think I write to the people I follow and have twittered something
recently” (Marwick and boyd 2011, p. 118).
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consistency with their party (e.g., Groenendyk 2013) and adopt the positions espoused by their
party on most topics, largely irrespective of whatever their own prior views might have been (e.g.
Lenz 2012).

Ideology, by contrast, has traditionally been interpreted as a core value system, reflecting fun-
damental predispositions, possibly constrained by a knowledge of “what goes with what” (Converse
2006; Luskin 1990; Haidt, Graham and Joseph 2009; Jost, Federico and Napier 2013). The concept
of ideological identity, however, is not new. Conover and Feldman (1981) conceptualized “liberal”
and “conservative” as labels with symbolic content independent of specific issue positions. Levitin
and Miller (1979) found that the mass public was able to apply ideological labels to parties and can-
didates, despite their established fuzziness regarding their issue content (Converse 2006). Recent
scholarship has extended this tradition, finding that identity-based ideology is far more predictive
of affective polarization than its issue-based counterpart (Mason 2018), somewhat resolving the
puzzle of how an ideologically innocent public could become so polarized (Iyengar and Westwood
2015).

Recognizing how ideology, too, can function as an identity raises questions about the ori-
gins of its issue content. Accumulating evidence suggests that identity precedes content: Malka
and Lelkes (2010) define ideological identity as a “readiness to adopt beliefs and attitudes about
newly politicized issues that one is told are consistent with the socially-prescribed meaning of
liberal-conservatism,” and report evidence that this identity motivates cue-taking independent of
an individual’s substantive political values (see also Groenendyk, Kimbrough and Pickup 2020).
This mirrors recent research finding that partisan cue-taking is most prevalent among people with
strong partisan identities (Bakker, Lelkes and Malka 2020). This motivates an expressive view of
ideology (e.g., Kahan 2013) in which people follow liberal and conservative norms because they
desire consistency with their in-group, and not necessarily because it is a low-effort heuristic (e.g.
Lupia and McCubbins 1998).

Far beyond passively following cues, moreover, there is reason to think that engaging in expres-
sion consistent with an identity can itself be constitutive of that identity (cf. Butler 1999). The
idea that interpersonal expression plays an important role in defining political views can be traced
at least as far back as the Columbia scholars, who studied it in great depth even as they lamented
the difficulty of collecting the “systematic inventory” of interpersonal communication necessary for
such research (Lazarsfeld, Berelson and Gaudet 1948, p. 13). More recently, Cramer Walsh (2004)
offers a detailed qualitative study of how small-group discussions produce the contents of political
identity: “Casual exchanges allow people to collectively give meaning to their social identities” (p.
42); “information conveyed in the group context [is] used to update or clarify one’s sense of self”
provided that “the other participants are people like oneself and thus ... knowledgeable sources of
information for how ‘one of us’ ought to view the world” (pp. 47-48). In other words, political ex-
pression in groups is central to the development, maintenance, revision, and sharpening of political
identities with attitudinal content. In this view, the in-group naturally serves as the primary point
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of reference for this process.

Historically, the construction of ideology has been undertaken by elites. Noel (2012) argues that
ideological norms have been constructed through expression by public intellectuals (or “coalition
merchants”) who, through their writings, arrive at new ways of packaging issues together. Today,
social media has granted broadcasting power to any citizen who chooses to open an account. It has
put the mass public in the position of editorializing on the day’s issues, castigating and praising
public officials, and defining in their own terms what is right and what is wrong. Although no
individual now holds the power to create and disseminate ideological norms, the aggregate public
does so on a daily basis.

The advent of social media also creates new opportunities for researchers to study public ex-
pression, documented more comprehensively than the Columbia scholars could have ever dreamed.
Yet to our knowledge, this is rarely how social media data are used in contemporary studies: Only
a handful of studies (e.g., King, Schneer and White 2017; Munger 2017a) have considered users’
own original expression as an important outcome in its own right. Where expression is used, it
is frequently interpreted as a direct expression of attitudes (e.g., Barberá 2016; Beauchamp 2017;
Posegga and Jungherr 2019; Nguyen et al. 2020; Yang, Qureshi and Zaman 2020) rather than a
distinct phenomenon.

4 Private Attitudes versus Public Expression on Social Media

Indeed there is good reason to believe that public expression does not mirror private attitudes,
and that the disjuncture between the two has important consequences. Noelle-Neumann’s (1974;
1991) concept of “the Spiral of Silence” posits that people have a “quasi-statistical sense” (1991, p.
256) of the distribution of public opinion in their society, and that people who perceive that they
hold a minority view on a particular topic tend to avoid expressing that view to others, out of a
fear of social sanction. Noelle-Neumann argues that when people self-censor a minority view, it
makes that view less visible to others, who therefore perceive it as an even smaller minority than
it actually is. Other people who hold that view, then, become even more hesitant to express it
publicly, which becomes a self-reinforcing cycle that, over time, makes minority opinions seem to
vanish.

Kuran (1995) considers the Spiral of Silence an inadequate description of minority opinion-
holders’ behavior: “In actual contexts people reluctant to publicize their disenchantments do not
just slip into silence. ... To make their efforts at preference falsification convincing, they tend
to take steps to affirm their support for the status quo” (p. 113). Kuran’s theory of “preference
falsification” supposes that people derive three kinds of utility from expressing a political preference
in public: the intrinsic utility one would experience from the enactment of an expressed policy
preference and gaining material benefits, the reputational utility of expressing that preference, and
the expressive utility or sense of integrity one experiences from expressing a preference that is close
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to one’s true preference.

Since expressing a preference has a vanishingly small impact on the probability of that preference
being enacted as policy, intrinsic utility has little influence over one’s public expression of views,
which is instead governed mostly by reputational and expressive utility. So, to the extent they can
stomach misrepresenting themselves, individuals find it prudent to publicly align themselves with
what they perceive to be the prevailing norms, creating a “spiral of prudence” (Kuran 1995, p. 113)
which leads to pluralistic ignorance — a false appearance of consensus that may obscure a large
number of dissenters, afraid to speak out. As Bicchieri (2005) argues, pluralistic ignorance occurs
most often when individuals engage in social comparison with others whose public signals are clear
but whose private motivations are obscure — conditions which characterize social media well.

There is accumulating evidence that these dynamics play out in some form on social media.
First, there is survey evidence in favor of an online “quasi-statistical sense.” For instance, Hampton
et al. (2014) find that social media users’ willingness to post their views about the Edward Snowden
leaks depended on the extent to which they thought their followers agreed with them. Fox and
Holt (2018) find that U.S. Facebook users’ willingness to post their views on racial discrimination
by police was powerfully inhibited by self-reported fear of social judgment and loss of friendships.

Alongside this evidence, a number of experiments have attempted to manipulate participants’
perceptions of online opinion environments. Those that have attempted to do so using textual
vignettes (e.g., Gearhart and Zhang 2014, 2018) have generally failed to find an effect. However,
manipulations using mock-ups find that perceptions matter: Several studies find a relationship
between the text of comments on mocked-up social media posts with participants’ perceptions of
others’ opinions or willingness to express their own views (Neubaum and Krämer 2017; Wu and
Atkin 2018; Woong Yun and Park 2011).

These findings suggest that social conformity may exert profound influence over what users
choose to say (and not say) on social media, yet to our knowledge, no studies have sought to
measure and describe this phenomenon in a real social media environment.

5 Hypotheses

We conduct an analysis of social influence over political expression on Twitter, using a dataset that
includes two attitudinal surveys and linked digital trace data from respondents’ public tweets as
well as a sample of tweets from the accounts they follow (Munzert et al. Forthcoming). To measure
the ideological character of these tweets, we develop a supervised learning classifier trained on
hand-coded tweets and use this classifier to predict the ideological content embedded in the tweets
of survey respondents and the users they follow. We then model respondents’ tweet ideology as a
function of both their private attitudes and their followees’ tweet ideology.

Our expectations are as follows. First, we expect to establish that users’ public political expres-
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Figure 1: DAG codifying expected relationships.

sion on Twitter is related to their private political predispositions as measured in surveys. This will
establish face validity for our tweet ideology classifier and illustrate the extent to which traditional
predictors explain variation in online political behavior.

Hypothesis 1 (H1): More liberal (conservative) individuals tweet more liberally (conservatively),
as measured by our classifier.

Next, we turn to the role of social context. A premise of our theoretical framework is that
self-categorization and public expression are distinct manifestations of ideology, both conceptually
and empirically. We expect that self-described ideology does not fully explain variation in public
expression, and that such expression is powerfully shaped by social influence. We expect that on
Twitter, the “imagined audience” sets the terms (literally) of political identity expression, and that
public expression by this social reference group — which we operationalize as followees’ tweets —
therefore explains a substantively and statistically significant amount of variation in users’ own
public expression, independent of their ideological self-categorization as reported on a survey.

Hypothesis 2 (H2): Individuals whose followees on Twitter tweet more liberally (conservatively)
are more likely to tweet liberally (conservatively) themselves, holding constant their own private
ideological predispositions.

Figure 1 summarizes these expected relationships in a directed acyclic graph (DAG). Although
this analysis cannot conclusively rule out homophily as a confounder of the relationship between fol-
lowees’ expression and individuals’ own expression, we expect to observe that users’ public political
expression exhibits substantial variation that is not explained by their ideological self-identification.

Finally, we pose a research question. Scholars continue to debate the existence of ideological
asymmetries in tendencies toward group conformity (Frimer, Gaucher and Schaefer 2014; Jost et al.
2018; Goldberg et al. 2020). Though the evidence to date is not definitive, we explore whether
differences between ideological subgroups can be found in our hypothesized relationships.

Research Question 1 (RQ1): Are self-described liberals whose followees tweet more liberally
likely to tweet more liberally themselves?
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Research Question 2 (RQ2): Are self-described conservatives whose followees tweet more con-
servatively likely to tweet more conservatively themselves?

6 Data and Method

The analysis draws on two datasets: one based on a YouGov panel survey mostly conducted in 2018
(see Munzert et al. Forthcoming), and another based on a 2018 Pew Research Center survey fielded
with Ipsos’s KnowledgePanel (Wojcik and Hughes 2019). Both surveys collected Twitter account
information from respondents who consented to share their public Twitter data, and their tweets
(and followees’ tweets) were collected for analysis.2 This follows established practices for linking
survey and digital trace data (e.g., Stier et al. 2019; Eady et al. 2019; Osmundsen et al. 2020). One
virtue of this approach is that respondents are directly asked for their consent to participate; we
make no effort to identify the social media accounts of individuals who do not provide a username.
This provides an opportunity for individuals to opt out of the study; evidence suggests that consent
is an important consideration for at least some social media users (Fiesler and Proferes 2018). By
providing respondents the ability to opt out and by maintaining their anonymity while analyzing
data, this study follows best practices in social media data analysis (Williams et al. 2017).

6.1 YouGov Sample

The YouGov dataset combines 7 waves of surveys (covering April 2018–April 2019) with public
tweets of respondents (who reported using Twitter and linked their accounts) and their followees.

The subset used in this analysis begins with 328 respondents with valid Twitter account infor-
mation for scraping. Between October 2018 and December 2019, approximately 1.1 million tweets
were collected from respondents’ accounts and approximately 22 million tweets were collected from
a sample of accounts they followed.3 Respondents were only included if the dataset contained at
least 10 tweets from their account and 10 tweets from accounts they followed. This leaves N = 287

users in the final sample.

Appendix A includes detailed plots of the distribution of key summary variables in this sample.
The users are predominantly White, with slightly more females than males, and a median age of
55. Users hold a range of educational statuses and family incomes and identify predominantly as
Protestant, Roman Catholic, or religiously unaffiliated. The modal employment status is full-time
employment, but the sample also includes a substantial number of retirees. Politically, the sample
skews left, with substantially more “Very liberal” than “Very conservative” identifiers and more

2In the YouGov survey, respondents were asked to authenticate a Twitter app that would automatically collect
their profile information. In the Pew survey, respondents could manually provide their Twitter usernames.

3First, a random sample of respondents’ followees was selected for scraping; then, since the volume of this scraping
task proved intractable, followees with 500,000 or more followers were selected for scraping on the basis that high-
follower accounts would be especially influential and their tweets more likely to be seen by respondents.
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“Strong Democrats” than “Strong Republicans.” The majority of users describe themselves as “very
interested” in politics.

6.2 KnowledgePanel Sample

The KnowledgePanel dataset consists of a single survey conducted between Nov. 21–Dec. 17, 2018.4

The survey invitation was sent to 7,850 likely Twitter users (based upon the vendor’s previous data
collection), of whom 4,829 responded. Of that set, 3,649 confirmed that they used Twitter and
3,293 agreed to provide a Twitter handle.

Before collecting tweets, we evaluated the apparent validity of handles by comparing Twitter
profiles with demographic information provided in the survey. All accounts belonging to organiza-
tions, institutions, international entities, and public figures are excluded from the analysis. Overall,
N = 2, 791 respondents (76% of those who provided any handle) provided a valid handle, according
to these criteria.

However, a much smaller share of users generated enough tweets (10) to reliably estimate their
ideological expression. We collected about 1.6 million tweets created at any point in 2019 from
these accounts, and about 20 million from a sample of followed accounts.5 We collected tweets
from users on a rolling basis beginning in November 2019. The analysis sample includes N = 995

respondents.

6.3 Tweet Ideology Classifier

To measure tweet ideology, we developed a text classifier tailored to this project. (The classifier is
discussed in detail in Appendix B.) Importantly, the classifier was trained solely on tweets from the
YouGov sample and only subsequently applied to the KnowledgePanel tweets. This “train/test”
split was done to mitigate the risks of overfitting and to ensure a robust analysis.

The text classifier was developed with the goal of measuring signals of liberal-conservative iden-
tity — that is, ideological identity in the sense of a social category, whose members seek mutual
affirmation, and so advertise their membership through public displays of group-prototypical be-
havior (cf. Turner 1991). Since the premise of our project was that this public identity expression
was related to, but meaningfully distinct from, private liberal-conservative affinity, we began by
drawing a balanced sample of 10,000 tweets from self-identified liberals, conservatives, and moder-
ates in the YouGov dataset. After excluding spam and duplicates, the annotation sample comprised
9,473 tweets.

4Weights for the survey were created by raking to estimated population totals, using both behavioral and demo-
graphic targets from a separate survey of U.S. adults (linked with their Twitter account data) fielded as part of Pew
Research Center’s American Trends Panel.

5Informed by our previous experience of scraping YouGov followee tweets, sampling of KnowledgePanel followees
selected accounts with 500,000 or more followers.
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These tweets were then annotated in triplicate by a group of highly skilled MTurkers, using the
annotation interface shown in Figure 2. This interface was specifically designed to capture overall
self-presentation in tweets rather than narrowly defined liberal-conservative political attitudes: we
instructed coders to “guess whether the person who wrote this tweet is liberal or conservative,” and
encouraged them to rely on any stereotypes they might consider relevant. Since this meant that
coders often applied the “Liberal” and “Conservative” labels with uncertainty, we also instructed
them to indicate whether they were “Sure,” “Not so sure,” or had “No idea at all.”

These triplicate ideology and sureness labels were processed (using a modified majority rule
procedure) into binary liberal/conservative and sure/not sure labels for model training. We then
trained two binomial lasso-regularized regression classifiers to predict the liberal/conservative (−1/+1)
labels and the sure/not sure (0/1) labels respectively, based on tweet text features, using cross-
validation to choose the optimal regularization tuning parameters λ. Tweet text was pre-processed
to remove punctuation, numbers, URLs, and standard English stopwords. The remaining terms
were stemmed and augmented with bigrams (adjacent terms combined and added as new features)
to capture meaning in two-word phrases.

This resulted in a fairly simple bag-of-words text classifier, which identifies certain terms as
predictive of liberal slant (e.g., “human,” “join,” “#imwithh[er]”), and certain terms as predictive
of conservative slant (e.g., “god,” “media,” “#maga”). To illustrate this, we plot term coefficients
of the ideology model in Figure 3 (the term coefficients of the sureness classifier are included in
Appendix B). The classifier is then able to predict the ideology label that a human coder might
give to a new tweet by identifying these meaningful terms, adding up their positive and/or negative
coefficients, and assigning a predicted ideology label according to the sign of this total.

Figure 2: Annotation interface for ground-truth data collection in Amazon Mechanical Turk.

10



−2 −1 0 1 2

Term Coefficients: Lib−Con Binomial

Term Ideology Coefficient

paul

join

israel
xnk

via

extra

just

girl

news
ago

extra_xnk

trump

shame

@joyannreid

@realjameswood

idiot_brought

next
thank

resid

help

anoth

good

futur

end

liber

#blunat

audit_fed

#maricopa

roy

health

town

roy_moor

black

live_peopl

@realdonaldtrump

democrat

leftist

narrat

immigrlaw

made

countri

ocasio−cortez

journalist

conserv

prohibit

daili_courag

@potus

@foxnew

@hillaryclinton

abl

comparison

pretti

sure

appli

name

stop

cemeteri

much

advantag

polic

shot

cop

grow

de

amazon_gift

exact

keith

stab

mani

@senatemajldr

video_game

@cernovich@jackposobiec

@tedcruz

still

relat

left

back
run

@washingtonpost

feel_sorri

fbi

god

seem_god

forc

@constitutionnat

#okla

via_@constitutionnat

copi

yesterday
rest

put

ass

citi

lol

revenu

world_seri

ha

@dpac

@dnc

buddi

friend

bad−ass

@saucercrabzero

illeg

pos

penc

amp

heart

breitbart
new_charg

@gop

@scottmgreer

send

@politico

@rudygiuliani

bed

go_bed

beyond

progress

credit

reveal

take_stand

islam

hotel

california

25th

everybodi

bridg

christian

studi

bee

border

southern_border

tx

illeg_alien

#nevertrumppic.twitter.com

chow

@saracarterdc

without

hell

@dineshdsouza

defens

east

folk

import

impeach

episod

solar

smart

moon

pope

smart_tv

box

legend

gop

dem

@ddale8

oregon

manufactur

@breitbartnew

via_@breitbartnew

hire

depend

hear

wife

five

like_@realdonaldtrump

#2a

depress

field

bronco

butcher

@citizenact

first_year

via_@citizenact

@flotus

can_imagin

lib

obama

irprogram

enforc

via_@youtub

media

fresh

buffoon

donald

yet

wall

garden

sinc

suspend

oil

shine

usa

propos

@moveon

mexican

@breitbarttexa

@ap

ahab

via_@breitbarttexa

secretari

york

@ripplestreetfun

pic

elder

#giveaway

awesom

prize

lauer

interrupt

presid_trump

obvious

@huffpostpol

burden

@bretbaier

@berniesand

nfl

@msnbc

thug

terrorist

muslim

@justinhendrix

arm

#nypd

attempt

8th

top

@laughingmistre1

father

jess

@weaselzipp

white_hous

via_@weaselzipp

pig

autism

#illegalalien

show_just

make_sens

cnn

y

cbs
@dcexamin

jail_time

hurri

#projectrunway

@thedailybeast

host

rand

rand_paul

sex

integr

requir

transgend

#imwithh

@senatordurbin

cat

vote_kavanaugh

truck

hillari

@chang

elector_colleg

tell

justic

supremacist

#care2

@mshannabrook

georg

peter

pari

via_@dailycal

tire

#antifa

target

tfp

#maga

tfp_student

@senatorcollin

counti

despic

secreci

#nevertrump

oklahoma

win_point

minimum

mike_row

trump_sign

sayin

past_time

sing

@mashabl

miss

@sallyalbright

angri

advic

sexist

salut

@vanityfair

float

technolog

favourit

michael

berni

rubio

trump_win

just_million

violat_law

vile

resist

prais

anyon_els

destroy

offens

loser

warn

order

via_@foxnew

@foxnew_app

welcom

metmsm

cancel

exist

lord

sell

info

soon

date

appeal_grant

wednesday

treason

tough

bitch

anim

shelter

@bearingarmscom

mix

via_@bearingarmscom

anybodi

weed

#livepd

suck

king

joe_biden

@mysterysolv

ulita

@seanhann_@tuckercarlson

donni

mexico

rino

reduc

#immigr

generat

governor

15−minut

articl

american_peopl

tens

walk

long_walk

veteran

huh

resign

soro

servic_agent

salari

help_trump

excit

bern

eleph

@gatewaypundit

phone_call

monday

loud

rhetor

charm

good_point

radic

time_got

standard

#fakenew

hysteria

commit_crime

appl

#natur

@mtracey

intellectu

need_fire

envoy

congratul

@aarmark

monster

print

divis

activ

@rashidatlaib

day_now

explor

weekend

trump_lie

@stefanmolyneux

thief

newslett

whether

horrid

prevent

damn

chang_world

@potus_@realdonaldtrump

patriot

pat

gone

#buildthatwal

english

zero

isi

potus

bush

@billmah

constitut

#boomersoon

shop

acosta

@pyramld

mall

@voxdotcom

wow_realli

#hillaryclinton

footbal

bless

god_bless

uscca

fail_build

ny_time

bill_clinton

fierc

can_look

jesus

peopl_like

like_better

#foxnew

senil

dream

@usatoday

said_great

im

gym

minut

human

wanna

philosoph

@therickydavila

human_right

adjust

root

@gtconway3d

band

realli_need

trump_believ

franc

swallow

@brianstelt

#thechew

rap

say_us

@twitchyteamjuli

@byronyork

sunday

coat

nobodi

bingo

gang

cup

guess_can

clown

airtim

orang

@speakerryan

greater

wh

#bluelivesmatt

#globalcitizen

abolish

vote_let

trailer

apolog

decent

@chrislhay
pray

@credomobil

#stopthetpp

@lindseygrahamsc

discret

via_@credomobil

#p2_#1u

3d

enter_chanc

march_order

@elespectador

china

chees

bargain

abbi

chihuahua−x

ancestor

donald_j

j_trump

@newtgingrich

@theblaz

stein

want_free

#thebachelorett

stomach

ta

#rackspac

settlement

defin

manag

capabl

earth

por

es

santo

@goicehog

@iastartinglin

line_via

plus_giveaway

@rhowardbrown

scientif

@realdonaldtrump_even

grader

spring

healthi

ceo
kit

sander_call

@occupydemocrat

via_@occupydemocrat

bibl

identifi

dont

abl_get

#netneutr

#women

uniron

gunmak

realiz

sight

cruelti

milwauke

vote_just

center

equal

canadian

franken

swamp

empathi

scream

neck

often

podcast

@thebeatwithari

sourc

can_call

bean

particular

obamacar

bang

believ_peopl

vote_republican

bitchi

want_someth

prophet

medicar

winter

go_away

#nascar

#fashionshow

#bchholidayextravaganza

douchebag

@rogerain

pleas_rt

england

island

econom

thehil

cactus

los

patient

somehow

love_@realdonaldtrump

roam

doctor

professor

@realsaavedra

nomine

teen

chang_channel

via_@nbcnew

#resist

clinton_foundat

radio

chart

adminstr

gap

korea

cathol

date_sport

locat

las

#pandora

constitu

offend

onto

#cooksvscon

quot

justic_dept

activist

denver

richard

drama

vote_trump

#moscowmitch

look_just

realli_mean

saga

threat
delet

@feministbiolog

household

@rbreich

gavin

#dwts

tear

tri_make

speci

artist

go_back

ive

want_ask

ask_candid

boston

@alternet

get_credit

chick

accur

tell_senat

dnc

perez

@truefactsst

art

reauthor

@newyork

prefer

mayo

@startribun

alcohol

via_@nypost

associ

stop_lie

organ

excit_see

say_fuck

hug

photoshop

noon

day_know

creativ

mill

die_via

@jonathanhoenig

lemm

@maddow

stewart

blast

compass

@warrendavidson

crusher

@pattonoswalt

#alternativefact

meal

describ

nephew

disenfranchis

northam

back_home

tradit

fame

rush

drag

accent

dakota

pipelin

predict

minor

time_day

full_crap

giant

bound

name_call

stop_mad

via_@reuter

astro

hear_can

tell_congress

subject_line

tarp

wilpon

stress

seen_video

today_got

@tyjohnsonnew

retain

histor

african_union

achiev

tri_hard

@quora_answer

aisl

cross_aisl

greatest_presid
#histstm

foster

oppressor

toxic

bong

sustain

show_true

@radiofreetom

ship

cruis

@betchaiwil

magic

#saneandsob

#onedayatatim

maga_hat

@tonyposnanski

virtual

non

presid_obama

climb

cut_now

mac

thank_servic

o'rourk

26th

@communism_kil
puerto

involv

slight

faster

#unlimitedcruelti

collabor

neil

@raemcnasti

dji

upgrad

tax_cut

ami

jacket

@libertynews_now

via_@libertynews_now

apart

journal

addict

resolut

big_news

@krassenstein

partner

@katyturnbc

wealth

make_america

olymp

chaotic

trump_nation

took_lot

lot_time

@rolandscahil

@mtaibbi

love_make

work_peopl

think_john

@trenchologist

realiti

antifascist

bastard

doj

easter

amnesti

unbias

wing

africa

ifb

@anncoult

deficit

#bds

sensit

@codepink

via_@codepink

support_presid

traffic

spent_hour

snyder

odd

@judgejeanin

feud

big_data

background

background_check

phd

trunk

us_said

travesti

@inboxdollar

firearm

galaxi

#neveragain

pretti_good

@realmuckmak

youtub_video

pretti_dumb

rioter

netflix

fest

ask_question

neutral

iot

#neverhillari

regret

@smithsonianmag

@pagesix

crawl_back

fuck_joke

sandwich

god_just

conduct

jet

conspiraci

kashmir

like_understand

one_import

foo

foo_fighter

tribun

@mollyjongfast

@nfl

social_skill

comic

instagram

recount

6th

kaepernick

instal

stand_strong

@genehack

memphi

greed

piti

thru

floor

@soapbox_atheist

spineless

first_ladi

levi

jare

butter

vocabulari

sc

@tribelaw

@cfkargentina

#evita

@comcast

subscrib

iowa_caucus

chuck

@rocki

struggl

civil_right

@govgaryjohnson

bipartisan

caller

@mariabartiromo

baron

@pjmedia_com

via_@pjmedia_com

premium

@onmogul

giggl

famili_member

hogg

@realdonaldtrump_go

new_jersey

lawsuit

gerrymand

enjoy_watch
stuck

pres_obama

sucker

think_make

watermelon

@tedtalk

samson

portrait

vibe

want_keep

just_get

video_watch

@jacquelyngil

delus

@agathachocolat

qualifi
peopl_need

jist

couch

amp_see

cuck

underground

@joshtpm

@algor

exhibit

earn_point

said_say

dysfunct

await

big_money

@libsinamerica

public_land

@thelastword

@cnnopinion

hustl

random

#draintheswamp

finger_amp

monsanto

kasich

@loudobb

#againsttrump

friend_mine

say_true

corker

#utah

@abcnew

@cbsnew_@nbcnew

vote_vote

icon

@theellenshow

id

warrant

past_hour

matt_ur

margaret

frazier

loyal

#hatecrim

soooooo

liberti

@msnbc_@abc

shall

worthless

basebal_ticket

reviv

well_worth

news_guardian

scent

#delusion

happili

@benshapiro

#confirmkavanaugh

turn_away

right_know

tax_return

soap

digit

gotta_kid

@actblu

old_white

glori

hillari_health

hope_trump

lot_fun

@realdonaldtrump_re

cattl

felix

dot

#racist

o.j

weiner

exempt

time_still

@thatericalp

reelect

hope_next

ballot_via

@gridassassin

time_get

drumpf

roommat

put_tv

naw

go_wait

carri_gun

jeffrey

michael_cohen

#nonettax

#firehann

jerusalem

veget

lame

warrior_cri

badass

white_nationalist

poison

corner

trumpkin

spiral

welcom_germani

slander

camp_american

starv

fanci

proven

#nfl

@demunderground

via_@demunderground

@billclinton

dumb_rock

@dangrazianoespn

email_show

fring

live_america

good_question

prescript

#mytwitteranniversari

@hillaryclinton_believ

@richarddawkin

sin

realli_believ

path

matti

#debat_#debatenight

just_hate

much_fun

marin

@realdonaldtrump_oh

hit_back

vaniti

white_man

peopl_believ

least_time

@chuckwendig

string

tv_tri

breast

nation_debt

comedian

answer_day

fuck_moron

perón

examin

@unknwnstuntman

may_liber

liber_white

tender

compet

korean

privat_school

admiss

narcissist

just_sign

tester

plea

evacu

five_children

guatemalan

guatemalan_boy

o_o

law_order

overnight

equat

can_equat

inde

peopl_give

rot

@jpodhoretz

obama_econom

pleas_speak

backyard

endors_trump

@johnjharwood

behar

jumper

amar

refus_particip

rooster

second_half

hippi

@chrismurphyct

stand_@chrismurphyct

kid_born

plutocrat

tillerson

might_think
#feelthebern

@vicenew

block_releas

sooooo

pretzel

earli_vote

site_via

@bettemidl
revers_amazon

obama_return

@tlstrayhorn

feel_need

trump_play

dismantl

hitler_brownshirt

mayb_like

grandpa

@classicfirearm

#ngo

sander_get

make_democrat

send_messag

twitter_follow

never_go

lose_pound

prosecutor

hater

slave−produc

homeless_man

gop_candid

traction

@realkaylajam_answer

earlier_just

#liberalismisamentaldisord

trumptrain

trump_concern

Figure 3: Term coefficients from liberal-conservative binomial lasso model. Terms with negative
coefficients (blue) are predictive of liberal slant, whereas terms with positive coefficients (red) are
predictive of conservative slant. Text size is proportional to term prevalence in the training corpus.

Despite its simplicity, this method of classification proved reasonably effective: the ideology
model demonstrated 66% precision and 56% recall for conservative tweets, and 61% precision and
70% recall for liberal tweets. The sureness model, meanwhile, identified high-sureness tweets with
85% precision and 62% recall. Reassuringly, these performance statistics compare favorably with
those of classifiers developed to predict the partisan affiliation of Twitter users (see Barberá 2016,
Table 3).

6.4 Aggregating Predictions and Face Validity: YouGov Sample

In order to characterize the overall ideological slant of survey respondents’ tweets, and the tweets
they could have been exposed to from their followees, we first applied both the ideology and
sureness models to the entire set of tweets from survey respondents’ own accounts, and the sample
of accounts they followed, and multiplied the ideology and sureness predictions together. This has
the effect of converting a tweet’s −1/+1 ideology label to 0 when the sureness classifier predicts
that a human would be unsure how to classify that tweet. This procedure results in three possible
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ideology values for each tweet: −1 (Liberal), 0 (Unsure), and +1 (Conservative).

Then, we created user-level average tweet ideology estimates by taking the average of the in-
dividual tweet predictions for all tweets available from each user (including low-sureness tweets on
the basis that this best reflects overall self-presentation and more accurately describes apolitical
users). To create aggregate tweet ideology estimates for users’ followees, we took the average pre-
dicted ideology of all tweets that each user could have seen by selecting tweets from accounts they
followed in periods when they followed that account.6

To assess the face validity of these aggregated ideology estimates, Figure 4 plots the distribution
of users’ own tweet ideology (panel a), and their followees’ tweet ideology (panel b), according to
their self-described ideology as reported on the survey. This analysis includes all (∼ 1m) tweets
from the YouGov respondents, and all (∼ 20m) tweets from accounts they followed. The results are
consistent with H1: Self-described liberals tweet things (and follow people who tweet things) that
the classifier considers more liberal than the corresponding tweets of self-described conservatives,
while self-described moderates tweet (and follow people who tweet) close to the center.

7 Main Results

To test our primary hypothesis (H2), we estimate an OLS regression of users’ tweet ideology on
users’ survey ideology and their followee tweet ideology. We estimate models using the pooled survey
and Twitter data from both the YouGov panel and the much larger KnowledgePanel dataset. The
text ideology classifier was trained on tweets sampled from YouGov dataset only, with no contact
with the KnowledgePanel dataset prior to this analysis. Likewise, the regression models were
specified using the YouGov data and were estimated on the pooled data with no modifications
(except where question response format necessitated adjustments in the robustness check discussed
in Section 7.1).

In the analyses presented below, the YouGov and KnowledgePanel measures of survey ideology
have been processed to aid comparability: The YouGov survey measured self-reported ideology on
a 5-point scale, taking repeated measurements over multiple survey waves, which we averaged and
rescaled to range from −1 (maximum liberal) to +1 (maximum conservative), matching the range
of our estimates of tweet ideology. The KnowledgePanel survey measured self-reported ideology
only once, on a 10-point scale, which was rescaled to the same −1 to +1 interval. This permitted
the same model specification to be used to analyze the pooled data.

6In the YouGov sample, followee lists were collected 4 times, between November 2018 and May 2019, and followee
tweets were included if they were tweeted by accounts on one of these followee lists during a window of time near
the date of collection of the relevant followee list (windows being defined by the period since the collection of the
previous followee list, or in the case of the first followee list, the previous 5 months). In the KnowledgePanel sample,
followee lists were collected only once, and followee tweets were included if they were tweeted by the accounts a user
followed after the creation date of the first of the relevant user’s own tweets in the dataset.
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Own Tweet Ideology
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Figure 4: Distribution of estimated tweet ideology for YouGov survey respondents’ own tweets
(panel a) and their followees’ tweets (panel b), grouped by survey self-described ideology: self-
described liberals (blue), self-described conservatives (red), self-described moderates (crosshatched).
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Figure 5: Pooled data comparison of users’ own tweet ideology (y-axis), own survey ideology (color),
and followees’ tweet ideology (x-axis).
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Table 1: Pooled Data: Own Tweet Ideology

Survey Followees Survey + Followees + Demographics
(1) (2) (3) (4)

Survey Ideo 0.082∗∗∗ 0.032∗∗∗ 0.035∗∗∗
(0.006) (0.007) (0.007)

Followee Tweet Ideo 1.158∗∗∗ 0.944∗∗∗ 0.963∗∗∗
(0.062) (0.076) (0.082)

Age −0.001∗∗∗
(0.0002)

Constant −0.008∗∗ −0.005 −0.003 0.047
(0.003) (0.003) (0.003) (0.031)

Observations 1,282 1,282 1,282 1,137
R2 0.134 0.214 0.228 0.246
Adjusted R2 0.133 0.213 0.226 0.231

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Coefficients suppressed for non-significant demographic controls: race, gender, education, income.

The results are consistent with H2: Figure 5, along with Tables 1 and 2, illustrate the regression
of users’ own tweet ideology (y-axis) on followees’ tweet ideology (x-axis) and own survey ideology
(color). Table 1 shows that both survey ideology and followees’ tweet ideology are statistically
significant predictors of own tweet ideology, that they explain a substantively important proportion
(more than 20%) of the variation in own expressed ideology (models 1, 2, and 3), and that this
finding is robust to the inclusion of demographic controls (model 4).

Table 2 is informative for RQ1 and RQ2. It shows that, when the sample is split into three7

categories according to self-described ideology (liberals, moderates, and conservatives), followee
tweet ideology explains far more within-subgroup variation in own tweet ideology than does survey
ideology. Indeed, when both survey ideology and followee tweet ideology are included in the model,
only the latter coefficient remains significant. When survey ideology alone is used to predict own
tweet ideology, its coefficient is only significant at standard levels for conservative respondents; for
moderates it is borderline significant, and for liberals self-described ideology is not at all significant
as a predictor of tweeted ideology.

Apart from differences in coefficient significance, it is noteworthy to observe the differences in
7The survey ideology scale (ranging from −1 to +1) was split into equal thirds, by designating as “liberals” all

respondents with survey ideology less than or equal to −.3334, designating as “conservatives” all respondents with
survey ideology greater than or equal to +.3334, and designating as “moderate” all respondents with survey ideology
between −.3334 and +.3334.
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the R2 statistic for models 1, 4, and 7: Followee tweet ideology accounts for approximately 8% of the
variance in self-described liberals’ own ideological expression, compared to 10% for self-described
moderates and 16% for self-described conservatives. If conformity is defined as the proportion of
one’s own expression that is explained by social context, we would conclude that conservatives
are nearly twice as likely to exhibit conformity in political expression as liberals. However, this is
only one way of operationalizing conformity, and followee tweet ideology is a strongly significant
predictor of own expression in all three groups. Further, it is important to note that our subgroup
sample sizes are small and that, despite our best efforts to train the classifier on a balanced sample,
we cannot completely rule out the possibility of differential measurement error across ideological
groups.

What these results show most clearly is that political expression is a distinct phenomenon
from political attitudes, even or especially within ideological subgroups of the American ideological
spectrum. What makes a liberal or conservative more or less outspoken appears to include social
context, and (at least sometimes) includes self-perceived ideological position, but much of the
variance in this quantity remains to be explained — an important goal for future research on
political expression.

These results are consistent with the hypothesis of social influence in ideological expression on
Twitter, although they are also consistent with other explanations. First, it is possible that the
similarity between own tweets and followees’ tweets is due in part to retweeting. However, retweets
constitute a substantively meaningful form of social influence built into the Twitter environment
which we argue should be included in this analysis.8

Second, the similarity could be due to homophily (McPherson, Smith-Lovin and Cook 2001).
However, the fact that the relationship between own tweet ideology and followees’ tweet ideology
persists when survey ideology is included in the regression indicates that the result is not merely
due to ideologues preferring to follow similar ideologues on Twitter. That being said, it remains
possible that the followee tweet ideology measure is simply capturing residual variation in survey
ideology not captured in survey responses. In future work, we plan to estimate latent ideology
based on issue attitudes to address this possibility.

Third, it may be the case that the correlation between own tweet ideology and followees’ tweet
ideology that remains after accounting for survey ideology is not ideological in nature. That is,
although the distribution plots in Figure 4 indicate that tweet ideology correlates with self-described
ideology, it may also capture factors other than ideology, such as topic, and it may be the case that
covariance in these non-ideological factors of own expression and followees’ expression is responsible
for the correlation observed after controlling for survey ideology. So these results are not conclusive
evidence of social influence over ideological expression on Twitter, but they are fully consistent with
that hypothesis.

8This result is robust to the exclusion of retweets in the YouGov data, but this robustness check has not yet been
conducted for the analysis of the pooled YouGov-KnowledgePanel dataset.
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7.1 Robustness Check: Perceived Agreement and Extremity

The third potential concern noted above — that the text classifier might, despite our rigorous
training procedure, be measuring substantively non-ideological text features — is a serious one.
The textual content of users’ tweets is likely to co-vary with that of their followees in any number
of dimensions; the theories of social influence discussed above are not limited to the political domain.
As such, the residual correlation between own expression and followee expression, which remains
significant after accounting for survey-reported ideology, could be interpreted as non-political. In
effect, the two tweet ideology measures may exhibit correlated measurement error or apolitical
covariance that we would not expect to be accounted for by self-reported ideology. This would
severely undermine our interpretation of social influence over public political expression.

To address this concern, we conduct an analysis that does not include followee tweet ideology,
and which thereby breaks any potential correlation in measurement error between own tweeted
expression and followee tweeted expression. In place of the followee tweet ideology measure derived
from our text classifier, we substitute a more proximal measure of users’ “imagined audience”: their
perceived political similarity to others in their Twitter networks, as reported on the surveys. We
then fold respondents’ own tweet ideology at zero, by taking the absolute value of this variable,
to construct a new variable which we interpret as “own tweet extremity.” We then regress own
tweet extremity on the survey-reported Twitter political similarity measures and a folded (absolute
value) transformation of survey ideology (as a measure of “self-described extremity”), to replicate
the main analyses described above with no risk of correlated measurement error. Since the YouGov
and KnowledgePanel questions differed in wording and response format, we present these analyses
separately.

The YouGov survey included the question, “Earlier you told us that you are on Twitter. What
proportion of the accounts you follow hold political opinions similar to yours (e.g., if you lean
left, how many lean left, too)?” and asked respondents to indicate their response on a continuous
percentage slider. Figure 6, panel (a) plots the relationship between perceived agreement and
own tweet extremity, and the associated regression line estimated in Model 1 of Table 3, showing
a significant positive relationship between perceived agreement and own tweet extremity. This
coefficient remains strongly significant when survey ideology extremity is included in Model 2, and
when political interest is included in Model 3 (although survey ideology extremity is no longer
significant when political interest is included).
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(b) KnowledgePanel Agreement and Extremity

Figure 6: Own tweet extremity and survey-reported perceived agreement with Twitter network, as
measured in YouGov (panel a) and KnowledgePanel (panel b) surveys.

As with the main analyses presented in the previous section, models were estimated on the
KnowledgePanel dataset only after they were specified and estimated using the YouGov dataset.
However, in this case it was necessary to adjust the analysis to accommodate a different question
structure. The KnowledgePanel survey included the question, “Now thinking about your friends
or people you follow on Twitter... Do most of the people you follow on Twitter have...” and offered
the response options, “Similar political beliefs to you,” “Different political beliefs from you,” “A
mix of political beliefs,” and “I’m not sure about their political beliefs.” Figure 6, panel (b), plots
own tweet extremity for users, according to their responses to this question. Model 1 of Table
4 shows that when “Similar political beliefs to you,” is designated as the reference category, all
other responses (“Different,” “Mixed,” and “Not Sure”) all have statistically significant negative
coefficients, reflecting that users who do not perceive their Twitter environment as like-minded are
significantly less extreme in their public political expression. When survey ideological extremity
(again, calculated as the absolute value of survey ideology) is included in Model 2, all coefficients
except “Different from you” (which contains few observations) remain strongly significant. Political
interest was not measured in the KnowledgePanel survey and so cannot be included in these models.

These results indicate that the social influence analyses are likely not driven by correlated mea-
surement error between the own- and followee-tweet ideology measures. Moreover, they demon-
strate that perceived homogeneity of users’ Twitter networks is associated with more extreme public
expression on Twitter. So, in addition to a robustness check, this analysis illustrates a significant ad-
ditional consequence of social influence: when the “imagined audience” is perceived as like-minded,
it may encourage the expression of more extreme political sentiments, independent of the strength
of users’ personal convictions.
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Table 3: YouGov Perceived Agreement and Own Tweet Extremity

Agreement +Survey +Interest
(1) (2) (3)

Perc. Agree 0.130∗∗∗ 0.120∗∗∗ 0.102∗∗∗
(0.033) (0.033) (0.034)

abs(Survey Ideo) 0.033∗ 0.024
(0.019) (0.020)

Political Interest 0.086∗∗
(0.033)

Constant 0.006 −0.007 −0.064∗
(0.024) (0.025) (0.033)

Observations 226 226 226
R2 0.064 0.076 0.103
Adjusted R2 0.060 0.068 0.091

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 4: KnowledgePanel Perceived Agreement and Own Tweet Extremity

Agreement +Survey
(1) (2)

Different from You −0.038∗ −0.033
(0.021) (0.021)

Mixed −0.033∗∗∗ −0.026∗∗∗
(0.008) (0.008)

Not Sure −0.044∗∗∗ −0.037∗∗∗
(0.010) (0.010)

abs(Survey Ideo) 0.030∗∗∗
(0.010)

Constant 0.099∗∗∗ 0.081∗∗∗
(0.006) (0.009)

Observations 992 992
R2 0.028 0.036
Adjusted R2 0.025 0.032

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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8 Discussion

This paper has presented a theory of social influence and a novel demonstration of this dynamic
in public political expression on Twitter. Our findings indicate that the political slant of users’
public tweets is conceptually and empirically distinct from the affiliations they report in attitudinal
surveys. This finding calls into question the common analysis of public tweets as a cheaper or
more convenient proxy for survey measures, but it also illustrates that public political expression
is a distinct phenomenon, worthy of study in its own right. Far from being a public register of
political attitudes, public expression is the product of a complex social process recognized by early
political behavior scholars (Katz and Lazarsfeld 1955) but only recently accessible in the form of
social media posts — thus far a largely untapped resource for studying expression as a political
behavior of significance.

Studying political expression on social media harkens back to earlier conceptions of public
opinion: a broader repertoire of actions and expressions that are unconstrained by survey response
options (Tilly 1983). While opinion researchers claim to map public priorities in a systematic
way, critics charge that this process “domesticates” opinion by failing to capture the intensity of
preferences and circumscribing political goals (Ginsberg 1986). Even the mode of public opinion
measurement — the survey — is fundamentally private. This results in a measurement program
that “treats the formation of public opinion as analogous to the vote choices made at polling places
on election day” (Sanders 1999, p. 268). Social media provide an alternative conception. Unlike
surveys, which treat all respondents as equals regardless of the degree to which they express political
opinions or actually shape the political process (Blumer 1948), platforms like Twitter allow those
who wish to convey ideological signals to their audiences unlimited opportunities to do so. In this
way, political behavior on social media provides a formally unconstrained mode for engagement.
However, as we have shown, powerful social constraints still exist online.

We demonstrate a method for analyzing this new data stream and find that public political
expression can be classified in terms of ideological identity categories using relatively simple mod-
els. Furthermore, we find evidence consistent with the hypothesis that users’ public expression is
powerfully shaped by their followees, independent of the political ideology they report identifying
with in attitudinal surveys. Finally, we find that users’ ideological expression is more extreme when
they perceive their Twitter networks to be relatively like-minded. These findings have important
implications for our understanding of political expression as a social and political behavior, of the
social construction of ideology, of political polarization broadly, and of the role of social media
platforms in restructuring basic social patterns into new forms.

The evidence we present in this paper advances our ability to study the social determinants
of political expression on social media. But since our data and methods are purely observational,
our findings do not support a causal interpretation. Additional research is needed to study the
causal mechanisms underlying the patterns that we uncover. For example, it may be possible to
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take advantage of natural experiments due to the suspension of high-follower political accounts.
Randomized experiments, both artificial and in the field, could also be designed to identify the effect
of exogenous changes to users’ following patterns (e.g., Bail et al. 2018). We hope our findings will
be generative for researchers interested in uncovering contextual dynamics on social media.

8.1 The Normative Implications of Social Influence

Social influence over public political expression has broad potential consequences, and therefore
our findings merit normative discussion. Indeed, influential theorists have described how public
preference falsification can hold entire societies under repressive authoritarian regimes (Kuran 1987)
and bind them in social arrangements that violate the true preferences of the majority (Bicchieri
2005). Clearly these are undesirable and anti-democratic outcomes.

We cannot dismiss the possibility that these social dynamics contribute to political polariza-
tion. We observe that network homogeneity increases expressed extremism, and other scholars
(e.g., Settle 2018) have theorized about how exposure to extreme expression on social media can
polarize. Other work (e.g., Munger 2017a,b) demonstrates that social influence can normalize (and
de-normalize) racist and other hateful speech online. If social influence leads people to express
extreme political sentiments, there is good reason to expect harmful consequences.

That said, our results do not show conclusive evidence that social media is politically harmful.
Even if social media does increase political polarization, it has also been found to increase political
knowledge among users (Allcott et al. 2020). To the extent that democracy functions well with
high levels of political engagement, increased ideological polarization may induce civic participation
(Hetherington et al. 2008).

Moreover, it seems highly unlikely that the specific form of social influence we analyze in this
paper is a new phenomenon attributable solely to social media platforms. On the contrary, norm-
consistent self-presentation is a prerequisite skill for the development of complex social structures
(Leary 1995) of the sort that give rise to political competition in the first place. Our analysis may
be modern in its methods and data, but its results likely reflect an ancient empirical regularity. We
therefore caution against alarmist interpretations of our findings, as we have yet to demonstrate
the circumstances under which these dynamics cause discernible harm. The fact that individuals
express sentiments in public that they might not register in private may reflect social solidarity
or norm adherence, rather than mindless conformity. Distinguishing these kinds of influence is an
important task for future research.
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A YouGov Survey Panel Composition

This section provides summary information regarding the composition of the survey panel, subset
to reflect only those respondents with Twitter data used in this analysis.

0

25

50

75

100

0 20000 40000 60000

co
un

t

Figure 7: Number of Own Tweets Collected

0

10

20

30

0 500000 1000000 1500000 2000000

co
un

t

Figure 8: Number of Followee Tweets Collected

30



0

10

20

30

40

25 50 75

co
un

t

Figure 9: Age

0

50

100

150

Male Female NA

co
un

t

Figure 10: Gender

31



0

50

100

150

200

White Black Hispanic Asian Mixed Other NA

co
un

t

Figure 11: Race/Ethnicity

0

20

40

60

N
o 

H
S

H
ig

h 
sc

ho
ol

 g
ra

du
at

e

S
om

e 
co

lle
ge

2−
ye

ar

4−
ye

ar

P
os

t−
gr

ad N
A

co
un

t

Figure 12: Education

32



0

30

60

90

F
ul

l−
tim

e

P
ar

t−
tim

e

Te
m

po
ra

ril
y 

la
id

 o
ff

U
ne

m
pl

oy
ed

R
et

ire
d

P
er

m
an

en
tly

 d
is

ab
le

d

H
om

em
ak

er

S
tu

de
nt

O
th

er N
A

co
un

t

Figure 13: Employment Status

0

10

20

30

Le
ss

 th
an

 $
10

,0
00

$1
0,

00
0 

−
 $

19
,9

99

$2
0,

00
0 

−
 $

29
,9

99

$3
0,

00
0 

−
 $

39
,9

99

$4
0,

00
0 

−
 $

49
,9

99

$5
0,

00
0 

−
 $

59
,9

99

$6
0,

00
0 

−
 $

69
,9

99

$7
0,

00
0 

−
 $

79
,9

99

$8
0,

00
0 

−
 $

99
,9

99

$1
00

,0
00

 −
 $

11
9,

99
9

$1
20

,0
00

 −
 $

14
9,

99
9

$1
50

,0
00

 −
 $

19
9,

99
9

$2
00

,0
00

 −
 $

24
9,

99
9

$2
50

,0
00

 −
 $

34
9,

99
9

$3
50

,0
00

 −
 $

49
9,

99
9

P
re

fe
r 

no
t t

o 
sa

y

N
A

co
un

t

Figure 14: Family Income

33



0

20

40

60

80

P
ro

te
st

an
t

R
om

an
 C

at
ho

lic

M
or

m
on

E
as

te
rn

 o
r 

G
re

ek
 O

rt
ho

do
x

Je
w

is
h

B
ud

dh
is

t

A
th

ei
st

A
gn

os
tic

N
ot

hi
ng

 in
 p

ar
tic

ul
ar

S
om

et
hi

ng
 e

ls
e

N
A

co
un

t

Figure 15: Religion

0

20

40

60

Very liberal Liberal Moderate Conservative Very conservative Not sure NA

co
un

t

Figure 16: Ideological Identification

34



0

20

40

60

80

S
tr

on
g 

D
em

oc
ra

t

N
ot

 v
er

y 
st

ro
ng

 D
em

oc
ra

t

Le
an

 D
em

oc
ra

t

In
de

pe
nd

en
t

Le
an

 R
ep

ub
lic

an

N
ot

 v
er

y 
st

ro
ng

 R
ep

ub
lic

an

S
tr

on
g 

R
ep

ub
lic

an

N
ot

 s
ur

e

N
A

co
un

t

Figure 17: Partisan Identification

0

50

100

H
ill

ar
y 

C
lin

to
n

D
on

al
d 

Tr
um

p

G
ar

y 
Jo

hn
so

n

Ji
ll 

S
te

in

E
va

n 
M

cM
ul

lin

O
th

er

D
id

 n
ot

 v
ot

e 
fo

r 
P

re
si

de
nt N
A

co
un

t

Figure 18: 2016 Presidential Vote

35



0

50

100

150

Very interested Interested Moderately interested Slightly interested Not interested at all

co
un

t

Figure 19: Political Interest

B Classifier Development

B.1 Ground Truth Training Data

To develop the current tweet ideology classifier, we began by developing a tweet annotation interface
for use with Amazon Mechanical Turk. The design of this interface reflected our substantive
perspective on the ideological information contained in tweets, and our need to make the system
as efficient as possible for crowd workers to use.

The initial attempt at designing an annotation interface was clunky and over-complicated (top
pane of Figure 20). It has been iteratively revised, resulting in the interface shown in the bottom
pane of Figure 20. This interface prompts the annotator to give both an ideology label and a
confidence level. Earlier versions of the interface incorporated a “Don’t Know” option into the
list of possible ideological labels, but this resulted in annotators choosing “Don’t Know” whenever
they perceived a tweet to be ambiguous, and thus failed to capture valuable information from
medium-confidence guesses. Still, it proved necessary to retain a “No idea at all” option, since
it was irritating to code truly ambiguous tweets without this option. We decided to set ”Not so
sure” as the default sureness response, for several reasons: first, we believed this was the modal
category, and therefore setting this default would reduce workers’ effort and fatigue; second, we
wished to normalize the expectation that most labels would be given with some uncertainty, so
that workers would not exaggerate or deprecate their confidence; third, setting this default makes
guessing (choosing an ideology, and leaving sureness at “Not so sure”) and abstaining (not choosing
an ideology, and selecting “No idea at all”) equally effortful, since both require one click/keystroke,
and therefore there is no implicit incentive to say “No idea at all” in order to save effort.
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Figure 20: Annotation interface for ground truth data collection in MTurk. First draft shown on
top; final draft shown on bottom. Spam question was dropped, because non-ML methods of spam
removal proved highly effective. Ideology label was simplified to a lib-con forced choice, because
in earlier versions too many workers indicated “moderate” or “don’t know” for tweets where an
ideological guess was possible – including these options implied that the task was to report ideology
only when it could be guessed with high confidence. Instead, a separate question, “Are you sure?”
was added, to measure confidence, and “Not so sure” is checked by default, since otherwise the
easiest (and thus the incentivized) response is to say “No idea at all” for each tweet. The question,
“In your opinion, is this tweet about politics?” was removed, since in this theoretical context,
responses to this question were deemed informationally redundant with “Are you sure?” responses.

Next, we needed to identify skilled workers to annotate future large batches of tweets. In order
to do this, we recruited from a set of 84 workers to annotate 50 tweets that we had already coded for
ground-truth ideology. We estimated worker ability using a two-parameter item response model.
We recruited the top-performing workers to annotate future ground truth tweets.

Third, we needed a valid sample of tweets to code for ground truth. To do this, we drew a
sample of 10,000 tweets from the set of tweets scraped from the survey respondents’ accounts. In
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order to prevent the most prolific users from dominating this set, sampling was weighted by the
inverse of the total tweets available for each user in the set. Since we abandoned the “Is this spam?”
element of the annotation interface, it was desirable to remove as much spam as possible from the
ground truth set. We achieved this by a combination of methods: prior to sampling, we excluded
several users who tweeted almost exclusively promotional content, and after sampling, we dropped
tweets containing any features that indicated promotional content (for example, “#sponsored”).
Dropping these tweets resulted in a set of 9,473 tweets, annotated by skill-qualified MTurkers using
the interface described above. This annotation set was published in batches of approximately 1,000
tweets during April, May, and June 2020.

B.2 Label Quality Assessment

In this section we analyze inter-rater agreement with respect to tweet ideology. Each of 2000 tweets
was assigned to three individual annotators recruited from a pool of 18 qualified workers (only 17
participated in the batches published thus far), so agreement is calculated as the proportion of
tweets for which all annotators who gave an ideology label (not NA) gave the same label. We omit
individual NA ideology labels cell-wise rather than row-wise. The latter, which is more standard
practice, would omit any tweets that had at least one NA label, but since two other annotators
labels are available for comparison in these cases, row-wise omission would discard valuable data.
Instead, we define agreement the number of tweets with multiple nondiscordant labels, divided
by the number of tweets with multiple labels. So, this includes cases where all three annotators
gave identical labels, and cases where one annotator gave no label (NA) and the other two gave
identical labels. Cases of disagreement are those in which at least one ”Liberal” label and at least
one ”Conservative” label exist for the same tweet. Cases where more than one annotator gave no
ideology label are excluded, since agreement is undefined. Agreement is calculated solely from the
ideology labels. Sureness is then used to subset the dataset to explore how agreement covaries with
sureness, shown in tabular form below.

It is standard practice to report agreement rates relative to the expected agreement rate if labels
were completely random. This would be relative to 50% when two workers give independent labels,
or 25% when three workers give independent labels. Since the present data includes a mixture of
2-fold coding and 3-fold coding, and this mixture will vary with each batch, we adopt a simulation
approach to illustrate the expected null distribution of agreeement. We draw simulated datasets
by replacing non-NA cells of the observed dataset with Bernoulli noise, and calculate agreement in
each of 100,000 simulated datasets.

In Figure 21, below, we plot the distribution of agreement under these null simulations, and
plot the observed agreement as a red line. Since agreement covaries with annotator sureness, we
present the agreement results by sureness subsets. For example, the first row corresponds to tweets
for which all three annotators said they were ”sure” of the ideology label they ascribed. The plot
shows 92% agreement, which is substantively high, as we would expect given the high level of
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sureness expressed by all three annotators. Agreement in this set is statistically distinct from the
simulated null distribution, which is centered at .25, because all tweets in this ”all sure” subset
received three ideology labels. This high-agreement subset accounts for 16% of the tweets in this
set of 2000 labelled tweets, as illustrated in the pie chart at center. Examples of tweets matching
this criterion are shown at right, truncated at 60 characters, and in most cases it is clear why
annotators felt sure of the ideology labels they ascribed.

39



Agreement

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

A
ll 

S
ur

e

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

M
os

t S
ur

e

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

A
ll 

N
ot

 N
IA

A

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

M
os

t N
ot

 N
IA

A

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

A
ny

 T
w

ee
ts

 w
ith

 >
1 

La
be

l

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

M
os

t N
IA

A
 b

ut
 >

1 
La

be
l

Proportion of Batch

All Sure

Most Sure

All Not NIAA

Most
Not NIAA

Any Tweets with
>1 Label

Most Not
NIAAMost NIAA

but >1 Label

<1 Label

Examples
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Figure 21: Inter-rater agreement on tweet ideology, subset by sureness
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Subsequent rows reflect less restrictive sureness criteria: ”Most sure” requires only that at least
2 of 3 annotators said they were ”sure” of the ideology label they ascribed. This includes ”all sure”
tweets as well (hence it accounts for a larger portion of the total dataset), although the examples
shown at right are chosen to exclude ”all sure” tweets and therefore illustrate the somewhat greater
ambiguity of tweets in this subset, reflected in the slightly lower agreement rate of 81%. ”All not
NIAA” includes tweets where all three annotators reported sureness greater than ”No idea at all,”
and therefore reflects a generally looser standard of sureness: any combination of ”sure” and ”not so
sure” is permitted. Note that ”most sure” is not a strict subset of ”All not NIAA” since the former
admits at least one NIAA, however this set still shows less agreement overall. ”Most not NIAA”
represents a further loosening of this criterion, which includes 61% of the dataset, in which we
observe 66% agreement. This agreement is still very distinct from the simulated null distribution,
but observe that this distribution is no longer centered at .25: annotators are instructed to ascribe
ideology labels, ”unless you have no idea at all,” and so the inclusion of tweets with at least one
NIAA sureness implies the inclusion of many tweets with only two ideology labels (the third ideology
label being NA), and this pulls the expected null agreement towards .5, which is the expected null
agreement for two-fold binary annotation. Note also that as a larger proportion of the dataset is
included in the analysis, the spread of the null distribution becomes tighter.

The bottom two rows of Figure 21 illustrate an unexpected annotation behavior. The annotation
interface instructs annotators to select NIAA when they cannot guess an ideology label, and yet
there are a substantial number of tweets that have >1 NIAA responses, and also >1 ideology
labels, indicating that some workers are giving labels even when they say they have ”no idea at
all”. Are these labels meaningful? The last row of the figure plots agreement for this subset of
tweets: those with more than one ideology label that also have more than one NIAA response. The
results indicate that there is a signal in these ideology labels, albeit a very weak one. An important
topic for subsequent analysis is whether annotators are using the NIAA response differently - it
is possible that some annotators’ ideology labels under NIAA are more informative than others’.
In the present analysis, we include ideology labels with NIAA sureness in the training set for the
classifier, but down-weight them relative to ”not so sure” and ”sure” labels. The next section
describes this procedure for processing labels into training data.

B.3 Processing Labels into Training Data

In order to transform triplicate labels of (binary -1/+1) ideology and (ordinal 0/1/2) sureness into
ground truth labels with which to train a tweet classification model, we use a modified majority
rule procedure.

To create ideology training data, we first multiply each worker’s ideology response by a binary
indicator for whether they indicated sureness greater than “No Idea At All” (NIAA). We do this
because some workers gave ideology labels with sureness of NIAA, and we consider these labels too
noisy to use to train a classifier. This procedure has the effect of converting low-confidence (NIAA)
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ideology labels to zeroes. Then, we reshape the column of triplicate ideology labels to a 9473-by-3
matrix, in which rows represent annotated tweets, and columns represent the three ideology codes
for each tweet. We then use a majority-rule procedure to create training labels, by calculating row
means for the matrix, and transforming negative means to -1 (liberal) and positive means to +1
(conservative). For tweets whose ideology labels average to zero (because workers indicated NIAA
and/or nonzero ideology labels cancel each other out), this procedure results in an ideology label
of 0 (neither liberal nor conservative).

To create sureness training data, a different modified majority rule is used: for each tweet, we
count the number of sureness labels greater than 0 (NIAA), and if this sum equals 3, we designate
this tweet as “Not all NIAA,” and give it a binary sureness value of 1. If the sum is less than 3,
this means that at least one worker said that they had “No idea at all” how to label ideology, and
we give that tweet a binary sureness value of 0.

This procedure processes triplicate labels for ideology and sureness into single-valued ideology
and sureness labels for each tweet, to be used in training a text classifier.

B.4 Classifier Training and Evaluation

In this document, we train and evaluate binomial Lasso models to classify tweets as liberal or
conservative, and predict how sure a human coder would be about this ideology classification.

The training data for these models come from hand-coded tweets sampled from the set of
all survey respondent tweets scraped, subset to exclude accounts that tweet (almost) exclusively
promotional content, with sampling weights defined for each user inversely proportional to total
tweets available per user (to avoid having the training set dominated by tweets from the most
prolific users). A total of 9,473 tweets were annotated (threefold, by 3 different coders drawn
from a set of 18 qualified workers) in a custom-designed interface, which asked coders to assign
a liberal/conservative label to each tweet, and indicate a level of “sureness” regarding this label
(“Sure”, “Not so sure”, “No idea at all”).

First, we load in ground truth training data, previously processed from triplicate human coding
for ideology and sureness. Next, we preprocess the text of tweets in the ground truth set, and save
the feature names to allow corresponding featurization of tweets to be classified using these models.
The preprocessing regime implemented below removes punctuation, numbers, and URLS. Bigrams
are created based on stemmed features, and the feature names are saved to facilitate corresponding
featurization of the classification set in subsequent analyses.

B.4.1 Ideology Classifier (Binomial Lasso)

To predict ideology expressed in tweets, we train a binomial Lasso model to predict whether a
tweet author is expected to be Liberal (-1) or Conservative (+1). First, we select the binary lib-

42



eral/conservative labels as the outcome of interest, drop excess liberal-labelled tweets to balance the
training set, and drop non-ideological tweets (which were designated the value 0 during preprocess-
ing). We subset the DFM to correspond to this selection procedure. We then train a cross-validated
binomial Lasso model to predict these labels, with no intercept. To evaluate the model, we plot
term coefficients in Figure 22. Text size is proportional to feature prevalence in the training corpus.

Figure 22: Term coefficients from liberal-conservative binomial lasso model

Since cv.glmnet() doesn’t provide specificity or recall performance metrics, we retrain the Lasso
on 3/4 of the data, and test performance on the remaining 1/4. Note that since the Lambda
was chosen by CV using data included in the test set created below, this is not a *true* train-
test evaluation. We create a test set, and generate predictions. The classifier shows a leftward
misclassification bias:

• Conservative Precision: 66%
• Conservative Recall: 56%
• Liberal Precision: 61%
• Liberal Recall: 70%
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True
L C

Predicted L 35% 22%
C 15% 28%

Table 5: Liberal-Conservative Confusion Matrix

Figure 23: Histogram of test set predicted classes from ideology classifier.

B.4.2 Sureness Classifier (Binomial Lasso)

We train a binomial lasso model to predict “sureness”, based on a training set of binary indicators
for whether the majority of 3 human coders said they had “no idea at all” (NIAA) about the
ideology of the author of a tweet (0), or whether a majority indicated more than “No Idea” level
of sureness (1)

Term coefficients and full-data predicted response values are plotted. Note spammy text features
with negative coefficients, political features with positive coefficients. Note that this model does
include an intercept, and predicts “not sure” for most tweets. When applied to analyze user tweeting
behavior, this tendency to classify as “not sure” pulls users’ overall estimated expressed ideology
towards the center. This may be relaxed in revisions.
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Figure 24: Term coefficients from sureness binomial lasso model

• Most-Not-NIAA Precision: 85%
• Most-Not-NIAA Recall: 62%

True
Sure Not Sure

Predicted Sure 44% 19%
Not Sure 5% 31%

Table 6: Sureness Confusion Matrix

Figure 25: Histogram of test set predicted classes from sureness classifier.
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B.5 Face Validity of MeasureOwn Tweet Ideology
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Figure 26: Distribution of estimated tweet ideology for KnowledgePanel survey respondents’
own tweets (panel a) and their followees’ tweets (panel b), grouped by survey self-described ide-
ology: Self-described liberals (blue), self-described conservatives (red), self-described moderates
(crosshatched). Compare to YouGov-only distributions in Figure 4.Own Tweet Ideology
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(b) Followee Tweet Ideology

Figure 27: Distribution of estimated tweet ideology for pooled YouGov and KnowledgePanel
survey respondents’ own tweets (panel a) and their followees’ tweets (panel b), grouped by sur-
vey self-described ideology: Self-described liberals (blue), self-described conservatives (red), self-
described moderates (crosshatched). Compare to YouGov-only distributions in Figure 4 and
KnowledgePanel-only distributions in Figure 26.
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C Non-Pooled YouGov and KnowledgePanel Analyses
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(a) YouGov-only analysis
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(b) KnowledgePanel-only analysis

Figure 28: Non-pooled YouGov (panel a) and KnowledgePanel (panel b) data comparisons of users’
own tweet ideology (y axis), own survey ideology (color), and followees’ tweet ideology (x axis)

Table 7: YouGov-only analysis of own tweet ideology

Survey Followees Survey and Followees Demographics
(1) (2) (3) (4)

Survey Ideo 0.112∗∗∗ 0.037∗∗∗ 0.044∗∗∗
(0.010) (0.011) (0.013)

Followee Tweet Ideo 1.761∗∗∗ 1.458∗∗∗ 1.447∗∗∗
(0.108) (0.141) (0.151)

Constant −0.004 −0.007 −0.004 0.093
(0.007) (0.006) (0.006) (0.063)

Observations 287 287 287 268
R2 0.312 0.482 0.501 0.540
Adjusted R2 0.310 0.480 0.497 0.508

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 8: KnowledgePanel-only analysis of own tweet ideology

Survey Followees Survey and Followees Demographics
(1) (2) (3) (4)

Survey Ideo 0.069∗∗∗ 0.026∗∗∗ 0.028∗∗∗
(0.007) (0.008) (0.009)

Followee Tweet Ideo 0.983∗∗∗ 0.824∗∗∗ 0.830∗∗∗
(0.073) (0.088) (0.096)

Constant −0.010∗∗ −0.005 −0.004 0.026
(0.004) (0.004) (0.004) (0.035)

Observations 995 995 995 890
R2 0.089 0.155 0.163 0.185
Adjusted R2 0.089 0.154 0.162 0.164

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

48



Ta
bl
e
9:

Yo
uG

ov
-o
nl
y
an

al
ys
is

of
ow

n
tw

ee
t
id
eo
lo
gy

(s
ur
ve
y
id
eo
lo
gy

su
bg

ro
up

s)

—
—

—
—

Li
be

ra
ls

—
—

—
—

—
—

—
—

M
od

er
at
es

—
—

—
—

—
—

—
C
on

se
rv
at
iv
es

—
—

—
(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

Fo
llo

we
e
Tw

ee
t
Id
eo

1.
37

8∗
∗∗

1.
35

3∗
∗∗

1.
67

3∗
∗∗

1.
67

9∗
∗∗

1.
43

4∗
∗∗

1.
39

9∗
∗∗

(0
.3
09

)
(0
.3
12

)
(0
.2
52

)
(0
.2
65

)
(0
.1
85

)
(0
.1
88

)

Su
rv
ey

Id
eo

0.
04

7
0.
03

0
0.
13

1
−
0.
00

6
0.
10

6∗
0.
04

4
(0
.0
41

)
(0
.0
38

)
(0
.0
89

)
(0
.0
75

)
(0
.0
57

)
(0
.0
44

)

C
on

st
an

t
−
0.
03

5∗
∗

−
0.
05

3
−
0.
01

3
−
0.
00

5
−
0.
01

5
−
0.
00

5
0.
02

5∗
∗

0.
01

0
−
0.
00

5
(0
.0
15

)
(0
.0
33

)
(0
.0
32

)
(0
.0
10

)
(0
.0
12

)
(0
.0
10

)
(0
.0
13

)
(0
.0
43

)
(0
.0
33

)

O
bs
er
va
tio

ns
13

3
13

3
13

3
74

74
74

80
80

80
R

2
0.
13

2
0.
01

0
0.
13

6
0.
37

9
0.
02

9
0.
37

9
0.
43

6
0.
04

3
0.
44

3
A
dj
us
te
d
R

2
0.
12

5
0.
00

3
0.
12

2
0.
37

0
0.
01

5
0.
36

1
0.
42

9
0.
03

0
0.
42

9

N
ot

e:
∗ p
<
0.
1;

∗∗
p<

0.
05

;∗
∗∗
p<

0.
01

49



Ta
bl
e
10

:
K
no

w
le
dg

eP
an

el
-o
nl
y
an

al
ys
is

of
ow

n
tw

ee
t
id
eo
lo
gy

(s
ur
ve
y
id
eo
lo
gy

su
bg

ro
up

s)

—
—

—
—

Li
be

ra
ls

—
—

—
—

—
—

—
—

M
od

er
at
es

—
—

—
—

—
—

—
C
on

se
rv
at
iv
es

—
—

—
(1
)

(2
)

(3
)

(4
)

(5
)

(6
)

(7
)

(8
)

(9
)

Fo
llo

we
e
Tw

ee
t
Id
eo

0.
96

9∗
∗∗

0.
97

9∗
∗∗

0.
69

8∗
∗∗

0.
70

1∗
∗∗

0.
76

1∗
∗∗

0.
73

5∗
∗∗

(0
.1
69

)
(0
.1
71

)
(0
.1
46

)
(0
.1
53

)
(0
.1
51

)
(0
.1
53

)

Su
rv
ey

Id
eo

0.
00

6
−
0.
01

3
0.
05

2
−
0.
00

2
0.
07

6∗
0.
04

5
(0
.0
27

)
(0
.0
26

)
(0
.0
39

)
(0
.0
40

)
(0
.0
42

)
(0
.0
41

)

C
on

st
an

t
−
0.
01

5
−
0.
05

0∗
∗∗

−
0.
02

3
−
0.
01

2∗
∗

−
0.
02

1∗
∗∗

−
0.
01

2∗
∗

0.
02

3∗
∗

−
0.
00

00
3

−
0.
00

6
(0
.0
09

)
(0
.0
19

)
(0
.0
19

)
(0
.0
06

)
(0
.0
05

)
(0
.0
06

)
(0
.0
11

)
(0
.0
30

)
(0
.0
29

)

O
bs
er
va
tio

ns
42

1
42

1
42

1
35

8
35

8
35

8
21

6
21

6
21

6
R

2
0.
07

3
0.
00

01
0.
07

3
0.
06

0
0.
00

5
0.
06

0
0.
10

6
0.
01

5
0.
11

1
A
dj
us
te
d
R

2
0.
07

0
−
0.
00

2
0.
06

9
0.
05

8
0.
00

2
0.
05

5
0.
10

2
0.
01

0
0.
10

3

N
ot

e:
∗ p
<
0.
1;

∗∗
p<

0.
05

;∗
∗∗
p<

0.
01

50


	Introduction
	The ``Imagined Audience" on Social Media
	Identity, Ideology, and Expression on Social Media
	Private Attitudes versus Public Expression on Social Media
	Hypotheses
	Data and Method
	YouGov Sample
	KnowledgePanel Sample
	Tweet Ideology Classifier
	Aggregating Predictions and Face Validity: YouGov Sample

	Main Results
	Robustness Check: Perceived Agreement and Extremity

	Discussion
	The Normative Implications of Social Influence

	YouGov Survey Panel Composition
	Classifier Development
	Ground Truth Training Data
	Label Quality Assessment
	Processing Labels into Training Data
	Classifier Training and Evaluation
	Ideology Classifier (Binomial Lasso)
	Sureness Classifier (Binomial Lasso)

	Face Validity of Measure

	Non-Pooled YouGov and KnowledgePanel Analyses

