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Abstract

Studying political activity on social media often requires defining and measuring political stances of users or
content. Relevant examples include the study of opinion polarization, or the study of political diversity in online
content diets. While many research designs rely on operationalizations best suited for the US setting, few allow
addressing more general political systems, in which users and media outlets might exhibit stances on multiple
ideology and issue dimensions, going beyond traditional Liberal-Conservative or Left-Right scales. To advance
the study of more general online ecosystems, we present a dataset pertaining to a population of X/Twitter users,
parliamentarians, and media outlets embedded in a political space spanned by dimensions measuring attitudes
towards immigration, the EU, liberal values, elites and institutions, nationalism and the environment, in addition
to left-right and liberal-conservative scales. We include indicators of individual activity and popularity: mean
number of posts per day, number of followers, and number of followees. We provide several benchmarks validating
the positions of these entities and discuss several applications for this dataset.

Keywords: X/Twitter, ideology scaling, dimensionality, polarization

1 Introduction

The study of phenomena related to public opinion on-
line has become relevant to many fields, from social and
political sciences1–11, to computer science and complex
systems12–18. However, because many pioneering stud-
ies originated in the US, researchers have traditionally
produced more studies and data considering opinions as
binary choices (e.g., Democrat- vs Republican-leaning),
or as positions along single-dimensional political frames
(Liberal-Conservative or Left-Right scales). This frame-
work will not be suited to more general cases, for example
countries where more political dimensions are required to
analyze national politics1,19–22.

Most landmark works have relied on large datasets
of behavioral traces collected from online platforms or
panels of users matched to additional data or surveys.
X, in particular, has been extensively studied23,24, due
to the combination of a large active user base (including
most of the prominent political figures in the Western

world), a profusion of political content, and an accessible
and well-documented API. However, research efforts are
now impeded as the API was officially locked behind an
expensive paywall in February 2023. Data is not easily ac-
cessible either on other major platforms such as Reddit or
Facebook, while smaller platforms are often restricted to
fringe user bases25–27 or do not propose well-documented
APIs28,29. Research efforts can be supported through
collaboration with the companies themselves13,30–33, but
this approach raises concerns related to independence and
reproducibility34,35. Finally, despite the large quantity of
empirical social media research, few researchers release
publicly the datasets they collect.

We address these limitations with the release of a
large-scale, high-granularity and anonymized dataset con-
taining multi-dimensional opinions of N “ 978, 933 users
in the French political sphere on X, including all of the
883 French Members of Parliament who had accounts
by February 2023. The political opinions of users in our
dataset are provided in the form of real numbers that indi-
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cate individual positions on d “ 16 ideological scales and
issue dimensions, including the Left-Right axis, anti-elite
sentiment, attitudes towards nationalism, immigration,
E.U. integration, and environmental policies. Using links
pointing towards press articles shared by the users, we
also provide positions of 400 popular French websites,
including most relevant media outlets, blogs, and forums.
Finally, we include individual indicators of activity and
popularity for the users, as well as indicators of popularity
for the media outlets.

To derive the opinions of users, we applied the method-
ology proposed by Ramaciotti et al. (2022)36. This
methodology first performs a multidimensional ideology
scaling37 on a bipartite follower network linking MPs with
their followers38. This network was built via a comprehen-
sive collection of follow links in February 2023. Following
the method by Ramaciotti et al. (2022)36, we then se-
lected a political survey dataset to calibrate and identify
the multidimensional latent positions resulting from the
ideology scaling procedure. For this, we selected the 2019
and 2023 Chapel Hill Expert Surveys (CHES)39,40 to
map the output of the multidimensional ideology scaling
onto the dimensions or scales of the CHES datasets. This
second step lets us overcome the traditional identification
problem of ideology scaling, which embeds users in la-
tent spaces that do not necessarily correspond to actual
ideological or political axes. The first dimension of such
spaces is often a good proxy of the most salient line of
division in national politics, but it can fail to produce
readily usable political positions in national settings that
display several salient and independent lines of division.

The methodology we use is solely based on follow rela-
tionships, to the exclusion of textual data. To validate the
contents of our dataset we look at textual self-descriptions
provided by the users on their X profile bios, which are
independent from data used for the inference of positions.
We annotated these profiles according to the political
stances that they express, both with human annotators
and with generative AI annotation protocols. These anno-
tations used in validation are also provided in the dataset.
The positions of the web domains that we include in
the dataset (computed on the bases of the positions of
users that shared posts with URL from these domains)
are in good agreement with a categorical classification
of the most important French media on the Left-Right
dimension by previous research41,42. The use of political
positions of media outlets is well-known to the scientific
literature in many fields, and the dataset here presented
enables researchers to conduct many of these investiga-
tions considering now several relevant ideology and issue
dimensions, beyond Left-Right or Liberal-Conservative
scales.

Opinion inference based on social media data counts
several and diverse methods. Other relevant publicly

available datasets include: a French X dataset collected
during the 2017 Presidential Elections, comprising retweet
and mention counts between 20K users manually labeled
with their preferred political party43,44; an American
dataset of popular web domains and political leanings
of Facebook users sharing them in 201413,45; a dataset
comprising survey responses and web-browsing data col-
lected from voluntary participants in several countries
in 2021-202246,47; a dataset comprising over 200K mes-
sages posted in Indian Whatsapp groups during the 2019
General Elections, with 3.8K of these messages manually
labeled to indicate support or disapproval of political
parties48,49; a dataset of American political blogs and
hyperlinks between one another, collected during the 2004
Presidential Elections50,51.

In comparison with most previously available datasets
for studying phenomena related to political opinions in
online settings, our main contribution is the release of the
first public dataset with multidimensional and continuous
opinion estimates, alongside indicators of activity and
popularity, for almost a million X users, parliamentarians
and hundreds of media domains.

Next, we present the methodology for the construction
of the dataset, a detailed description of the data records
and files included in the dataset, validation benchmarks
for the ideological and issue positions provided by the
dataset, and, finally, a brief discussion of limitations and
the data and code availability statements.

2 Methodology

Abundant evidence suggests that the choice of which
political actors to follow is an informative signal of ideol-
ogy36,38,52–56. The methodology we use for opinion infer-
ence relies on the follow relationships that exist between
Members of Parliament (MPs) and the general public
on X, relying on the existence of political homophily on
the part of users choosing to follow MPs. We start by
describing the data collection process. Then, we detail
the opinion inference methodology, which unfolds in two
steps. Next, we explain how we derived individual in-
dicators of activity and popularity. Finally, we explain
how we derived positions for a selection of French media
domains on ideology and issue dimensions.

2.1 Collection of the MP-followers network

The data collection process reproduces that done by Ra-
maciotti et al., (2022), in which they used data collected
in 2019. In February 2023, we identified the X profiles of
all 886 French MPs present on the platform (out of 925 in
the French parliament), and collected all their followers
using the software minet 1.00.0-a1557. Both chambers
of the parliament are concerned, the lower (Assemblée

1MPs who resigned include mostly those who accepted a position in the government after the elections. Resigned MPs and their
substitutes amount to N “ 46 of the MPs present in the data.
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nationale) and the upper (Sénat) houses. We include MPs
who resigned from their mandate before December 2022,
as well as their substitutes1. Their followers were then fil-
tered based on the criteria from Barberá38, keeping only
those who followed at least 3 MPs. This ensures that
the users left in our dataset have a sufficient knowledge
of national politics. Individuals that are knowledgeable
about national politics are more accurately represented
in their political opinion by spatial models, a property
related to political sophistication 58.

Barberá38 also suggests removing users with less than
25 followers, to filter out bots and inactive accounts. To
allow for fine-grained studies of the relationships between
popularity and opinions we keep these accounts in the
data, and propose an alternative dataset with those users
excluded (see data availability). We show in the Appendix
that keeping these accounts did not alter significantly the
computed political positions.

We remove MPs who are left without followers after
this filtering step. We end up with M “ 883 MPs and
N “ 978, 206 followers. From there, we build a directed bi-
partite MP-follower network, yielding a binary adjacency
matrix A P t0, 1uNˆM . Importantly, follower-follower and
MP-MP connections are ignored. The network contains
9,601,175 edges, MPs have average in-degree 10,910 and
followers have average out-degree 10.

Similar studies performing latent ideological inference
often rely on retweet networks59,60. While retweet links
may also provide a source of homophilic choice data, they
could also lead to biased results due to agenda setting and
the dynamics of issue saliency over time. The database
of tweets that we rely on for the computation of media
positions, covers in particular the period of the invasion
of Ukraine by Russia, and the widely contested pension
reform in France. Such significant political event have the
capability to strongly restructure the political discussion
online, resulting in a biased representation of the overall
political space. Using follow links on the other hand, en-
sures that we are capturing a stable political space which
we expect to underpin the general dynamics of the public
debate in France. Additionally, our collection of follow
links is exhaustive, and therefore does not suffer from
potential issues due to data sampling. These issues could
arise when retrieving individual tweets and retweets from
the now defunct Twitter API61–63.

2.2 Inference of latent ideological positions

As Ramaciotti et al., (2022) describe in their method,
we first apply the ideology scaling method originally pro-
posed by Barberá38 for extending the use of ideology
scaling to social media data. It takes as input a bipartite
network of connections between users and MPs, and out-
puts positions in a latent homophily space in which MPs
that are close in space are followed by similar sets of users,
and, conversely, in which users that are close in space
follow a similar set of MPs. The method assumes that

the observation (i.e., the choices of whom to follow) obeys
a probabilistic homophily law in which followers decide
to follow MPs on the bases of unobservable positions on
some latent space:

ProbpAij “ 1|αi, βj , γ, ϕi, ϕjq “

logit´1
pαi ` βj ´ γ}ϕi ´ ϕj}2q,

(1)

where Aij “ 1 when user i follows user j, αi and βj

quantify respectively the tendency to follow others and
the tendency to be followed of users i and j, and γ is a
shape parameter that controls the relative weight between
homophilic (ϕi and ϕj) and idiosyncratic parameters (αi

and βj). The network of connections is known, and the
goal is to infer the unknown latent ideological positions ϕ
that best explain this network. These positions will then
reflect ideological similarities and differences between the
users.

Using a Markov Chain Monte Carlo (MCMC) estima-
tion procedure on the network of U.S. parliamentarians
and their X followers, Barberà38 showed that the latent
positions ϕ stand as good indicators of ideological posi-
tions. It has been later shown that the inference of the
parameters of the equation can be approximated via a
Correspondence Analysis (CA)64. CA is a dimensionality
reduction procedure for categorical data, which has been
shown to be a fast and efficient approximation method
for the computation of ϕ38,65,66.

We perform a CA on the adjacency matrix A to obtain
individual ideological positions in a latent space. The
dimensionality of this latent space can be fixed between 1
and 883. Because we will map positions from this latent
space to the space subtended by the dimensions of the
political survey we use for calibration—the Chapel Hill
Expert Survey data (CHES), see below—and because this
map is computed with the positions of political parties
on both spaces, the choice of the number of dimensions
for the latent space depends on the number of available
political parties on both spaces. Our 883 MPs embedded
in the latent space can be identified with 11 parties from
the CHES data. We compute proxy multidimensional
positions of each party in the latent space as the average
position of MPs from that party. We remark that posi-
tions along dimensions of this latent space may be readily
linked to positions on ideologies and issues, but this can-
not be assured because of the lack of identification for
values ϕ in the probabilistic equation (in particular with
respect to isometries such as translations and rotations).

2.3 Mapping latent positions onto ideology and
issue dimensions from political surveys

Following the method described by Ramaciotti et al.
(2022), we map these latent multidimensional positions
onto the ideology and issue dimensions of a political sur-
vey instrument used as reference. We use two political
survey instruments administered around the time of our
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data collection: the 201939 and the 202340 CHES data.
In these surveys, political scientists estimate the posi-
tions of the main political parties of multiple European
countries on multiple ideology and issue dimensions (e.g.
placement on the Left-Right scale, or attitudes towards
immigration policy), on a continuous scale from 0 to 102.
Crucially, positions on these dimensions are endowed with
spatial reference frames. For instance, on the Left-Right
dimension, 0 stands for the leftmost position for political
parties, 10 for the rightmost, and 5 is the political center.
While CHES 2019 is older and less consistent with the
date of collection of our data, it contains a much larger
set of dimensions (51 versus 11 for CHES 2023), and
both waves include 4 dimensions in common (Left-Right,
GAL-TAN, EU, and Anti-elite), which we also use as
validation (see Fig. 4). Our approach does not seek to
infer positions for our dataset on all available CHES di-
mensions, and we focus instead on those for which we can
propose validation tests (see Table 1).

As described in the work detailing the positioning
method36, we compute an affine transformation mapping
between our latent space and the space of political di-
mensions spanned by CHES. This transformation is fitted
by using positions of political parties in both the latent
space and the survey dimensions. Party positions come
readily available in the CHES datasets. Following Rama-
ciotti et al. (2022), we compute party positions in the
latent space as the mean position of MPs from each party.
For each CHES dimension of interest dc, we fit an affine
transformation between the multidimensional positions
of political parties in the latent space onto the party posi-
tions along dc. We use a Ridge regression67, with penalty
parameter α “ 1.0. We restrain the number dimensions
of the departure space to P ´ 1, with P being the number
of political parties that exist both in the latent space and
in the survey dataset. This value, P ´ 1, is the number
of dimensions that would fully determine the affine trans-
formation under no regularization36. From the parties of
the MPs that were manually annotated, 11 were present
in the CHES 2023 data, (resp. 9 in CHES 2019), leading
to fitting affine transformations using the first 10 and
8 dimensions of the latent space, respectively. See the
Appendix and Table 9 for a more detailed description of
the parties.

Once the affine transformations are fitted this way, we
apply them to the latent positions of each follower and
MP. This way, we obtain coordinates for all followers and
MPs in the political space spanned by the chosen CHES
dimensions. Due to the regularization we apply, the posi-
tions of the political parties in our data—computed as the
average position of the relevant MPs—may differ slightly
from their positions in CHES. This deviation is small in
the sense that the average Pearson correlation between

party position computed with the affine transformation
and given by the CHES data is 0.94. The mean absolute
difference in party positions is 0.63 (for reference, CHES
dimensions span from 0 to 10).

2.4 Activity and popularity

We include in this dataset metrics of popularity and activ-
ity for users positioned in our multidimensional ideology
and issue space. These metrics are obtained or calculated
from the user metadata obtained during the collection
process using the platform’s API. They comprise the
mean number of posts per day, the number of followers,
and the number of friends (also known as followees or
followed accounts), at collection date. We compute for
each user the mean number of posts per day, dividing
their total number of posts by the number of days elapsed
between account creation and our date of collection.

2.5 Media sharing collection

To compute positions of media outlets, we use a database
of tweets collected during 18 months between 1 January
2022 and 30 June 2023 via the search query lang:fr
filter:links. The database contains all tweets pub-
lished in French during that period which contained at
least one URL. When a tweet was part of a thread we
also collected the entire thread, including the original
post. For the collection, we used the Gazouilloire tool
version 1.2.068 running query calls to X’s search API v1.1.
We aggregate this way an average of 2.6 million tweets
each day and a total of 1.4 billion tweets over the whole
period3.

We filter this database of tweets and keep only original
posts produced by the users for which we estimated a
political position in Section 2.3, and containing URLs to-
wards a domain belonging to the French media ecosystem.
This design choice achieves two objectives. Filtering out
quotes, we capture how individuals with a given issue
and ideological position propose URL sources, without
this source being leveraged or elicited by the context of a
discussion unfolding on a thread. Filtering out retweet
or shares, we capture behavior in which individuals have
personally curated (and thus read with higher proba-
bility), instead of effortlessly sharing a post that may
have contained a URL source (which they may have not
read). We define this ecosystem as a collection of 747
domains, taken from ref.69 and corresponding to major
French media sources—newspapers, regional press, radio
and TV channels, blogs and other digital information
outlets. The methodology for selection of the domains
is detailed in ref.70. Filtering the collection of tweets
this way, we obtain a collection of 3,429,848 tweets by

2Dimensions pertaining to E.U. integration scale from 1 to 7, but we rescale them to r0 ´ 10s for the sake of consistency.
3Data collected live was lost for the months of January and February 2023 and had therefore to be recollected a few months later,

resulting in a little less tweets per day over those two months due to the known attrition of posts either deleted by X or their authors
themselves.

4



Mapping the digital political landscape Vendeville et al., 2025

Table 1: List of dimensions from the Chapel Hill Expert Survey (CHES) that we consider in the method to calibrate the
political positions of X users, with statistics summarizing these positions. The reference points for dimensions are between
values 0 and 10 (the extreme positions for political parties in the CHES data), while individuals can be positioned outside
these bounds (outliers).

CHES dimension Description CHES wave Mean Std. % outliers
lrgen Left - Right 2019 6.308 2.293 3.078
corrupt_salience Importance of reducing political corruption 2019 4.708 0.691 0.000
people_vs_elite Opposes - Favors (direct democracy) 2019 4.802 0.995 0.023
immigrate_policy Favors - Opposes (immigration) 2019 6.861 1.819 4.008
sociallifestyle Favors - Opposes (liberal policies) 2019 5.494 2.185 0.592
nationalism Cosmopolitanism - Nationalism 2019 6.355 2.030 5.518
antielite_salience Anti-elite sentiment 2023 6.771 1.875 2.081
eu_position Anti EU - Pro EU 2023 4.832 1.978 0.923
lrecon Left - Right (economy) 2023 5.445 1.320 0.033
refugees Opposes - Favors (welcoming Ukrainian refugees) 2023 5.822 1.820 0.407
galtan Liberal - Conservative 2023 6.004 1.902 0.209
environment Favors - Opposes (environment over economy) 2019 5.645 1.073 0.190
lrecon Left - Right (economy) 2019 5.350 1.958 0.049
antielite_salience Anti-elite sentiment 2019 7.040 1.880 3.320
eu_position Anti EU - Pro EU 2019 4.705 2.275 0.540
galtan Liberal - Conservative 2019 5.988 1.584 0.026

71,374 followers. There were 747 domains identified in the
original study, of which 692 we find in at least one tweet
from our users. To guarantee a good signal quality, we
discard media domains whose articles were not tweeted by
at least 100 different users. We end up with 400 media do-
mains from which 3,272,574 URLs were shared by 70,604
followers (7.2% of all followers collected before). For each
media domain, we provide the number of posts contain-
ing an URL from the domain, and the number of users
in our collection who emitted these posts. Under this
operationalization, the affinity between author and cited
source may be of recognition of authority and relevance
(i.e., the author deems the source worthy of mention, even
if it is to critice the source or the content), ideology and
issue affinity, or a combination of both. In the Validation
section, we disentangle these possibilities by measuring
the issue and ideology regularity of the authors of tweets
including URLs from a given source. We also show that
the media positions we derive are strongly correlated with
the results of an independent study positioning French
media outlets on the Left-Right axis.

2.6 Computing positions of media domains on
survey dimensions

For each media domain, and for each one of the selected
issue and ideology dimensions from the CHES data, we
compute the position of a media in a dimension as the
mean position of the followers that cited URLs from the
domain. We do not take into account the number of
tweets per user but solely a binary variable that takes
value 1 if the user ever tweeted a link to a webpage from
the domain, and 0 otherwise. This design choice is mo-
tivated by the fact that polarized users tend to be more
active on social media. We seek to capture who finds
a source worthy of mention, and not how many times.
Operationalized this way, the computed positions must
be interpreted as those of the public that deems the cor-
responding media worthy of citing. These positions do

not necessarily represent the positions of contributors,
journalists and editors of the media, which can display
considerable heterogeneity. These data on media posi-
tions are useful as a measure of attention and authority
granted by individuals. For studies that would want to
leverage these positions for studies related to media bias,
we also compute and provide in the data standard de-
viations and perform Hartigan’s dip test71 to evaluate
the spread and the potential bimodality of the opinion
distributions across users who share each domain. Using
these additional metrics, researchers can select medias
that are highly cited by users with coherent positions in
our selected issue and ideology dimensions.

Finally, to give an example illustration of the data we
release, Fig. 1 shows the positions of MPs, parties and
three major media domains along four selected dimen-
sions.

3 Data records

The released files contain seven tables in CSV format,
one Jupyter notebook and several images. The CSV files
are the following:

• mps_positions.csv

• followers_positions.csv

• followers_human_annotations.csv

• followers_llm_annotations.csv

• mps_activity.csv

• followers_activity.csv

• domains_positions.csv

We detail below the size and content of these tables. Most
of them exhibit sets of columns pertaining to similar fea-
tures declined across the multiple political dimensions
and annotation labels present in our data ; we do not list
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Figure 1: Positioning of users, MPs, parties and three selected media domains on four political axes: economic Left-Right
and anti-elite sentiment (left), European integration and ecology (right). Colored crosses represent MPs. Colored rectangles
indicate the average position of each party’s parliamentarians. Marginal densities and hexagons indicate the distribution of
followers positions. White dots indicate the positions of three selected media domains.

all such columns in the tables below but give a representa-
tive example and the total number of such columns each
time. All floats are given with three decimals, except for
mean_tweets_per_day (five decimals). Names of MPs
are included, but other users have been anonymized and
all information allowing for potential identification has
been removed. For the sake of practicality, we endowed
each user and MP with a unique random pseudo id that
allows for matching data across the different tables.

3.1 Positions of MPs

The file mps_positions.csv contains the names, party
affiliations and political positions of MPs. It has 883
rows and 19 columns. Each row corresponds to one MP
that had a platform account at the time of our man-
ual annotation procedure. The columns are detailed in
Table 2.

3.2 Positions of followers of MPs

The file followers_positions.csv contains the polit-
ical positions of the followers. It has 978,050 rows
and 17 columns. The columns are the same as for
mps_positions.csv minus the party and name columns.
Each row corresponds to one user.

3.3 Human annotations of followers bios

The file followers_human_annotations.csv contains
human annotations of the bios of followers, used for the

validation. It has 5,864 rows and 9 columns—users with
all NaN annotations were discarded. Each row corre-
sponds to one follower. These annotations correspond to
labels produced by a set of human annotators, prompted
to read profile bios of users in our dataset, and annotate
whether they display information allowing us to classify
them into groups relevant for our validation metrics. The
columns are detailed in Table 3.

3.4 LLM annotations of profile bios of followers

The file followers_llm_annotations.csv contains an-
notations of the followers bios produced by LLMs and used
for the validation. It has 317,684 rows and 16 columns—
users with all NaN annotations were discarded. Each row
corresponds to one follower. The columns are detailed in
Table 4.

3.5 Activity and popularity of MPs

The file mps_activity.csv contains the names, party
affiliations, activity-related and popularity-related met-
rics for the MPs. It has 883 rows and 6 columns. Each
row corresponds to one MP. All MPs are included. The
columns are detailed in Table 5.

3.6 Activity and popularity of followers

The file followers_activity.csv contains activity and
popularity metrics for the followers. It has 978,050 rows
and 4 columns. Each row corresponds to one follower.
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Table 2: Detail of columns for mps_positions.csv.

Column name Description Format
pseudo_id Unique (artificial) identifier of the user. string
name First name and surname of the MP. string
party Party affiliation of the MP. string
xxx_yy (e.g. lrecon_23) Position on dimension xxx in the space of CHES 20yy. 16 such columns. float

Table 3: Detail of columns for followers_human_annotations.csv.

Column name Description Format
pseudo_id Unique (artificial) identifier of the user. string
xxx (e.g. eurosceptic) Human annotations of the bios for class

xxx. 8 such columns.
1.0 (identified as xxx), nan (unidentified).

Table 4: Detail of columns for followers_llm_annotations.csv.

Column name Description Format
pseudo_id Unique (artificial) identifier of the user. string
xxx LLM annotations of the bios for class xxx. 15

such columns.
0.0 (identified as not xxx), 1.0 (identified as
xxx), nan (unidentified).

Table 5: Detail of columns for mps_activity.csv.

Column name Description Format
pseudo_id Unique (artificial) identifier of the user. string
name First name and surname of the MP. string
party Party affiliation of the MP. string
mean_tweets_per_day Average number of posts per day. float
followers Number of followers. float
followees Number of followees. float

Table 6: Detail of columns for followers_activity.csv.

Column name Description Format
pseudo_id Unique (artificial) identifier of the user. string
mean_tweets_per_day Average number of posts per day. float
followers Number of followers. float
followees Number of followees. float

Some followers did not appear in our database of tweets
and are excluded from the table. The columns are detailed
in Table 6.

3.7 Positions of media domains

The file domains_positions.csv contains the positions
of the media domains. It has 400 rows and 84 columns.
Each row corresponds to one media domain. The rows
are sorted in order of decreasing user_count (see below).
The columns are detailed in Table 7.

4 Validations

In this section we present several computations showing
the quality and consistency of the positions computed
for users and for medias. Our method for position esti-
mation is purely structural, in that it relies solely on the
follow relationships that exist between MPs and other
users on X, and on relations between medias and users
whenever they include them in their tweets. Notably, our
methods so far exclude textual data. To demonstrate
the robustness of our results, we compare the positions
we computed with political stances stated by the users
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Table 7: Detail of columns for domains.csv.

Column Name Description Format
domain Web address of the domain. string
media_category Media category from ref. 42. string
user_count Number of users who tweeted URLs pointing towards this domain. integer
tweet_count Number of tweets containing URLs pointing towards this domain. integer
xxx_yy_mean (e.g. lrecon_23_mean) Average position of users who shared URLs from this domain on dimension xxx in

the space of CHES 20yy. 16 such columns.
float

xxx_yy_std (e.g. lrecon_23_std) Standard deviation of the positions of users who shared URLs from this domain.
16 such columns.

float

xxx_yy_quantile (e.g. lrecon_23_quantile) Quantile (20%) calculated from the distribution of the values of columns
xxx_yy_mean across all domains. 16 such columns.

integer

xxx_yy_dip (e.g. lrecon_23_dip) Statistic of Hartigan’s dip test 71 performed on the distribution of the positions
of users who shared URLs pointing toward this domain, in the corresponding
dimension. 16 such columns.

float

xxx_yy_pval (e.g. lrecon_23_pval) p-value of Hartigan’s dip test. 16 such columns. float

through text in their profile bios (text self-descriptions
curated by users to appear at the top of their personal
profiles in the platform). In these bios, users may often
convey, as we show below, information accusing their
ideological stances (e.g., presenting themselves explicitly
as Left- or Right-leaning individuals) and their stances
on issues (e.g., explicitly taking position on immigration
or environmental protection).

We now present the protocols through which we iden-
tified users expressing political stances in their profile
bios, and how we leveraged them in computing metrics
showing the quality of the ideology and issue positions
in our dataset. All of the results and figures presented in
this section can be reproduced using the code provided
with the data. The exact text of bios are not provided in
the data to protect the anonymity of users.

4.1 Annotation of profile bios

For each of the selected ideology and issue dimensions,
we establish a pair of labels associated with a distinguish-
able leaning or stances of users, for which the dimension
should provide an order. For instance, using the text pro-
file bios, we label each user as being Left-leaning (“left”)
or Right-leaning (“right”) whenever possible (admittedly,
not all users hint at their leaning on their profiles) to
quantify the degree to which the continuous Left-Right
dimension we inferred orders these users. For the E.U.
dimension, we annotate users as“eurosceptic” or “pro-
european” whenever possible. Dimensions and the corre-
sponding annotation labels are listed in Table 8. We aim
to identify users that have distinguishable self-reported
leanings and stances, and not all possible ways in which
users convey their stances. In other words, our labels are
suited for our validation protocol, but do not exhaust the
many possible ways in which users hint at their politi-
cal positions through text in their bios. This strategy
borrows from that of previous ideology scaling using fol-
lower networks by Barbera38, in which he identified users
self-identifying as liberal or conservative (among other
labels) to validate their estimated ideological positions.

Our strategy expands that of Barbera, adapting a greater
number of dimensions, similar to what Ramaciotti et al.72

proposed for validating two dimensions: Left-Right and
anti-elite positions. We compute these labels in two in-
dependent ways: using LLM automatic annotation, and,
for fewer dimensions (because of the involved cost), using
human annotations. See in Table 8 the labels used and
the corresponding dimensions in which we used them for
validation.

The criteria and instructions used for annotation (both
for automatic and human) rely on the description of di-
mensions contained in the political survey data we use
for calibration, i.e., the CHES data. The CHES data
codebooks contain detailed descriptions of the substance
of each dimension. Some dimensions do not span between
dychotomous extremes (like Left-Right), but measure the
degree to which a given attitude is held. The most notable
example is the CHES anti-elite dimension, measuring the
degree of adoption of anti-elite and anti-establishment
populist rhetoric. In this case, to produce dichotomous
labels, we label users as being from “elite” groups or
displaying “populist” rhetoric to validate the Anti-elite
dimension. Individuals displaying populist rhetoric (e.g.,
subscribing to a vision of society divided into the “people”
and “elites”) may be also part of different elites. The
validation we propose relies on the fact that most users
engaging in acute anti-elite rhetoric will not be part of
the elite groups, with high probability.

LLM annotation. To submit the profile bios to an
LLM for annotation, we first translated each follower
profile bio text to English using M2M100 1.2B73, to min-
imize the probability of the quality of our annotations
depending on the language. We then submitted each
English-translated bio to the Large Language Model
zephyr-7B-β 74, producing binary annotations for the
collection of political labels considered. The accuracy
and utility of LLM annotations for the classification of
political content has been examined in several recent stud-
ies75,76. The prompts used for annotation were chosen
after an iterative series of tries, manually evaluating the

8



Mapping the digital political landscape Vendeville et al., 2025

quality of the annotations for a small subset. Here are
two example prompts that we use; an exhaustive list is
provided in Appendix.

• LLM label “Left”: You are an expert in French pol-
itics. Please classify the following X profile bio as
“Left- leaning” or “Not-Left” according to whether
the author of the text (who is from France) is polit-
ically Left-leaning or not. The response should be
in the form of a single term with the name of the
category: “Left-leaning” or “Not-Left”: [TEXT OF
THE BIO].

• LLM label “Eurosceptic”: You are an expert in
European politics. Please classify the following X
profile bio as “Eurosceptic” or “Not-Eurosceptic”
according to whether the author of the text (who is
from France) holds negative views of the European
Union or not. The response should be in the form
of a single term with the name of the category: “Eu-
rosceptic” or “Not-Eurosceptic”: [TEXT OF THE
BIO].

Our prompts produce a very large proportion of out-
puts in the intended requested form. We discarded out-
puts that do not correspond to one of the two requested
allowed categories specified in the prompt. Then we
examine LLM annotations produced for pairs of dichoto-
mous labels (“Left” and “Right”, “Pro-European” and
“Eurosceptic”) to further discard annotations that are
contradictory (e.g. users annotated as being both “Left”-
and “Right”-leaning by the LLM). Upon manual exami-
nation, we noted that this happened mainly because of
ambiguous political messages, e.g. “I am a left-winger
because I believe there should not be private property
but a right-winger because I believe we should expel
immigrants” (fictional example). Table 10 reports the
number of bios for which we were able to obtain a label.
We compare the annotations for each pair of opposite
categories (e.g. “left” and “right”, “populist” and “elite”)
with the corresponding CHES dimensions (e.g. lrecon_23,
antielite_salience_23). The full list of correspondence be-
tween pairs of labels and CHES dimensions is summarized
in Table 8.

We leveraged annotated profiles in two forms of val-
idation: examination of the monotonicity of the con-
centration of users with labels along dimensions, and
measurement of the order and separation between labeled
users along dimensions.

Human annotation. Rather than evaluating LLM an-
notations with human annotators, we seek to produce an
independent measure of validity of estimated positions
of users using human annotations. Because of the cost
involved in producing human annotations, we employed
a different strategy and protocol. First, we only consid-
ered a few dimensions, namely, Left-Right dimensions
(ideological and economic), attitudes towards the EU,

immigration, and anti-elite and anti-establishment senti-
ments. Second, because cost of human annotations were
prohibitive, we adopted neither a purely descriptive nor
purely prescriptive paradigm77, but a mixed approach.
Instead of providing annotators with the same instruc-
tions given to LLMs, we allowed for annotators to propose
criteria to define the labels in a two-phase protocol. The
two steps of this descriptive-prescriptive annotation strat-
egy are: 1) first, annotators examine the bios to specify a
set of criteria, to then 2) apply these criteria to produce
the labels. While the annotators know the prompts given
to LLMs, and thus the number of labels that need to be
produced and the main concept underlying them, they
are free to propose the rest of the annotation protocol to
follow for classifying texts into labels. Concretely, their
proposed protocols allow for them to filter and select the
bios that they will then annotate (e.g., based on the pres-
ence of keywords they think are important). This strategy
can thus assure only a low rate of false positives and a
high rate of true positives, but says little about true and
false negatives. More details about the human annotation
protocol are provided in the Appendix. Sections 4.2 & 4.3
demonstrate the convergence validity between LLM and
human annotations, and show that both strategies lead to
a validation of the estimated positions of users along all
targeted CHES dimensions, as quantified by classification
metrics.

4.2 Concentration of labeled users along dimen-
sions

First, we assess whether labeled users are coherently po-
sitioned along the corresponding CHES dimensions. We
divide the range of values of each CHES dimension into
one-sized bins (0-1, 1-2, 2-3, 3-4, 4-5, 5-6, 6-7, 7-8, 8-9,
and 9-10) and group users accordingly. We then proceed
to examine the fraction of labeled users among the bins,
for the labels corresponding to the selected dimension
(Table 8). We also compute Clopper-Pearson confidence
intervals78 for the fraction of labeled users on each bin.
Our first validation consists in evaluating that the concen-
tration of labeled users is monotonic, and that it increases
or decreases coherently across the corresponding dimen-
sion. The figures for 15 labels (each associated to a CHES
dimension), are included with the reproducibility mate-
rial. The result for a couple of labels is shown here for
illustration.

Fig. 2 shows the distribution of users labeled as hav-
ing “left” leaning (both by human and LLM annotators),
showing that their concentration increases monotonically
towards lowers values of the CHES Left-Right dimension.
Fig. 2 also shows additional examples, including the dis-
tribution of users labeled (by humans) as “eurosceptic”,
monotonically concentrated towards lower values of the
CHES EU dimension, and users labeled as displaying
“liberal immigration” stances (by the LLM) along the
CHES dimension measuring stances towards immigra-
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tion. These selected examples illustrate how human and
LLM annotation of text profile bios produce labels for
users that are concentrated coherently with the ideology
or stances on issues that the CHES dimensions capture.
We find convincing results for all dimensions. Plots for
all combinations of dimension and labels are provided
with the data, and can also be reproduced using the
reproducibility code available with this article.

4.3 Order and separation of labeled users along
CHES dimensions

We now seek to evaluate how well users with opposite
labels are separated along the corresponding CHES di-
mensions. To this end, we fit a logistic regression model
between labels and positions in our opinion space. For
the example of “left” and “right” labeled users along
CHES Left-Right dimensions, we consider one label as
failures and the other as successes, we use positions along
Left-Right to fit the model, and validate the induced
separation and order of labeled users with goodness of
fit metrics. Because logistic regression is sensible to class
imbalance, and because some of our labels are imbal-
anced, we systematically weight the samples of labeled
users by the size of their label class4. Once we have fitted
a logistic regression model, we assess its goodness of fit
by measuring ROC AUC and F1 scores79, presented in
Table 8. Because F1-score is asymmetric (i.e., achieves
different results depending on which label is taken as
success), we compute it both ways (i.e., considering one
class as success and then as failure) and average the result.
Asymmetric F1-scores for each label ordering are provided
in Appendix (Table 10), while Precision and Recall are
computed in the reproducibility code accompanying the
data. In other words, we use the training accuracy of a
logistic classifier for pairs of labels on the corresponding
dimensions as a goodness of fit metric.

Upon evaluation, we observe high ROC AUC scores
(greater than 0.7) for all the selected dimensions that
we test. For most dimensions we obtained remarkably
high scores, greater than 0.9. Goodness of fit metrics
are coherent when comparing human and LLM annota-
tion, although human annotations always achieve better
goodness of fit scores. All of our validations except three
achieve F1-score values above 0.6. Fig. 3 illustrates the
goodness of fit metrics on selected examples.

4.4 Consistency between dimensions present in
the CHES 2019 and 2023 waves

Four dimensions exist both in the 2019 and 2023 waves
of the CHES data. The 2019 and 2023 are both relevant
to our estimates because we used follower links collected
in 2023, but produced by users before that. These di-
mensions are economic Left-Right, attitudes towards the
EU, Liberal-Conservative, and Anti-elite sentiments. To

assess both the reliability of the position inference method
we use, and the sensibility of the method to data from
these waves, we compare positions of parties, MPs, and
their followers. To compare between positions on a 2019
and a 2023 dimension, we compute the value of Pearson
correlation. As shown in Fig. 4, we find high correlations,
indicating consistency across the two surveys (all equal
or greater than 0.869).

4.5 Positions of media outlets

We now validate the position of the web domains that
correspond to French media outlets in our political CHES
dimensions. To this end, we leverage a previously curated
categorical classification of the most relevant French me-
dia outlets by Cointet et al.41,42. This dataset comprises
a list of 478 French media domains that users on Twitter
(now X) cite most frequently in posts. In this data by
Cointet et al., news outlets and politically engaged medias
are categorized into the following categories: “Centre”,
“Hyper-centre”, “Left Wing”, “Right Wing”, “Revolution-
ary Right” and “Identitarian”. These categories corre-
spond to clusters of the hyperlink citation network of
articles from these outlets, computed using the crawled
hyperlink network and Stochastic Block Model inference
(see the related publication41 for details). The categories
“Centre” and “Hyper-centre” are not named after the
political stance of the corresponding medias, but rather
because of the central role they occupy in citation net-
works, gathering the most important medias that reach a
national audience and may thus be read by a large and
diverse crowd. These central positions are, as shown in
Fig. 5 and other related plots available with the data,
tightly related to centrist ideological stances.

Among our 400 media domains, 217 are categorized
in the work of Cointet et al. We use the categorization of
those domains to validate our political positioning of the
domains. For each dimension of the political space, we
compare the distribution of the domains positions in the
political space across the different categories. We illus-
trate the result by plotting the distribution of positions
along the considered dimension for each category of me-
dia. Two examples are shown in Fig. 5; additional plots
are provided with the data and can also be reproduced
with the reproducibility code.

5 Limitations and perspectives

Our dataset offers the potential for several applications.
Researchers interested in using this data should however
keep in mind that it concerns a specific population, that
of X users who follow French Members of Parliament. As
online users are in general not representative of the over-
all population of a country80,81, conclusions drawn from
analyses of this database should not be generalized to

4We use for this the implementation provided with the scikit-learn library, providing the parameter class_weight=’balanced’.
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Figure 2: Proportion of users having a given label indicating ideological or issue stances, as provided by both human and
LLM annotations, along the corresponding CHES dimensions they intend to validate. Vertical bars delimit Clopper-Pearson
confidence intervals78 at the α “ 0.05.

the whole ensemble of French citizens without a thorough
evaluation of the validity of such procedure. In fact, this
database can also serve as the basis of a proper analysis
of the ideological similarities and differences between the
online and the general populations, by performing com-
parisons with respondent surveys such as the European
Social Survey 82.

Because we rely on the Chapel Hill Expert Surveys
to position users along the political dimensions, these po-
sitions are inherently constrained by the structure of the
opinion space subtended by the French political parties.

In the future, this database could be further enriched
by subsequent collections to study the evolution of the
political space. Further research shall also strive to de-
velop databases of individual political positions for other
countries and other online platforms relevant for political
communication, such as YouTube, TikTok or Bluesky.

6 Data availability

The dataset and the code needed to reproduce analyses in
this article are available at https://doi.org/10.17605/
OSF.IO/AT5Q2.

A filtered dataset where users with less than 25
followers are discarded (see Methods) is available at
https://doi.org/10.17605/OSF.IO/V28KH.
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Table 8: Summary of results for goodness of fit for the logistic regression models, sorted by decreasing ROC AUC, serving as
main validation of the position of users along selected Chapel Hill Expert Survey (CHES) data dimensions from the 2019
and 2023 waves. Each CHES dimension is validated using users labeled with pairs of dichotomous labels that should be well
ordered and separated by the dimension. For the sake of space, “imm.” stands for “immigration”.

Dimension Year Annotator Label A Label B ROC AUC Avg. F1
lrgen 2019 human left right 0.992 0.961
lrecon 2019 human left right 0.992 0.952
lrecon 2023 human left right 0.979 0.946
immigrate_policy 2019 human liberal_immigration restrictive_immigration 0.972 0.924
eu_position 2023 human eurosceptic pro_european 0.969 0.924
eu_position 2019 human eurosceptic pro_european 0.967 0.921
refugees 2023 human liberal_immigration restrictive_immigration 0.962 0.924
galtan 2023 LLM conservative liberal 0.943 0.882
galtan 2019 LLM conservative liberal 0.941 0.883
sociallifestyle 2019 LLM conservative liberal 0.941 0.877
lrgen 2019 LLM left right 0.931 0.863
lrecon 2019 LLM left right 0.929 0.859
eu_position 2023 LLM eurosceptic pro_european 0.927 0.823
immigrate_policy 2019 LLM liberal_immigration restrictive_immigration 0.922 0.864
eu_position 2019 LLM eurosceptic pro_european 0.917 0.803
nationalism 2019 LLM cosmopolitan nationalist 0.915 0.864
antielite_salience 2023 LLM elite populist 0.915 0.697
refugees 2023 LLM liberal_immigration restrictive_immigration 0.911 0.843
antielite_salience 2023 human elite populist 0.903 0.824
lrecon 2023 LLM left right 0.894 0.854
antielite_salience 2019 LLM elite populist 0.886 0.684
antielite_salience 2019 human elite populist 0.866 0.813
corrupt_salience 2019 LLM elite populist 0.848 0.609
people_vs_elite 2019 LLM elite populist 0.772 0.563
corrupt_salience 2019 human elite populist 0.762 0.640
people_vs_elite 2019 human elite populist 0.723 0.647
environment 2019 LLM climate_denialist pro_environment 0.653 0.362
environment 2019 LLM economic_focus pro_environment 0.639 0.546
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Appendix

A Impact of retaining users with less
than 25 followers

In a seminal paper38, Barbera suggests removing accounts
with less than 25 followers before computing political po-
sitions, in order to filter out bots and inactive accounts.
However, to allow for research projects to investigate
the relations between political opinions and activity, we
choose to retain these accounts. This changes the struc-
ture of the bipartite follow network, and therefore may
impact results for all users and MPs. Our full dataset has
980K users and MPs, among which 518K have at least
25 followers. We now demonstrate that our choice does
not significantly alter the results. To do so, we create an
alternative version of the dataset where political positions
are computed solely for users with at least 25 followers.
We compare these positions with those obtained for the
same users with the full dataset. We find very high Pear-
son correlations between the two, ranging from 0.909
(dimension: lrecon_23) to 0.997 (eu_position_19), with
an average over all dimensions of 0.973. Retaining users
with less than 25 followers therefore does not impact the
results, justifying our choice to leave them in.

B Parties and political dimensions

We present the different parties that appear in the data
and their characteristics in Table 9. Note the following
two differences in nomenclature between our data and
the CHES surveys: RE in our data corresponds to LREM
in CHES, LFI in our data corresponds to FI in CHES.
The following additional parties can be found in our data:
Horizons (center right), PRV (Parti Radical, center-right),
and LC (Les Centristes, center). MPs without party affil-
iation are noted as Independent.

C Number of annotated bios

Table 10 provides the number of samples per label, i.e.,
the number of annotated bios, used for the logistic re-
gression models in the validation, as well as the F1-score
of the model. For the sake of space we do not include
precision and recall, which are computed in the Jupyter
notebook accompanying the data.

D Human annotation protocol

In our manual annotation process, we are not looking to
capture all the richness of expressions with which an in-
dividual may declare identification with an ideological or
issue stance. On the contrary, we are looking to identify
a small but sufficient group of individuals for which the
group identification is certain, so that we can use this
certainty in assessing their spatial coherence. We are not
concerned by the diverse ways by which individuals might
communicate that they identify with ideological leaning
or stances on issues that speak to the selected CHES
dimensions. For instance, our protocol has high chances
of identifying a description such as “I am a proud leftist”
as being on the “left”, but low chances of identifying a
description such as “I will always follow marxist economic
policies”, or cues that rely on niche knowledge or current
events.

The following are the criteria given to annotators for
the labels used in validations.

Left and Right. Criterion: only explicit identification
with the “left” of the “right”. Examples: “Teacher, always
on the left” (left); “Neither left nor right” (neither); “I
hate leftists” (neither, this is not a right-winger neces-
sarily); “Husband, parent. Conservative” (neither); “I
vote for NUPES” (neither, we are interested in measuring
party identification and left- or right-wing identification
independently); “I’ve always been a marxist” (this is more
complicated: it references belonging to the left via his-
torical markers, and not current political competition.
It’s up to the annotator to decide.); “we should deport
all migrants, legal AND illegal” (neither, this might be
expression of stances aligned with left-right, but we are
precisely interested at measuring this alignment, rather
than relying on it); “I am on the right side of life” (it’s up
to the annotator, but we’ve seen that on some countries
these are coined phrases of right-wing identification). In
general, we favor explicit mentions of identification with
groups “left” and “right”.

Populists and elites. Criterion for populist: the per-
son refers to “the people”, or “the elite” (also simply
“elite”), mentions to “politicians” (plural) in a critical
way (not specific criticism of a single politician), criti-
cism towards institutions or elites (including references to
corruption), or expressed sympathies for strongman rule
(e.g. “If Macron was as brave as Putin we wouldn’t have
terrorism in France”). Criterion for elite: is a member of
an “elite group”. This includes several groups theorized
in the literature: governing elites, economic elites. We
exclude political elites (another group theorized in the
literature): council members, majors, senators, deputies,
etc. Keep in mind that X is an elite space in itself in
many ways, and that we’re interested in differences within
our X populations. We aim at labeling as “elite” indi-
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viduals that are part of very selective elites. Examples:
high paying jobs, working positions related to finance,
tech, international trade, diplomacy. We acknowledge
that the definition for the label “populist” is conceptually
clearer than that for “elite”. Rather than relying on a
robust and inclusive delimitation, our strategy relies on
an exclusive and conservative delimitation. Users with
the label do not capture the totality of users that may
display populist views, nor those of elites belonging to
elite groups. Instead, those that have the label, hold a
small probability of being mislabeled and should thus be
coherently spatialized along the corresponding dimension.

Eurosceptics and Pro Europeans. Criterion for pro
European: subscribes to positive views on Europe (in-
cludes displaying European symbols, or describing oneself
as European, or working on European organization). Cri-
terion for eurosceptic: involves criticism towards the E.U.
(including negative mentions of Ursula von der Leyen,
Brussels or other symbols of the EC and EU institutions).

Favorable and opposed to liberal immigration poli-
cies. Following the framing of our reference document,
the CHES codebook, the criterion for both labels were left
unqualified beyond what the name signifies. Annotators
were instructed to label profile bios according to whether
they displayed views that could be deemed “favorable” or
“opposed” to “liberal immigration policies”.

E LLM annotation protocol

The number of contradictory LLM labels (value 1 in both
opposite categories) was the following: left and right
1733 (4.35%) ; populist elite 950 (1.64%) ; eurosceptic
and pro_european 110 (0.51%) ; liberal_immigration
and restrictive_immigration 53 (0.61%) ; cosmopoli-
tan and nationalist 17 (0.09%) ; pro_environment
and climate_denialist 6 (0.02%) ; economic_focus
pro_environment 765 (2.04%) ; liberal and conservative
49 (0.34%). Those labels were discarded and replaced by
Nans in the published version of the data.

We now list all the prompts that were used for the
annotation process with the LLM.

Left. You are an expert in European politics. Please
classify the following X profile bio as “Left-leaning” or
“Not-Left” according to whether the author of the text
(who is from France) is politically Left-leaning or not.
The response should be in the form of a single term with
the name of the category: “Left-leaning” or “Not-Left”:
[TEXT OF THE BIO]

Right. You are an expert in European politics. Please
classify the following X profile bio as “Right-leaning” or
“Not-Right” according to whether the author of the text
(who is from France) is politically Right-leaning or not.

The response should be in the form of a single term with
the name of the category: “Right-leaning” or “Not-Right”:
[TEXT OF THE BIO]

Populist. You are an expert in European politics.
Please classify the following X profile bio as “Populist” or
“Not-Populist” according to whether the author of the text
(who is from France) holds populist views or not. Populist
views include, among others, believing that society is split
between the people and elites, or that political elites are
corrupt. The response should be in the form of a sin-
gle term with the name of the category: “Populist” or
“Not-Populist”: [TEXT OF THE BIO]

Elite. You are an expert in European politics. Please
classify the following X profile bio as “Elite” or “Not-Elite”
according to whether the author of the text (who is from
France) belongs to an elite group, including political or
economic elites. The response should be in the form of
a single term with the name of the category: “Elite” or
“Not-Elite”: [TEXT OF THE BIO]

Pro European. You are an expert in European poli-
tics. Please classify the following X profile bio as “Pro-
European” or “Not-Pro-European” according to whether
the author of the text (who is from France) holds positive
views of the European Union or not. The response should
be in the form of a single term with the name of the cate-
gory: “Pro-European” or “Not-Pro-European”: [TEXT
OF THE BIO]

Eurosceptic. You are an expert in European politics.
Please classify the following X profile bio as “Eurosceptic”
or “Not-Eurosceptic” according to whether the author of
the text (who is from France) holds negative views of the
European Union or not. The response should be in the
form of a single term with the name of the category: “Eu-
rosceptic” or “Not-Eurosceptic”: [TEXT OF THE BIO]

Conservative. You are an expert in European politics.
Please classify the following X profile bio as “Conser-
vative” or “Not-Conservative” according to whether the
author of the text (who is from France) holds conserva-
tive views or beliefs, including but not limited to negative
views on abortion, gender equality, and same-sex mar-
riage. The response should be in the form of a single
term with the name of the category: “Conservative” or
“Not-Conservative”: [TEXT OF THE BIO]

Liberal. You are an expert in European politics. Please
classify the following X profile bio as “Liberal” or “Not-
Liberal” according to whether the author of the text (who
is from France) holds liberal views or beliefs, including but
not limited to positive views on abortion, gender equal-
ity, and same-sex marriage. The response should be in
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the form of a single term with the name of the category:
“Liberal” or “Not-Liberal”: [TEXT OF THE BIO]

Liberal immigration. You are an expert in Euro-
pean politics. Please classify the following X profile bio as
“Pro-Immigration” or “Not-Pro-Immigration” according to
whether the author of the text (who is from France) holds
liberal or positive views on immigration. The response
should be in the form of a single term with the name of the
category: “Pro-Immigration” or “Not-Pro-Immigration”:
[TEXT OF THE BIO]

Restrictive immigration. You are an expert in Eu-
ropean politics. Please classify the following X profile
bio as “Anti-Immigration” or “Not-Anti-Immigration” ac-
cording to whether the author of the text (who is from
France) holds conservative or negative views on immigra-
tion. The response should be in the form of a single term
with the name of the category: “Anti-Immigration” or
“Not-Anti-Immigration”: [TEXT OF THE BIO]

Pro environment. You are an expert in European
politics. Please classify the following X profile bio as
“Pro-Environment” or “Not-Pro-Environment” according
to whether the author of the text (who is from France) sup-
ports environmental protection, including but not limited
to fighting against climate change, supporting economic
de-growth, showing interest in the rights of animals, or
adopting dietary restrictions such being vegan or vegetar-
ian. The response should be in the form of a single term
with the name of the category: “Pro-Environment” or
“Not-Pro-Environment”: [TEXT OF THE BIO]

Climate denialist. You are an expert in European
politics. Please classify the following X profile bio as
“Climate-Denialist” or “Not-Climate-Denialist” according

to whether the author of the text (who is from France)
denies or is skeptical about climate change, climate warn-
ing, or their human cause. The response should be in
the form of a single term with the name of the category:
“Climate-Denialist” or “Not-Climate-Denialist”: [TEXT
OF THE BIO]

Economic focus. You are an expert in European
politics. Please classify the following X profile bio as
“Economic-Focus” or “Not-Economic-Focus” according to
whether the author of the text (who is from France) is
interested in the economy, including but not limited to
economic growth. The response should be in the form of
a single term with the name of the category: “Economic-
Focus” or “Not-Economic-Focus”: [TEXT OF THE BIO]

Nationalist. You are an expert in European politics.
Please classify the following X profile bio as “Nationalist”
or “Not-Nationalist” according to whether the author of
the text (who is from France) is a nationalist or a patriot,
including but not limited to opposing multiculturalism,
international organizations, or ethnic minority commu-
nities. The response should be in the form of a single
term with the name of the category: “Nationalist” or
“Not-Nationalist”: [TEXT OF THE BIO]

Cosmopolitan. You are an expert in European politics.
Please classify the following X profile bio as “Cosmopoli-
tan” or “Not-Cosmopolitan” according to whether the
author of the text (who is from France) is cosmopolitan,
including but not limited to supporting multiculturalism,
international organizations, international integration, and
multilateralism. The response should be in the form of a
single term with the name of the category: “Cosmopolitan”
or “Not-Cosmopolitan”: [TEXT OF THE BIO]
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Table 9: Characteristics of the different parties in the dataset. The number of MPs refers to the presence in our data. The
last two columns indicate whether or not the party was included in the CHES surveys.

Acronym Name MPs CHES 2019 CHES 2023
RE Renaissance 193 ✓ ✓

LR Les Républicains 172 ✓ ✓

RN Rassemblement National 87 ✓ ✓

PS Parti Socialiste 84 ✓ ✓

LFI La France Insoumise 72 ✓ ✓

MoDem Mouvement Démocrate 52 ✓ ✓

Horizons Horizons 36 - -
UDI Union des Démocrates et Indépendants 33 - ✓

EELV Europe Ecologie Les Verts 26 ✓ ✓

PCF Parti Communiste Français 25 ✓ ✓

PRV Parti Radical 14 - -
LC Les Centristes 7 - -
PRG Parti Radical de Gauche 2 - ✓

DLF Debout La France 1 ✓ ✓
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Table 10: Number of annotated bios, F1-score, Precision and Recall of the logistic regression models used for the validation.
Sorted by decreasing F1-score.

Dimension Year Annotator Label A Label B NA NB F1-score Precision Recall
lrgen 2019 human left right 1975 1593 0.965 0.976 0.953
lrgen 2019 human right left 1593 1975 0.957 0.944 0.971
lrecon 2019 human left right 1975 1593 0.957 0.972 0.941
lrecon 2023 human left right 1975 1593 0.951 0.977 0.926
lrecon 2019 human right left 1593 1975 0.948 0.930 0.967
lrecon 2023 human right left 1593 1975 0.942 0.913 0.973
eu_position 2023 human pro_european eurosceptic 880 536 0.940 0.962 0.919
eu_position 2019 human pro_european eurosceptic 880 536 0.938 0.961 0.916
refugees 2023 human restrictive_immigration liberal_immigration 211 161 0.933 0.946 0.919
immigrate_policy 2019 human restrictive_immigration liberal_immigration 211 161 0.933 0.946 0.919
galtan 2019 LLM liberal conservative 9519 4666 0.920 0.939 0.901
galtan 2023 LLM liberal conservative 9519 4666 0.919 0.940 0.898
immigrate_policy 2019 human liberal_immigration restrictive_immigration 161 211 0.915 0.898 0.932
refugees 2023 human liberal_immigration restrictive_immigration 161 211 0.915 0.898 0.932
sociallifestyle 2019 LLM liberal conservative 9519 4666 0.914 0.944 0.887
eu_position 2023 human eurosceptic pro_european 536 880 0.907 0.877 0.940
eu_position 2019 human eurosceptic pro_european 536 880 0.904 0.872 0.938
antielite_salience 2023 LLM elite populist 51070 5265 0.900 0.985 0.828
eu_position 2023 LLM pro_european eurosceptic 15846 5422 0.896 0.950 0.847
antielite_salience 2019 LLM elite populist 51070 5265 0.894 0.981 0.822
immigrate_policy 2019 LLM restrictive_immigration liberal_immigration 5262 3350 0.889 0.918 0.862
eu_position 2019 LLM pro_european eurosceptic 15846 5422 0.880 0.949 0.820
antielite_salience 2023 human elite populist 416 198 0.875 0.923 0.832
nationalism 2019 LLM cosmopolitan nationalist 10345 9300 0.873 0.864 0.882
antielite_salience 2019 human elite populist 416 198 0.871 0.902 0.841
lrgen 2019 LLM left right 20477 17125 0.870 0.901 0.842
refugees 2023 LLM restrictive_immigration liberal_immigration 5262 3350 0.869 0.911 0.831
lrecon 2019 LLM left right 20477 17125 0.864 0.910 0.823
lrecon 2023 LLM left right 20477 17125 0.859 0.913 0.810
lrgen 2019 LLM right left 17125 20477 0.856 0.825 0.889
nationalism 2019 LLM nationalist cosmopolitan 9300 10345 0.856 0.866 0.846
lrecon 2019 LLM right left 17125 20477 0.854 0.810 0.903
lrecon 2023 LLM right left 17125 20477 0.850 0.800 0.907
galtan 2019 LLM conservative liberal 4666 9519 0.846 0.813 0.881
galtan 2023 LLM conservative liberal 4666 9519 0.845 0.810 0.884
corrupt_salience 2019 LLM elite populist 51070 5265 0.841 0.976 0.738
sociallifestyle 2019 LLM conservative liberal 4666 9519 0.840 0.794 0.892
immigrate_policy 2019 LLM liberal_immigration restrictive_immigration 3350 5262 0.839 0.802 0.879
refugees 2023 LLM liberal_immigration restrictive_immigration 3350 5262 0.816 0.767 0.873
people_vs_elite 2019 LLM elite populist 51070 5265 0.812 0.961 0.704
antielite_salience 2023 human populist elite 198 416 0.773 0.707 0.854
antielite_salience 2019 human populist elite 198 416 0.755 0.708 0.808
eu_position 2023 LLM eurosceptic pro_european 5422 15846 0.751 0.660 0.870
eu_position 2019 LLM eurosceptic pro_european 5422 15846 0.726 0.623 0.870
people_vs_elite 2019 human elite populist 416 198 0.722 0.818 0.647
environment 2019 LLM pro_environment climate_denialist 28163 107 0.714 0.997 0.556
corrupt_salience 2019 human elite populist 416 198 0.699 0.836 0.601
environment 2019 LLM pro_environment economic_focus 28163 8387 0.661 0.858 0.538
corrupt_salience 2019 human populist elite 198 416 0.581 0.473 0.753
people_vs_elite 2019 human populist elite 198 416 0.571 0.484 0.697
antielite_salience 2023 LLM populist elite 5265 51070 0.495 0.345 0.878
antielite_salience 2019 LLM populist elite 5265 51070 0.474 0.329 0.848
environment 2019 LLM economic_focus pro_environment 8387 28163 0.431 0.311 0.700
corrupt_salience 2019 LLM populist elite 5265 51070 0.378 0.245 0.825
people_vs_elite 2019 LLM populist elite 5265 51070 0.314 0.201 0.722
environment 2019 LLM climate_denialist pro_environment 107 28163 0.011 0.005 0.626
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