
Measuring and Understanding Parties’
Anti-elite Strategies

Hauke Licht, University of Innsbruck
Tarik Abou-Chadi, University of Oxford
Pablo Barberá, University of Southern California
Whitney Hua, University of Southern California
This article presents a new measure and analysis of parties’ anti-elite appeals. In order to measure parties’ anti-elite

appeals, we apply crowd-sourced coding, supervised machine learning, and novel cross-lingual transfer learning techniques

to parties’Twitter posts. Our dataset records quarterly estimates of parties’ anti-elite strategies for 20 countries between 2008

and 2021. Based on these indicators, we analyze whether parties’ anti-elite rhetoric reflects the potential costs and benefits

of this electoral strategy. We find that mainstream parties use anti-elite rhetoric less frequently when they are more likely

to be included in the next governing coalition. When challenger parties do well in the polls, they become more anti-elitist.

Our article not only contributes to the literature on democratic competition by introducing and applying a new measure

of anti-elite strategies, but it also outlines a novel, modular, and scalable procedure to measure party appeals using social

media posts.
The years following the global financial, economic, and
COVID-19 crises have seen a new phase of public re-
sentment toward political elites as well as increasing vote

shares for parties with anti-elite platforms. This type of rhetoric
is characterized by the use of sweeping claims that negatively
portray elites, defined to include not only politicians but also
media outlets, corporations, interest groups, etc. The politiciza-
tion of anti-elite appeals can be seen across the ideological spec-
trum as parties attempt to capitalize on people’s dissatisfaction
and frustration with “politics as usual.” The election of po-
litical outsider Donald Trump and the decision of the United
Kingdom to leave the European Union have generally been
interpreted as triumphs for movements protesting against
establishment politics. And in the current climate crisis, eco-
logical and left parties, too, increasingly voice general elite
criticism. For example, the Green Party of Canada (2019) ar-
gued that fighting climate change requires system change and
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accused established elites for blocking the required change
because “you can’t do that with the parties who have built and
maintained the old system.”These recent events and examples
highlight the significance of anti-elite rhetoric for political
competition in representative democracies.

Although research on anti-system, anti-elite, or populist
parties has strongly increased recently (Hunger and Paxton
2022; Zulianello 2020), so far, only little research exists that
examines the determinants of parties’ anti-elite strategies
(de Vries and Hobolt 2020; Kollberg 2024; Polk et al. 2017).
Anti-elite appeals are frequently associated with being a core
component of populism (Canovan 1999; Mudde 2004) but
have rarely been comparatively studied as a party strategy.
When researchers have analyzed populist or anti-elite parties,
the goal has usually been to identify anti-elite or populist
parties per se (e.g., Abedi 2004; Rooduijn et al. 2019) and not
to determine under what conditions parties’ positions tend to
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1. Similar treatments of anti-elitism can be found in the literature on
anti–political-establishment and anti-system parties (see Zulianello 2020).
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becomemore or less anti-elite focused (but see Polk et al. 2017).
However, the fact that we can categorize a party as populist
does not mean that it will always chose to emphasize anti-elite
positions. Likewise, parties that are generally classified as pop-
ulist may still employ anti-elite strategies under certain condi-
tions. We identify two main reasons why the strategic use of
anti-elitism by political parties so far is understudied. First,
we lack an encompassing theoretical approach to when and
how parties emphasize anti-elite positions. Second, we do not
have measures of parties’ anti-elite strategies that vary across
parties and time andwould thus allow us to empirically test our
expectations about this behavior.

In this article, we introduce a new measure of parties’ anti-
elite strategies based onTwitter data.We combine crowd-sourced
coding, supervised machine learning, and novel multilingual
transfer learning techniques to quantify the salience of anti-
elite rhetoric in the appeals of parties from20Western countries
between 2008 and 2021 at the party–quarter level.

We provide a novel framework for when parties should turn
to more anti-elite rhetoric. Anti-elite appeals can potentially
help political parties attract new segments of the electorate. At
the same time, they come with the risk of eroding support for
governments—something that might be very costly for parties
that expect to be part of a government coalition. Within this
framework, polling results thus send parties two different kinds
of signals. When parties go up in the polls, it is (a) a sign that
their strategy is working and (b) that they are more likely to
become part of the next government coalition. For challenger
parties—parties that have never been in government before
(deVries andHobolt 2020)—the positive signal of a successful
strategy should outweigh the potential risks. They should thus
use more anti-elite appeals. Mainstream parties, in contrast,
will reduce their anti-elite rhetoric when they have a higher
likelihood of being in the next government.

We use our novel granular indicator of parties’ anti-elite
appeals to test these expectations.We show that when challenger
parties gain in the polls, they use more anti-elite appeals. In
contrast, mainstream parties that have a higher coalition inclu-
sion probability (see Kayser, Orlowski, and Rehmert 2023) re-
duce their anti-elite rhetoric.

In this article, we make several contributions. First, we pre-
sent a new granular time-series cross-section dataset of parties’
anti-elite strategies that covers parties from 20 Western democ-
racies. Second, we contribute to the literature on the text-based
measurement of parties’ electoral strategies. We show that com-
bining established crowd-coding and supervised text classification
methods with methodological innovations such as annotation
modeling and cross-lingual transfer learning enables quanti-
fying the anti-elite strategies of parties from different countries,
for an extended period, and at a high level of temporal gran-
ularity. This should facilitate new research into questions that
had to remain unaddressed due to a lack of data or were limited
in their scope by the time frames of available expert surveys and
human-annotated party manifestos. In addition, by providing
and testing a novel theoretical framework on parties’ anti-elite
strategies, our article also contributes to better understanding
the ongoing transformation of party politics in advanced de-
mocracies. As politics are increasingly affected by anti-elite
sentiment, we show how political parties—the most important
actors in modern democracies—make strategic use of anti-elite
appeals.

PARTIES’ ANTI-ELITE STRATEGIES
Populism and anti-elitism
The electoral rise of anti-establishment parties and movements
as well as the spread and success of populism throughout Eu-
rope suggest that anti-elite strategies play a crucial role in
explaining the current transformations of European politics.
The anti-elite appeals of political parties have often been dis-
cussed in the context of a growing literature on populism. In this
literature, anti-elite rhetoric is considered a defining feature of
populist appeals, and scholars converge on this view irrespective
of whether they conceive of populism as a “thin-centered”
ideology (Mudde 2004), a worldview (Müller 2017), a discourse
(Hawkins 2009), a discursive style (Bonikowski and Gidron
2016; Jagers andWalgrave 2007), a discursive frame (Aslanidis
2016), or a communication strategy (Reinemann et al. 2019).
Mudde (2004), for example, emphasizes that populism conceives
“the people” and “the elite” as two monolithic, antagonistic so-
cietal blocks, denigrates the elite as “out of touch” and gen-
erally corrupt, and portrays their machinations as directed
against the interest of the people (see Canovan 1999). Likewise,
Aslanidis (2016, 1255) stresses that the portrayal of the elite as
an unaccountable minority that uses their power against the
popular will is a crucial element of populist discursive frames.1

Like populism, anti-elite rhetoric is oftentimes adopted by
political actors of diverse ideological persuasions (van Kessel
2015). Left-wing actors, for example, tend to base their elite crit-
icism on the distinction between capital and labor and thus
typically target economic elites, the rich and wealthy, and all
those that have control over corporations and multinational
enterprises (March 2011). In contrast, the prime target of anti-
elitism from the right is the “liberal elite” (Mudde 2007). Right-
wing actors’ enemies within the liberal elite may include anyone
who is associated with progressive attitudes, ranging from fem-
inists and left-wing politicians to vegans and hipsters. However,
right-wing actors also increasingly include the “mainstream
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media”; established institutions of liberal democracies, such as
the courts; and supranational institutions in this liberal elite.

Much work exists that defines parties as populist or anti-
establishment (Abedi 2004; Engler 2020; Rooduijn et al. 2019;
Zulianello 2020) but usually does not investigate anti-elite
appeals as a strategy that parties can use to varying degrees (but
see Kollberg 2024). In fact, as we show empirically later here, all
parties we examined use it to a certain extent. We seek to un-
derstand what explains this variation, which we theoretically
formulate as a function of the costs and benefits associated
with the use of anti-elite appeals, which in turn may vary in
systematic ways as a function of the party’s status and current
electoral success.

Understanding parties’ anti-elite strategies
A large literature has analyzed parties’ programmatic strategies
and has derived a number of behavioral patterns that result
from changes in their incentives and informational envi-
ronment. This literature has, for example, investigated if
parties react to changes in public opinion (Adams et al. 2004),
to election results (Budge 1994; Laver 2005), or to the success
of niche and challenger parties (Abou-Chadi and Krause 2020).
Generally, this literature postulates that by changing positions
and issue emphasis fromone election to the next, political parties
can change how they are perceived by voters. Although parties
generally stay true to their ideological core (Budge 1994) and
voters might be slow to update their perceptions of parties’
position (Fernandez-Vazquez 2014), the literature overall agrees
that parties systematically adjust their programmatic strate-
gies following a cost-benefit analysis of their electoral pros-
pects (Adams 2012).

Hence, in order to better understand parties’ anti-elite
strategies, it is necessary to analyze the opportunity structures
that affect the incentives that parties have to become more
anti-elitist. Anti-elite strategies will allow parties to attract voters
that largely base their voting decision not on policy preferences
but on a general sentiment of grievance against the elite. Studies
have indeed demonstrated that protest voting is an important
element of support for populist parties (van der Brug, Fennema,
and Tillie 2000). However, employing anti-elite strategies and
appealing to protest voters does not come without a cost. Anti-
elite appeals have the potential to erode support for specific
parts of democratic representation. In contrast to policy appeals,
parties need to take into account that anti-elite mobilization
might backfire in the future.

The costs associated with parties’ anti-elite strategies can be
derived from their double role of representing and governing.
As Mair (2013) has argued, parties face a dilemma of being
responsive to public opinion versus governing responsibly. This
dilemma has becomemore profound in a world that is strongly
economically and politically integrated. National governments
have less control over policy outcomes that affect their citizens.
Anti-elitism strongly mobilizes people based on claims that
elites are not responsive enough.Hence, anti-elitemobilization
potentially backfires when it increases citizens’ demands for
responsiveness but parties cannot deliver. In addition, parties
that have strongly competed on anti-elite messaging might
become less attractive coalition partners. Why would other
parties include a party in government that has contributed to
eroding the credibility of exactly this institution?

Context conditions will determine how parties weigh these
potential costs and benefits of anti-elite strategies. One reason
for this is that parties do not have perfect information about
electoral preferences. As a result, they may not fully know how
strongly their anti-elite strategies will resonate with the elec-
torate. Doing well (or poorly) electorally is the main signal that
parties can receive about the appeal of their strategies (Adams
et al. 2004; Budge 1994). When parties have electoral success,
it increases their incentive to double down on their existing
strategy (Laver 2005). In a world of nearly daily polling results,
parties will not only focus on election results per se but can take
into account how they are doing in the polls to adjust their be-
havior. Hence, when a party employs an anti-elite strategy and
does well in the polls, it should feel encouraged to further em-
phasize anti-elitism. On the other hand, doing well in the polls
is also an indicator that government participation becomes
more likely. Vote and seat shares are the prime predictors of
becoming part of a government coalition. From this perspective,
when parties see their polls rising, they also have an incentive
to tone down the anti-elite rhetoric. Anti-elitism might erode
the credibility of the government that they could soon be part
of themselves or it might reduce the probability of being in-
cluded in this government in the first place.

In order to understand which perspective is dominant for a
political party, we need to distinguish between challenger and
mainstream parties (de Vries and Hobolt 2020). Challenger
parties can be understood as parties that have never governed
before, while mainstream (or “dominant”) parties regularly al-
ternate between government and opposition. As de Vries and
Hobolt (2020) argue, successful challenger parties combine a
strategy of issue entrepreneurshipwith an anti-elite appeal. Anti-
elitism is a crucial part of a challenger party’s appeal as it keeps
mainstream parties from appropriating their issues. Chal-
lenger parties can be more credibly anti-elitist as they have
never been part of a government coalition before. For many of
these parties, it is also much less likely that they will join a
governing coalition. They are often ostracized by other parties
and even their own activists are not always necessarily interested
in becoming part of a government. Hence, when challenger
parties see their vote share rising in the polls, they should feel



2. Here we do not consider studies that measure populism without
explicitly capturing its anti-elitism subdimension (e.g., Hawkins 2009; Boni-
kowski and Gidron 2016).

3. Both surveys cover many Western and Eastern European party
systems (see also Engler et al. 2019).
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encouraged to double down on that strategy. The potential
costs that are associated with becoming part of a governing
coalition will matter less to them.

This is different for mainstream parties. As mainstream
parties have governed before, anti-elite strategies are less cred-
ible for them and should overall contribute less to their electoral
appeal. This is not to say that mainstream parties will never
employ anti-elite strategies or that they cannot do it success-
fully. It just means that anti-elitism plays a less important part
in their electoral strategy than for challenger parties. In addi-
tion, mainstream parties will anticipate much more what their
electoral strategy couldmean for government participation. That
potential trade-off between vote- and office-seeking strategies
is well-documented in the literature (Strøm 1990). When main-
stream parties see their expected vote shares rising in the polls,
this constitutes a strong signal that they aremore likely to be part
of the next government. Hence, when mainstream parties in-
crease their vote shares, they should become less anti-elitist.

MEASURING PARTIES’ ANTI-ELITE STRATEGIES
In order to test these expectations, we require a dataset that
fulfills four criteria. First, the dataset should record time-varying
measurements because purely cross-sectional data would not
allow analyzing how parties adapt to changing strategic incen-
tives. Second, the time series should be relatively granular because
a single data point for each electoral cycle per party is not suffi-
cient to observe the dynamic behavior we theorize. Third, the
time series should span several electoral periods so that we can
compare party behavior in different political configurations
within the same system. Fourth and relatedly, the datasets should
include measurements for parties from several countries so that
we can compare parties across electoral contexts.

Before describing the measurement strategy we adopted
to create such a dataset, belowwe briefly review existing studies
and data sources and outline why the indicators they provide
do not meet our needs.

Existing studies and data sources
In line with the literature on party behavior more generally,
there exist two different kinds of sources of anti-elite strategy
indicators: expert surveys and content-analytic studies. Among
expert surveys, the Chapel Hill Expert Survey (CHES) was the
first to include an anti-elite salience indicator (Engler, Pytlas,
andDeegan-Krause 2019; Polk et al. 2017). Since its 2014wave,
the CHES has included this item twice: once in the general
2019 wave and once in a 2017 flash wave. The Populism and
Political Parties Expert Survey (POPPA), conducted in 2018,
adds an alternative source of expert ratings of parties’ anti-elite
strategies (Meijers and Zaslove 2021). Among content-analytic
studies, measurements of parties’ anti-elite strategies are typi-
cally a “byproduct” of scholars’ efforts to quantify parties’ de-
gree of populism (see Hunger and Paxton 2022; Pauwels 2017).2

The majority of these studies have adopted a manual content
analysis strategy that relies on human coding to obtain these
measurements (de Raadt, Hollanders, and Krouwel 2004; Ernst
et al. 2017; Jagers and Walgrave 2007; Rooduijn, de Lange, and
van der Brug 2014; Zulianello, Albertini, and Ceccobelli 2018).
Others have adopted automated strategies like dictionary anal-
ysis (Gründl 2022; Oliver and Rahn 2016; Rooduijn and Pau-
wels 2011) or supervised text classification (Dai and Kustov
2022). The exception to these populism-centered studies is de
Vries and Hobolt (2020), who focused on how challenger
parties’ issue strategies relate to their anti-elite strategies.

Unfortunately, these studies and data sources do not provide
the granular time-series cross-national data we require to test
our theoretical expectations. On the one had, existing content-
analytical studies have a rather limited geographical and/or
temporal coverage. Most studies focus on parties in only one
country (Jagers and Walgrave 2007; Oliver and Rahn 2016; Re-
ungoat 2010). And studies with a broader geographic coverage
quantify parties’ anti-elite strategies only over short periods (de
Raadt et al. 2004; Rooduijn et al. 2014) or in relatively coarse
intervals (Ernst et al. 2017; Zulianello et al. 2018). The CHES and
POPPA expert surveys, on the other hand, have relatively broad
geographic coverage3 but provide either only cross-sectional
data (POPPA) or relatively short and temporally coarse time
series (CHES). Scholars thus currently lack the time-series data-
set necessary to study the dynamics of party competition on
the anti-elite issue.

We identify three methodological challenges that make mea-
suring parties’ anti-elite appeals hard. First, compared to other
facets of parties’ strategies, such as issue emphasis or position
taking, quantifying anti-elite rhetoric ismuchmore challenging.
Tapping into this dimension of party competition with content-
analytic methods is difficult because anti-elite discourse is
context-dependent (see Taggart 2000) and thus manifests in
many different expressions, tropes, and rhetorical figures in po-
litical text and speech. This implies that whether particular
instances of words like “corrupt” indicate anti-elite rhetoric
depends on the context in which they are used.

A second challenge that arises with cross-country studies is a
rapid increase of cases and very often a language barrier (Licht
and Lind 2023). Expert surveys and existing content-analytic
strategies for measuring parties’ anti-elite strategies commonly
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struggle with one or both of these challenges (Laver 2014). And
although dictionary-based strategies scale comparatively well
to large amounts of texts (e.g., Gründl 2022; Rooduijn and Pau-
wels 2011), adapting dictionaries to new country contexts and
languages is time-consuming and using machine translation
(MT) to speed up this process is error-prone (Proksch et al.
2019). These limitations arguably explain why most content-
analytic studies are monolingual and why established experts
surveying projects provide only relatively coarse time series.

A third challenge is generating granular and relatively long
time series of parties’ anti-elite strategies. Conducting expert sur-
veys more than every third or fourth year seems infeasible for
logistical and financial reasons (Laver 2014). Traditional text
data sources like partymanifestos are too infrequently published
to provide sufficient granularity. And using temporally more
granular text sources like parties’ press releases or their social
media posts presupposes a measurement strategy that is scal-
able to large text corpora. Given these conflicting demands, it is
not surprising that existing studies either focus on generating
long but relatively coarse time series (e.g., de Vries and Hobolt
2020; Rooduijn et al. 2014) or granular but relatively short time
series (e.g., Gründl 2022; Zulianello et al. 2018).

Our measurement strategy
Given the lack of suitable data sources and the difficulty of
the measurement problem, we developed a novel measurement
strategy to produce a granular time-series cross-national dataset
of parties’ anti-elite strategies. Our dataset covers parties with
parliamentary representation in 20 differentWestern European
and English-speaking countries4 between 2008 and the begin-
ning of 20215 and records quarterly estimates of the extent to
which parties rely on anti-elite rhetoric in their electoral appeals.

We conceptualize anti-elite rhetoric as statements that
negatively evaluate elites and/or their behavior and generalize this
criticism to a wider elite group or “the elite” in its entirety. Anti-
elite rhetoric is thus very similar to other attack behaviors like
“valence attacks” (Jung andTavits 2021) or negative campaigning
(Walter, van der Brug, and van Praag 2014) that may also in-
volve criticism of political elites. However, owing to its degree
of generalization, anti-elite rhetoric advances a much broader
criticism. The essence of this generalization is that it portrays
the elite as a homogeneous, ill-intentioned group of people.
Generalized elite criticism thus reflects the opinion that there
are no meaningful differences among members of the elite in
terms of their negative behaviors and attributes. This concep-
4. ThesecountriesareAustralia,Austria,Belgium,Canada,Denmark,Finland,
France, Germany, Greece, Ireland, Italy, Luxembourg, the Netherlands, New
Zealand,Norway, Portugal, Spain, Sweden, Switzerland, and theUnitedKingdom.

5. For more details, see sec. A of the data appendix.
tualization is in linewith the literature on populismdiscussed in
the Parties’Anti-Elite Strategies section that considers anti-elite
rhetoric to be a defining feature of populist appeals.

We designed a measurement strategy consisting of seven
steps (see fig. 1) that address these challenges. To produce gran-
ular party-level time series, we used parties’ Twitter posts as a
data source. We first compiled a list of the Twitter accounts of
parties in our sample and collected all their Twitter posts. To
facilitate valid measurement of parties’ anti-elite strategies from
these very short and linguistically varied documents, we decided
to rely on human annotation as primary input to our mea-
surement procedure instead of a dictionary. In the next step, we
sampled a subset of the tweets in our corpus and distributed
them—together with our custom coding scheme—to crowd
workers for human annotation. Crowd-sourced coding creates
substantial scalability and cost-efficiency advantages compared
with annotation by domain experts or trained coders (Benoit
et al. 2016). Yet, crowdworkers’ judgments likely vary in quality.
We hence applied a statistical annotationmodelingmethod to
aggregate our crowd-sourced coding into tweet-level labels.
These labels are in turn used to train a supervised text classifier.
To address the challenge of multilingualism, we applied novel
cross-lingual transfer learning strategies developed in the natural
language processing literature. Finally, we applied the resulting
classifier to all posts and aggregated the resulting predictions
into party–quarter estimates of parties’ anti-elite strategies.

It is important to emphasize that our measurement strategy
builds extensively on existing work in the quantitative text
analysis literature (see Grimmer and Stewart 2013). For example,
scholars have already used socialmedia texts to quantify parties’
electoral strategies (e.g., De Sio,DeAngelis, and Emanuele 2018),
and they often apply supervised classification (e.g., Barberá et al.
2021), crowd-sourced coding (Benoit et al. 2016), or a combi-
nation of these twomethods (e.g., Widmann andWich 2023) to
produce measurements for large corpora. Yet, to improve these
methods’ performance in multilingual social media texts, we
adopt methodological innovations like annotation modeling
and cross-lingual transfer learning.

We are not aware of existing research that combines these
components in the way presented here. However, we believe that
researchers can apply ourmeasurement strategymore broadly to
quantify other facets of parties’ electoral strategies. The crucial
steps in our measurement strategy are discussed in greater
detail below, wherewe describe howwe constructed our dataset.

The party tweets corpus. We first compiled a list of the
official Twitter accounts6 of the parties in our sample and
6. There are now many projects compiling and maintaining such lists
(e.g.,Göbel andMunzert 2022; vanVliet, Törnberg, andUitermark 2020).Where
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collected the tweets posted by these accounts during the
periods the respective parties were represented in parliament.

For parties that (re)gained parliamentary representation
during the period under study, we also collected tweets posted
by their accounts in the two years before their parliamentary
(re)entry. The resulting dataset contains a total of 786,763 tweets
by 204 different parties.7 We provide a detailed overview of
the parties and numbers of tweets per party included in our
dataset in sec. A of the Supporting Materials (SM).

Relying on the text of political parties’ Twitter posts allows us
to track changes in their anti-elite strategies at a high level of
temporal granularity across a broad set of actors and countries.
Several scholars have already leveraged this advantage to conduct
innovative research on intra-party politics (Castanho Silva and
Proksch 2022; Ceron 2017; Sältzer 2020), elites’ responsiveness
to public opinion (Fazekas et al. 2021), agenda setting dynamics
(Barberá et al. 2019; Gilardi et al. 2022), parties’ issue strategies
(De Sio et al. 2018), etc. Further, relying on social media has
considerable theoretical appeal. Social media has become the
main communication channel by which politicians issue public
statements, communicate with constituents, and attempt to
influence the public agenda. De Sio et al. (2018) also note that
social media both allows and incentivizes parties to adapt flex-
ibly to over-time changes in their political environments. As a
consequence, parties are more responsive to electoral incentives
7. We thank one of the anonymous reviewers for pointing out a few
accounts initially missing from our data. To address this gap, in May and
June 2023, we added the accounts listed in table S.3 in sec. A of the SM.
Because we added their tweets after our initial data collection, they were
not included in the data used to sample tweets for annotation.

we could not rely on existing lists, we searched on parties’ homepages or used
Twitter’s “list” feature (e.g., https://twitter.com/Congreso_Es/lists).
on these platforms than in their manifestos. This suggests that
parties’ social media communication is a nuanced trace of
their strategic maneuvering and thus a valid data source for
obtaining time-varying indicators of their electoral strategies.

Coding scheme design. Because we use supervised ma-
chine learning to quantify parties’ anti-elite strategies, we require
a sample of tweets categorized according to whether or not they
exhibit anti-elite rhetoric. For this reason, we designed a custom
coding scheme to collect such annotations from human coders.

Our coding scheme asks coders to determine for each
tweet (a) whether it contains or approves of criticism of the elite
and, if so, (b) who is the target of this criticism: a specific elite
actor or an elite group more generally? Coders could indicate
their judgment by selecting one of five different answer cate-
gories that combine these distinctions. To ensure that coders
made their decisions solely based on the tweet’s text, we pre-
sented themwith the text of tweets one at a time, omitted images
or other attached media, removed URLs and other hyperlinks
from the tweets’ texts, and did not reveal the account that posted
the tweet (see Ennser-Jedenastik and Meyer 2018).

Importantly, our coding scheme prompts coders to make
the crucial distinctions that characterize our conception of anti-
elite rhetoric outlined above. The first distinction determines
the presence or absence of any form of elite criticism. The
second distinction separates “specific” from “general” elite crit-
icism. The “specific” category includes narrowly targeted attacks
such as negative campaign messages or other commonly stud-
ied valence attacks (Jung and Tavits 2021; Walter et al. 2014).
The “general” category, on the other hand, includes broad-
brush, generalizing criticisms of “the elite.” In line with the
conceptualization presented above, we consider only the latter
to be indicative of anti-elite rhetoric. In the SM, sec. B.1, we
Figure 1. Flow diagram of our measurement strategy.

https://twitter.com/Congreso_Es/lists
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provide examples from our corpus that illustrate our distinc-
tion between “general” and “specific” elite criticism.

To ensure that the coding decisions our instrument elicits
are faithful to our target concept, we tested and evaluated dif-
ferent versions of the coding scheme, and in each round of
evaluation, we adapted our coding scheme to improve on its
previous versions. Further details are available in the SM, sec. B.

Crowd-sourced coding. We deployed our coding instru-
ment onAmazonWeb Service SageMakerGroundTruth, which
automates data allocations for annotation toMechanical Turk
(MTurk) crowd workers. Because MTurk crowd workers are
English-speaking, wemachine-translated all non-English tweets
sampled for annotation to English using Google’s Cloud Trans-
lation API before displaying them in the coding scheme.

Following an established best practice for crowd coding
(Ipeirotis et al. 2014), we collected six annotations for each
tweet. We decided on such a large number of annotations be-
cause SageMaker Ground Truth does not allow implementing
standard quality control measures such as prescreening or
continuous screening (see Benoit et al. 2016). However, the
quality of annotations affects the quality of labels and, thus,
supervised learning performance (Frenay andVerleysen 2014)
and, indirectly, the quality of resultingmeasurements.We thus
anticipated that we would need to remove a number of poor-
quality annotations before aggregating them into tweet-level
labels (see Hsueh, Melville, and Sindhwani 2009). Removing
such annotations, we found that the labels aggregated from
multiple crowd coding sets rival the quality of annotations
provided by trained coders in our application—corroborating
the finding by Benoit et al. (2016).8

To select tweets for crowd coding, we adopted a two-step
stratified sampling strategy that allowed us to purposefully
over-sample tweets likely to feature some formof elite criticism.
We adopted this strategy because, based on past literature
documenting the prevalence of anti-elite rhetoric in parties’
communication (e.g., Jagers andWalgrave 2007), we expected
that only a minority of the documents in our corpus would
feature generalized elite criticism.

Randomly sampling documents for annotation when oc-
currences of the target phenomenon are rare results in “class
imbalance,”whichmakes it more challenging to train classifiers
that reliably classify each label class (see Dai and Kustov 2022).9

Accordingly, we implemented measures to facilitate the label
8. See SM, sec. B.
9. In addition, stratifying our corpus by country when sampling tweets

for human coding helps avoid bias, because anti-elite rhetoric is context-
dependent and can be expressed using different phrases in different political
cultures.
class balance in our final annotated dataset. First, we distrib-
uted only tweets that would likely contain political content for
annotation, which we determined by applying a pretrained
supervised text classifier (Licht 2020).10 Second, we mitigated
repeated annotation of posts with very similar content by
clustering the remaining tweets into 500 groups based on their
multilingual embeddings and sampling tweets from all these
“strata.”11 This heuristic allowed us to facilitate the coverage of
our human-annotated sample relative to the underlying se-
mantic space of our corpus. Third, we repeated these methods
for stratified sampling in a two-step procedure. We first sam-
pled 3,270 tweets and distributed them for crowd coding. After
aggregating coding sets into tweet-level labels (see below), we
then used this sample to train a classifier (see the SM, secs. C.3
and C.4). In the second step, we restricted the population of
tweets eligible for sampling to thus-far unlabeled tweets this
classifier predicted to contain elite criticism. From this sub-
set, we sampled an additional 2,762 tweets and distributed
them for crowd coding. Our two-step stratified sampling
strategy resulted in a corpus of 6,032 human-coded tweets
with six annotations each.

Annotationfiltering and aggregation.Tobe able to train a
supervised text classifier in the next step, we needed to assign
one label to each tweet in this sample. We thus confronted the
problem of aggregating multiple annotations per tweet into
tweet-level labels (Chatterjee,Mukhopadhyay, andBhattacharyya
2019). The most common approach to aggregate coding sets
into labels in existing political and communication science
studies is to determine labels bymeans of plurality voting (i.e.,
assigning the label that is most frequent among a document’s
annotations; e.g., Benoit et al. 2016). However, our analyses
suggest that the crowdworkers that contributed to our task varied
in their commitment and ability to provide reliable judgments.12

This led to low average agreement among coders13 and meant
that taking every coding at face value—as the plurality voting
approach does—would have resulted in noisy tweet-level
labels. We thus first filtered low-quality annotations from our
coding data and then adopted an annotation modeling ap-
proach (see Passonneau and Carpenter 2014) to further mitigate
the negative impact of noisy annotations on the quality of post-
level labels. As a consequence, the labels we obtained by ag-
gregating the “cleaned” crowd coding sets strongly correspond
10. Elite criticism, like other negative political messages, was likely to
be deemed political by crowd coders. Including nonpolitical tweets in the
sample distributed for elite criticism coding would have inflated the class
imbalance problem.

11. See SM, sec. C.1.
12. See SM, secs. C.3 and C.7.
13. Krippendorff ’s a is only 0.177 in the raw coding data.



18. We assume that the “unsure” coding sets result from coders’ occa-
sional lack of confidence in their judgments regarding the general–specific
distinction.

19. “Specific” elite criticism is the rarest class. Collapsing it with “no”
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to those assigned by trained coders as well as our “gold stan-
dard” judgments.14

The first step aimed to exclude annotations contributed
by coders who did not have enough time or practice to de-
velop good annotation skills or exhibited signs of low com-
mitment to the task. Accordingly, we excluded coders who
(a) contributed five or fewer coding sets in total, (b) exhibited
little variation in their coding decision, and (c) removed all
coding sets that were made in less than four seconds. Finally,
we removed all coding of tweets for which “cannot answer”
was the majority decision in the remaining data and all re-
maining “cannot answer” coding sets.15

In the second step, we fitted a Dawid–Skene per-
annotator model (Dawid and Skene 1979) to aggregate our
crowd-sourcedcoding set into tweet-level labels.Comparedwith
inducing tweet-level labels by plurality voting, the Dawid–
Skene model has the advantage that it estimates individual
coders’ abilities to correctly detect “true” labels. As a result,
this model adjusts for coder-specific judgment biases when
estimating tweet-level label class membership probabilities.

Analyzing the estimated label detection abilities confirmed
our expectation that they vary considerably across coders.16

Accordingly, we found that labels aggregated from crowd
workers’ coding sets agreed more frequently with labels ag-
gregated from expert coding sets when adopting the annota-
tion modeling approach than when applying plurality vot-
ing.17 Given that the labels obtained with these two methods
agreed in only 77.9% of tweets in our coding data, we thus
concluded that model-based judgment aggregation not only
yields systematically different labels than the plurality voting
method, but, judging by experts’ standards, it also yields sys-
tematically more reliable labels.

Inducing tweet-level labels by fitting the per-annotator
Dawid–Skene model to the cleaned coding data, general elite
criticism tweets make up 21.2% (1,271 tweets) of the labeled
sample. Class imbalance in the pooled data is thus still in favor
of the “no” label class (55.4% or 3,322 tweets), but our two-step
stratified sampling strategy was effective because the share of
tweets assigned to the elite criticism classes was higher in the
second than in the first iteration (see tables S.5 and S.14 in the
SM).

Classifier training and evaluation. The next-to-last step
of our measurement strategy is to train a supervised text clas-
sifier using the set of labeled tweets. The goal of this step is to
obtain a classifier that reliably discriminates between instances
14. See SM, sec. B, especially B.2.2, B.3.2, and B.4.2.
15. For more details on these decisions, see SM, secs. C.3 and C.7.
16. See SM, secs. C.3 and C.7.
17. See SM, sec. B.4.
of “general” elite criticism and other tweets in held-out data.We
thus discarded all tweets with model-induced “unsure” labels18

and combined the “no” and “specific” elite criticism labels into
a single class label. Dichotomizing the labels incentivizes the
classifier to learn the distinction we are substantively most
interested in, reduces problem difficulty, and, in our case,
mitigates the class imbalance problem.19

To train our classifier, we adopted a transformer fine-
tuning approach. Specifically, we fine-tuned a classification
head stacked on top of an “XLM-T” model, a cross-lingual
transformer-based neural language model that Barbieri,
Espinosa Anke, and Camacho-Collados (2022) pretrained on
a large, multilingual Twitter corpus. Transformer fine-tuning,
and transfer learning more generally, has powered current ad-
vances in political text classification (e.g., Bestvater and Mon-
roe 2023; Widmann and Wich 2023). The central idea of this
approach is that a language model learns latent linguistic
“knowledge” while pretraining on a large corpus, and a new
classification model can then build on this knowledge (i.e.,
“transfer” it) to more effectively solve a new task. Further,
because the XML-Tmodel we build on is multilingual, we can
leverage its learned cross-lingual representation capabilities
when fine-tuning it to our data. We thus do not need to
machine-translate the full corpus (see Licht 2023).

To provide benchmarks for the performance of this clas-
sifier, we also implemented two alternative approaches: su-
pervised classification using tweet texts’multilingual sentence
embeddings (MSEs) as inputs (Licht 2023) and a classic bag-
of-words (BoW) classification approach that relies on MT to
align tweets’ text representations across languages. We discuss
the advantages and limitations of these approaches in section
D.1 in the SM.

Following standard practices in the literature, we randomly
drew 80% of tweets to use them for classifier training. In this
training set, we applied five-fold cross-validation to identify
the best-performing hyperparameter values, using themacro F1
score to compare average performances between model runs.20

Because transformer fine-tuning requires considerable comput-
ing resources, we cross-validated only the class weights.21 In
instances reduces imbalance.
20. We rely on the macro F1 score because it gives equal weight to

precision and recall.
21. Increasing a class’s relative weight in the loss function increases

the cost of misclassifying its instances and thus incentivizes a classifier to
correctly label them.



22. Where the number of political tweets per party–quarter is zero, we
indicate this with missing values.
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addition, for the MSE and MT1BoW-based classifiers, we
cross-validated text preprocessing choices, the choice of learn-
ing algorithm, and a number of algorithm-specific hyper-
parameters. We refer readers to section D.2 of the SM for de-
tails. Finally, we trained models with the best-performing
hyperparameters values using the complete training data and
evaluated them on the 20% held-out test samples to estimate
out-of-sample performance.

Table 1 reports the results of this evaluation. The XLM-T
model (top row) performs best in terms of the F1 scores and
precision. Overall, it achieves an accuracy (micro F1) of 81.5%
and a macro F1 of 74.5%. Notably, however, this overall per-
formance is partly due to the classifier’s high reliability in la-
beling “negative” instances containing no or only specific elite
criticism, as indicated by its high specificity. This is to be
expected as the classification task we confront is hard. How-
ever, we find that up weighting the general elite criticism class
during training is helpful. Consequently, the XML-T–based
classifier correctly labels about six out of 10 instances of
general elite criticism (recall), and it is correct almost two out
of three times when assigning this label (precision).

We find this level of performance sufficiently reliable for
our task for three reasons. First, as discussed in the SM, sec-
tion D.3, this performance is comparatively good given that
our documents are short and multilingual and that our clas-
sification task is hard, as indicated by the levels of inter-coder
agreement. Second, in section D.4 of the SM, we present
evidence that the XLM-T classifier can recognize country-
specific phrases and words that are indicative of anti-elite
rhetoric. This finding shouldmitigate the concern that using a
single, cross-lingual classifier to quantify the anti-elite strate-
gies of parties from different countries is unfeasible due to
context dependence. Third, in our analyses below, we do not
analyze tweets at the document level but aggregate tweet-level
predictions at the party–quarter unit. We expect a large share
of the classification error to cancel out as a result, which is
supported by the validation analyses in the Validating Mea-
surements section.

Aggregating tweet-level predictions into measurements.
Having trained a classifier that predicts held-out data rela-
tively reliably, we used it to generate predicted probabilities
for the general elite criticism label class for all tweets in our
corpus. In the subset of tweets whose content is predicted to be
political, 19.1% are predicted to be instances of general elite
criticism.

From these tweet-level predictions, we compute our central
quantity of interest—the salience of anti-elite rhetoric in
parties’ electoral appeals—as the average predicted proba-
bility of political tweets belonging to the “general elite crit-
icism” class. As described earlier, we focus specifically on this
category because we want to exclude from our measurement
any criticism of specific actors because such targeted attacks
are different from the type of anti-elite rhetoric associated
with, for example, populist discourse.

One could use various time units to obtain time-series
estimates of this quantity of interest. If not stated otherwise,
we select the quarter (i.e., a three-month interval) as the
temporal unit of aggregation because in more granular tem-
poral units (e.g., months or weeks), the number of tweets per
unit is relatively low and more frequently zero, which would
yield noisier estimates.22

Validating measurements
To demonstrate that our measurement strategy produces
useful estimates of parties’ anti-elite strategies, we summarize
the results of different validity assessments. First, we show
how our estimates vary across political parties. Figure 2
reports the average level of anti-elitism for Western European
countries that have seen the emergence of populist parties on
Table 1. Out-of-Sample Predictive Performance of “Best” Classifiers Trained with Different
Text Representation and Learning Strategies
Overall
 General Elite Criticism Class
Model
 F1macro
 F1micro
 Precision
 Recall
 Specificity
XLM-T classifier
 .745
 .815
 .644
 .581
 .893

MSEs (MLP)
 .685
 .737
 .482
 .660
 .763

MT1BoW (w/ MLP)
 .600
 .681
 .385
 .460
 .754
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the left and right.23 We can see that the party that emphasizes
anti-elite rhetoric the most is a populist party in all but two
countries. In fact, in the sample of parties included in figure 3,
populist parties are predicted to be significantly more likely to
use anti-elite rhetoric than other parties (the two-sided t sta-
tistic is 4.02, p ! :01). For example, wemeasure high values for
the radical right Swiss Peoples Party (SVP) and the Dutch
Forum for Democracy (FvD). Anti-elite rhetoric is not limited
to radical right actors, however, as can be seen with the Ger-
man Left Party (Li/PDS) or the French populist left La France
23. We distinguish between populist and nonpopulist parties follow-
ing the literature and the PopuList project (Rooduijn et al. 2019).
Insoumise (FI). And although some populist parties do not
rank highest in their countries, it is notable that these are often
parties that have governed or supported a government during
our period of investigation.24

Figure 3 plots our party time-series estimates of anti-elite
strategies for three countries over time. Our newmeasure allows
for much more temporally fine-grained analyses than many
other measures of party positions. For example, we can doc-
ument how anti-elite rhetoric becamemuchmore prevalent in
Figure 2. Estimates of parties’ anti-elite strategies. Points indicate the mean predicted probability of “general” elite criticism across a party’s tweets. Coloring

distinguishes between populist (gray) and non-populist parties (black). For presentational purposes, we excluded regional parties in Spain and other minor parties.
24. For example, the Greek ANEL (January to September 2015), the
Norwegian Fremskrittspartiet (Fr; September 2013 to January 2018), or
the Finish UV–SIN (April 2015 to June 2017).



26. November 30, 2014, for the 2014 wave and January 31, 2020, for
the 2019 wave.

27. Changing the number of quarters used to aggregate tweet-level
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the British party system after Brexit25 and that the Labour
Party adopted a much stronger anti-elite strategy after the
election of Jeremy Corbyn as party leader. In Germany and
Sweden, we also observe that anti-elite discourse has become
more salient – although in Germany to a lesser extent than in
Sweden. These changes coincide with the success of the
radical-right challengers Alternative for Germany (AfD) and
Sweden Democrats (SD), respectively. This is a first indi-
cation that political parties indeed react to signals from the
electorate about a demand for anti-elite rhetoric and adjust
their strategies accordingly.

Next, we cross-validate our estimates against CHES data
(Bakker et al. 2020; Polk et al. 2017). Specifically, we collected
CHES anti-elite salience estimates for the parties contained
in the 2014 and 2019waves that are also recorded in our data.
We then compared them to our estimates obtained by ag-
gregating tweet-level predicted probabilities in the time win-
dow spanning the 12 months (four quarters) before the given
25. Given that our case selection strategy focuses on parties with par-
liamentary representation, we did not collect data for the Twitter account
of UKIP as it lost parliamentary representation on June 8, 2017.
CHESwave’s field end date.26 Figure 4 depicts this comparison
in a scatter plot. The correlations of CHES indicators with our
estimates are 0.47 for the 2014 wave and 0.37 for the 2019
wave, respectively.27 These correlations confirm a positive
association between these two sources of party strategy
indicators.28 Given that our estimates’ goal is to pick up fine-
grained variation over time, we should expect to see differ-
ences with respect to a measure based on expert judgments
collected every couple of years. Further, in the SM, section E.2,
we show that the convergence of dictionary-based measure-
ments with the CHES indicators is usually lower. For example,
applying the German anti-elitism dictionary compiled by
Gründl (2022) results in lower convergence in both waves.
Figure 3. Quarterly estimates of German, British, and Swedish parties’ anti-elite strategies. One square plotted per party–quarter estimate. Coloring of squares

indicates tweets’mean predicted probability of “general” elite criticism. Lighter values correspond to higher values. Squares left blank (white)mark periods for which

we did not include a given party in our dataset. Gray-shaded squares mark party–quarters for which no tweets are available to compute an estimate.
estimates before a CHES wave’s field end date does not substantively change
these figures (see the SM, sec. E.1).

28. The strength of the correlation is comparable to that between
manifesto-based measures and those on expert survey data or voting
advice applications (da Silva et al. 2023).
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PARTIES’ STRATEGIC USE OF ANTI-ELITE APPEALS
Having discussed in detail how wemeasure parties’ anti-elite
strategies, we next outline how we tested our expectations
about parties’ strategic use of anti-elite appeals. We use two
different main independent variables. First, we use monthly
polling data collected by Kayser et al. (2023).We also included
additional polls based on poll-of-polls estimates of POLITICO
Europe (n.d.) to extend time coverage. Combined, these data
sources cover 17 countries in our dataset (see the SM, sec. E.1,
for details). Second, we use the coalition inclusion probability
measure developed by Kayser et al. (2023).29 This measure
captures how likely it is that a party would be included in a
governing coalition if a government was formed at a given
moment in time. This measure thus specifically captures
how much parties anticipate being part of the next governing
coalition. Accordingly, we use this measure to address our
mechanism about the costs and benefits of anti-elite strategies
more directly. When the probability of being part of the next
government coalition increases, mainstream parties should
employ less anti-elite rhetoric.

We follow de Vries and Hobolt (2020) and operationalize
challenger parties as parties that have never been part of a
government coalition before. Mainstream parties, in contrast,
are parties that currently govern or are in opposition but have
29. Coalition inclusion probabilities are available for parties from
12 countries in our sample for varying periods (see the SM, sec. E.1).
governed before. We first show some descriptive evidence of
how mainstream and challenger parties differ in their use of
anti-elite appeals.

Figure 5 shows that challenger parties use significantly
more anti-elite appeals than mainstream parties. This is the
case in all but six countries. In four of the countries where
the expected pattern does not hold (Austria, Italy, Greece,
and Switzerland), radical right and radical left parties have
governed for a significant time during the period under in-
vestigation. Hence, in line with de Vries and Hobolt (2020),
we find that challenger parties generally rely more on anti-
elite appeals than mainstream parties (or “dominant” parties
in their terminology).

Next, we are interested in how challenger and mainstream
parties react differently to the informational incentives from
polling results and coalition inclusion probabilities. We test
our theoretical expectations in a time-series cross-section
dataset that records quarterly aggregates for each party.30

We include the polling results and coalition inclusion prob-
abilities lagged by one quarter. To deal with some of the
challenges with time-series cross-sectional data, all ourmodels
include a lagged dependent variable and party fixed effects.
We use panel-corrected standard errors. Given our different
Figure 4. Estimates of parties’ anti-elite strategies plotted against Chapel Hill Expert Survey (CHES) anti-elite salience indicators. Plot panel columns indicate

CHES waves. Estimates of parties’ anti-elite strategies were obtained by aggregating parties’ tweets posted in the 12 months before the field end date of a

given CHES wave. Note: Parties with less than 100 tweets in these date ranges are omitted.
30. We averaged polling numbers and coalition inclusion probability
estimates at the party–quarter level to match our anti-elite strategy estimates.
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expectations for challenger and mainstream parties, we fit
separate models for them.31

Figure 6 shows the predicted values of changes in the polls
on parties’ anti-elite strategies for mainstream parties (left)
and challenger parties (right), holding all other variables at
their means. For mainstream parties, we find a negative effect
of polling results on the use of anti-elite appeals. When
mainstream parties did better in the polls in the last quarter,
they reduced their use of anti-elitism. We argue that polling
results send mixed signals to mainstream parties. On the one
hand, they signal that political strategies are working out. On
the other hand, they make it more likely that a party will be
part of the next government. In line with our expectations,
mainstream parties react more strongly to a signal of gov-
ernment participation and reduce their use of anti-elite
appeals when they do better in the polls. This effect, however,
is rather small and thus reflects the potentially conflicting
signals that mainstream parties receive from the polls.

In contrast, the right panel shows that when challenger
parties are doing better in the polls in the previous quarter,
they make more use of anti-elite appeals. Doing well in the
polls signals to challenger parties that anti-elite appeals res-
onate well with the electorate, which leads them to more
strongly emphasize anti-elitism. In line with our expectations,
considerations about coalition inclusion seem to be less rele-
vant for challenger parties.
31. Please refer to the SM, sec. E.1, for the ordinary least squares co-
efficient estimates of these models.
In figure 7, we more directly test how the likelihood of
being included in the next coalition affects parties’ use of
anti-elite appeals. We show the predicted values of anti-
elite appeals conditional on the coalition inclusion proba-
bility for mainstream (left) and challenger parties (right).
Mainstream parties significantly reduce their use of anti-
elite appeals when they are more likely to be included in a
government coalition. In contrast, challenger parties do not
significantly change their anti-elite appeals in reaction to
changes in the likelihood of being included in a coalition.

CONCLUSION AND DISCUSSION
Anti-establishment parties and anti-establishment move-
ments have shaken up the politics of many advanced de-
mocracies. Their popularity has led to anti-elite rhetoric be-
coming a constant feature of these polities. In this article, we
advance our understanding of this type of rhetoric by devel-
oping a new measure of parties’ anti-elite appeals in 20 dif-
ferent Western European and English-speaking countries
from 2008 to 2020. We create this measure using political
parties’ tweets, which allows us to generate fine-grained time-
series data about when parties use anti-elite appeals.

Here, we apply this novel measure to analyze if parties
change their anti-elite strategies in response to informational
incentives. We show that when challenger parties gain in the
polls, they become more likely to use anti-elite appeals. When
mainstream parties are more likely to be included in the next
governing coalition, they use fewer anti-elite appeals. Most
importantly, our findings demonstrate that parties indeed
use anti-elite appeals strategically. We should thus think of
Figure 5. Distribution of party–quarter level estimates of parties’ anti-elite strategies by party type. Data points outside of 1.5 # interquartile ranges not

plotted.
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anti-elitism less as an unchangeable, binary characteristic of
political parties and more as an option in parties’ strategic
repertoire. Treating anti-elite appeals more like other political
positions and issues will allow researchers to integrate them
into theories of party competition and develop them further.

Our empirical strategy does not allow us to fully unpack
the information feedback mechanisms that underlie the
relationship between parties’ polling results and their use of
anti-elite rhetoric or how any changes in rhetoric may lead
to changes in public support. However, a natural next step for
our work would be additional research that takes full advan-
tage of the temporally granular nature of our data, combined
with individual poll results. This type of detailed time series
analysis could be used to develop a deeper understanding
of what drives the connection between parties’ polling results
and their use of anti-elite appeals. This analysis could po-
tentially be complemented with other sources of text, such as
press releases, media interviews, and social media posts on
other platforms, in order to obtain a fuller picture of parties’
communication strategies.
Our contribution is equally methodological. Research on
democratic representation and party competition is often
hindered by a lack of time-series cross-section data on parties’
electoral strategies. This article combines crowd-sourced
annotation, supervised text classification, and cross-lingual
transfer learning to obtain such estimates from political parties’
socialmedia posts. Our results demonstrate that our approach is
methodologically sound and leads to valid estimates of parties’
communication choices in ways that may not have been fea-
sible until recently, particularly regarding our ability to apply
this method to multiple languages. Our measure will thus
allow researchers to study in more detail when parties across
different countries use anti-elite appeals, when these appeals
are more successful, and how they generally affect democratic
politics and representation.

Although we focus here on quantifying parties’ anti-elite
strategies, future work could apply our measurement strategy
more widely to study other facets of parties’ electoral strate-
gies, such as issue attention and agenda-setting dynamics.
Although these dimensions have been studied extensively
Figure 6. Predicted anti-elitism conditional on polling (t2 1).
Figure 7. Predicted anti-elitism conditional on coalition inclusion probabilities (t2 1).
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before, our approach introduces innovations that should
improve the validity of past measurement approaches and
reduce the costs associated with their application, particularly
in cross-country analyses. Our method thus substantially ex-
pands the tool kit of researchers who study political parties
and other actors.
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