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ABSTRACT
A large number of studies have attempted to determine how social
media affects partisan preferences by relying on predictive mod-
els for inferring political affiliation. This task is often performed
based on the content generated by the users (e.g., tweet texts), the
relations they have (e.g., who they follow), and their activities and
interactions (e.g., which tweets they like). We provide a comprehen-
sive survey and an empirical comparison of these current practices,
in order to compare their signal strength and performance in pre-
dicting the party affiliation of users based on their online activities
on Twitter. We also propose our own three approaches, which are
competitive with or outperform state-of-the-art methods, and let
the practitioner select from a wide range of data types that all give
strong performance. Finally, we conduct extensive experiments on
different aspects of these methods, which can provide insights for
both applied and methodological research.
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1 INTRODUCTION
Knowing the political orientation of social media users is critical to
many research areas. It is fundamental to polling and predicting
election outcomes. It is a first step in measuring political conflicts
in online societies [13, 19], and necessary for many strategies to
mitigate polarization’s harms [3, 47, 51, 54]. It is a significant factor
in the spread of misinformation [31, 40], and understanding its
impact on social media usage is of paramount importance in a
context where democratic norms are declining.

Increasing partisan animus, or what scholars call affective polar-
ization, has been confirmed not only in the United States [49], but
also in other countries, such as Canada [25], the United Kingdom
[22], and France [8]. For the most part, these studies have concluded
that partisan tensions have dramatically increased in recent years
by looking at different survey questions to capture the levels of
dislike and distrust between people who identify with opposing
parties [24]. Several explanations have been put forward to account
for this trend, most notably partisan sorting or economic inequali-
ties [16, 17, 37], but increasingly researchers are identifying social
media as one of the root cause of this phenomenon [4, 21, 27, 30]. To
the extent that online communities influence the level of partisan
polarization within the electorate, it becomes critical to understand
how political party identification can affect the behavior of social
network users. Indeed, before we can determine with certainty

whether social media influences the levels of partisan polarization
in the broader public, we need to be able to identify the partisanship
of users and their ties to political parties.

However, despite its importance, there is no single definitive
method or procedure for predicting a user’s political party affilia-
tion from online activities. This paper aims to take a step in that
direction, including but not limited to, a survey of existing meth-
ods, extensive experiments evaluating different approaches, and
new methods that deliver state-of-the-art performance with more
coverage and more easily obtainable data.

Party prediction for social media users is well-studied (e.g., [39]),
and approaches have been developed based on many types of data,
such as text, followership, and interactions (e.g., retweets). But
each of these methods is usually evaluated on a unique dataset,
without any attempts to compare its overall performance with
other existing approaches or baselines. The collection process and
resultant dataset difficulty vary widely, with different types of users
(e.g., politicians vs. general public), diverse filters, and often entirely
different time periods and topics. Thus, there are few comparisons
within each paper, and evaluations of the different approaches are
generally inaccurate due to the diverse data sources.

To solve this problem, we first survey the literature, paying
particular attention to not only the method and its aggregate per-
formance numbers, but also the characteristics of the data used. We
summarize the key findings in Tables 1 and 14, and elaborate in
detail in Section 2.

Next, we collect data from approximately 15,000 Twitter users
who discuss American politics during the time period directly be-
fore and after the 2020 US election. We use these users to test
the performance of seven different methods, including three ap-
proaches of our own that cover all types of interactions and text.
In this way we confirm quantitatively the major impact of different
datasets and how challenging the task of comparing existing models
is. Moreover, our study provides the missing thorough comparison
necessary to evaluate the performance of these models for the first
time.

We also do extensive ablation and other experiments validating
different components of our approaches. We confirm that our meth-
ods deliver strong performance and can do so from a wide variety
of data types. Our experiments can also help future researchers
better understand all the different factors involved in this task, such
as which data types are most informative and applicable, how to
structure interaction data, and differences between the public and
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politicians. We hope that in this way our experiments will lead to
improved methods and measures of online partisan conflict.

In summary, our main contributions are:

• To show, through both an extensive survey and quantitative
experiments, that party prediction results in the literature
are extremely challenging to compare. This can result in
suboptimal or even unstable foundations for downstream
research.

• To fill this hole in the literature by taking strong methods
from this survey and adding our own data and approaches.

• To determine their level of performance. Our three new
approaches are all competitive with or outperform the state-
of-the-art methods identified from the literature. Together
with our encompassing experiments, they open up new
options and data types for applied practitioners and new
insights for future methodology research.

2 BACKGROUND AND RELATEDWORK
There is a lack of consensus in the literature as to what factors
explain the heightened levels of polarization in the United States
[8, 18]. This is especially important today, as democratic norms
appear to be eroding across many Western democracies [15, 32].
Several explanations have been put forward to account for this
trend, such as the choice media [45], partisan sorting [55], eco-
nomic inequalities [52], and demographic changes [7]. For many,
however, the responsibility for this change rests with social media
usage, especially since the COVID-19 pandemic, which saw many
of the more traditional political activities move online. This con-
clusion is perhaps surprising since there is no clear evidence in the
literature that social media has an impact on political polarization,
either within or outside the digital world [24]. One thing is certain,
however, in order to determine if social media outlets have an effect
on partisan conflicts, we need to have a reliable measure of online
polarization. If users are not polarizing, then there is a much lower
chance that social networks will influence the broader levels of par-
tisan conflicts observed in the general public. But if they are, we can
begin to focus on determining whether polarization is spreading
offline and develop tools to promote more civil exchanges within
those communities.

There is surprisingly little consensus among scholars on the
right approach to classify users according to their partisan affili-
ation, let alone measuring polarization [11]. In a comprehensive
review, Tucker et al. [49] highlighted different gaps in the literature
to understand the relationship between social media usage and
political polarization. However, the authors failed to mention the
problems associated with classifying partisanship and measuring
partisan conflicts [30]. This is surprising, as there does not seem to
be a widely-accepted, scalable, and easily implementable method
to perform these tasks. Without such an approach, how can we
determine if polarization is increasing or decreasing across social
networks?

Most techniques for measuring online polarization begin by clas-
sifying users according to their partisan affiliations. In the United
States, for example, users can either be supporters of the Demo-
cratic or the Republican parties; in some cases, users can also be
classified according to their ideology, as liberals or conservatives.

If the measured distance (or opposition) between these two group
is high, than polarization is said to be elevated, and vice-versa.

But how accurate are these different classification approaches?
Since the goal of this paper is to develop a standard measure of party
affiliation from online activities, comparing our own approach to
other competing techniques is a necessary step to validate its per-
formance. For the purpose of this study, we reviewed 20 papers and
identified eleven approaches that offer a unique method to classify
users according to their partisan affiliation. We have selected these
approaches because they represent a broad range of estimation tech-
niques and because they offer strong performances to predict the
partisan affiliation of social network users, with the most promising
of these methods tested against different gold standards to establish
their accuracy.

Each classification technique is based on Twitter data and uses
different features to assess the partisan affiliation of users. Table 1
summarizes the main approaches and explains their limits. Table 14
reports similar information, but for the other remaining papers. We
selected the models for inclusion in Table 1 based on their higher
level of prediction accuracy (as reported by the authors). Even so,
the accuracies range from 66% to 97%, meaning that there is a wide
range of classification error, depending on which approach is used.

The table is divided into nine columns. The first one represents ac-
curacy (1), which indicated how well the party predictions perform.
We also report how each of the approaches works by indicating
what features are used in the classification tasks. These are: (2)
media outlets; (3) network activities; (4) network relations; or (5)
content.1 For instance, some approaches use media outlets shared
by the users to infer partisan affiliation [2, 36, 46, 48]. Others rely on
the structure of networks to infer partisan leanings [6, 12, 20, 42, 57],
while some rely instead on other types of network activities, such
as retweets and mentions [2, 13, 20, 36, 42, 46, 57]. Finally, several
approaches focus on the content of messages, by either looking
at the text or the hashtags used to represent a partisan side, like
#Democrats or #Republican [12, 13, 42, 46]. Note that most of these
approaches combine more than one feature to make their predic-
tions. Only Barberá et al. [6] relies exclusively on a single feature
in their party prediction model.

The next column (6) indicates if the classification task was per-
formed within a subsample of “politicians” or the general “public”;
that is, accounts from well-known politicians and parties (see for
example [6, 20, 46, 57]), or from a broader set of Twitter users. We
also added a column (7) related to the test size (i.e., the number of
users an approach was evaluated on) to validate the accuracy of
the method which varies from around 500 [46] to approximately
40,000 [6, 36]. Finally, the last two columns indicate whether the
code used to make those predictions is publicly available (8), and
our own evaluation of the difficulty level of the prediction task and
data which the method was tested on (9).

To determine this overall level of difficulty of the classification
tasks, we proceeded in four steps. First, we examined whether the

1The media outlets approach infers the user’s ideology based on the political leaning of
the media shared in online messages, while the network activities approach relies on
the retweets and mentions systems of users. The network relation approach considers
the fellowship of users to determine their partisanship. In other words, party affiliation
is predicted based on who they follow. Lastly, the content approach includes the
political leaning based on words and terms such as hashtags and keywords to indicate
users’ ideology.
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Table 1: Survey methods to predict party affiliation. Here we report for each paper: Accuracy (1), whether they used Media
outlets (2), Network Activities (retweets and mentions) (3), Network Relation (followership) (4), Content (words and hashtags)
(5), as well as if they consider Public, Elite or both (6), their test size in terms of number of users on which the ideology is
inferred (7), if their code is available (8) and finally the level of difficulty (9), as explained more in the text.

Papers Acc. Media Activity Relation Content Type Size Code Difficulty

Conover et al.[2011] 94.9% ✓ ✓ Public 1,000 Medium

Barberá[2015] 78% ✓ Both 42,008 ✓ Hard

Rheault and Musulan[2021] 90.9% ✓ ✓ ✓ Politicians 505 ✓ Easy

Luceri et al.[2019] 89% ✓ ✓ Public 38K Medium

Colleoni et al.[2014] 79% ✓ ✓ Public 10,551 Medium

Pennacchiotti and Popescu[2011] 88.9% ✓ ✓ ✓ Public 10,338 Medium

Stefanov et al.[2020] 82.6% ✓ ✓ ✓ Public 806 Medium

Gu et al.[2016] 66.3% ✓ ✓ Both 1,200 Medium

Badawy et al.[2018] 91% ✓ ✓ Public 29K Medium

Xiao et al.[2020] 96% ✓ ✓ Both 20,811 ✓ Hard

Preoţiuc-Pietro et al.[2017] 97.2% ✓ ✓ Public 13,651 ✓ Medium

models were tested on a general sample of Twitter users or if they
focus politician accounts instead. Second, we looked at the number
of filters applied to the data before the classification task. Almost
all of the models are tested on a sample of tweets related to politi-
cal topics (i.e., datasets selected from policy-related keywords or
hashtags). However, we also consider the application of additional
filters (e.g., selection on polarizing keywords, user activity levels,
or user location) as a factor that could potentially increase the dif-
ficulty level. Third, we examined the data collection approach by
considering the number of features included in the classification
task; methods that integrate several features are assumed to be
more complex in their implementation. Fourth, we considered how
each approach was tested, such as on the type of data and on the
sample size of users and tweets. Here, the larger the sample or test
size, the more complex the classification task. From this, we have
labelled all approaches as either “easy”, “medium”, or “hard”.

Models tested exclusively on politicians are assigned an “easy”
difficulty level since these types of users are generally easier to clas-
sify [11]. Only one paper falls into this category [46]. A “medium”
level of difficulty implies that the method applies to a broader set
of users from the general public, and contains more complex fea-
tures [2, 12, 13, 20, 36, 42, 48]. An example here would be Stefanov
et al. [48] who classify general public users based on the ideological
leanings of the news articles they share on Twitter. For the classi-
fication task to be hard, the test size must be large and validation
must be done on both the public and an elite group of politicians.

This category also implies that the method used is sophisticated,
either because of the test sample size or the features used. Two
papers fall into this category [6, 57]. For example, Barberá et al.
[6] compute the ideological position of users based on who they
follow on Twitter, and use an item-response model to determine
users ideology.

Table 1 confirms that the most successful approaches use net-
work activities to make their predictions, the only exceptions here
is Gu et al. [20] with a a 66.3% accuracy score. On average, the dif-
ferent approaches use between two and three features to make their
prediction. However, having more features does not necessarily
imply greater accuracy. Only four of the eleven techniques obtain
a classification success rate greater than 90%; one does an “easy”
category task [46], two medium [2, 13, 44], and one hard [57].

In this study, four state-of-the-art approaches are used as bench-
marks to compare the performance of our own classification ap-
proach. These are Barberá [5], Preoţiuc-Pietro et al. [44], Liu et al.
[34], and Xiao et al. [57]. We selected these papers for several rea-
sons, namely, the performance levels, the availability of the code,
and the implementation and compatibility of the method. We also
selected these approaches as baselines because they rely on a dif-
ferent features and data types, which can then be compared to
our own method. Note, however, that these levels of accuracy are
determined according to different validation tests, depending on
the type of model or data used in a paper, which makes comparison
difficult. This explains why one of the main objectives of this study

https://github.com/pablobarbera/echo_chambers
https://dataverse.harvard.edu/dataset.xhtml?persistentId=doi:10.7910/DVN/P6SZ2G
https://github.com/PatriciaXiao/TIMME
http://www.preotiuc.ro/resources.html


Pelrine et al.

is to compare these models under the same test conditions. We
describe below each of these approaches in greater details.

The first approach, from Xiao et al. [57], relies on learning em-
beddings from sparsely-labeled heterogeneous graph data to predict
the users’ party affiliation. It simultaneously learns the links struc-
tures and relationships between likes, friends and follows, replies,
mentions, and retweets. This sophisticated model achieves one of
the highest performance level of all the papers reviewed with 96%.
It is also the only approach that achieves above 90% on a “hard”
category task.

The second approach, from Barberá et al. [6], is one of the most
commonly used measure to estimate the levels of partisanship of
users at the individual level [10, 26, 43]. It relies exclusively on
the structure of networks in a latent space model to estimate their
ideology. Because of its simplicity, this approach, which is based
on network relations, is easier to implement and can be used to
estimate the party affiliation of several million users. The overall
accuracy of 78% obtained when classifying a set of approximately
42,000 users whose party registration records were available is
not as high as other methods that combine more than one type of
features. But this is a hard dataset because there are few restrictions
on the users.

The third approach, from Preoţiuc-Pietro et al. [44], focuses
on the linguistic features of Twitter messages. The authors first
identify groups of ideologically loaded political words in order to
infer users’ party positions from the text contained in their tweets.
The authors then use a linear regression algorithm to determine
the party identification. Because Preoţiuc-Pietro et al. [44] test their
model on different types of users, the general accuracy of the model
varies greatly, ranging from 62.5% to 97.2%. The model performs
best when predictions are based on text content, and when the data
is limited to users who follow politicians’ account (either Democrats
or Republicans).

Finally, the fourth approach by Liu et al. [34] also uses a content-
based model to predict users’ ideologies. However, their model
relies on a pretrained language model which uses news articles
reported by media with known partisan biases. This pretrained
model is applicable to various datasets, ranging from Twitter and
Youtube users, to Congressional speeches and news articles. Their
Twitter user classification accuracy is low, under 50%, so they are
not included in Table 1. However, this is likely in large part because
they complexified their model by classifying Twitter users using a
3-way classification (left, right, and center) instead of a binary split
between the left and the right or Democrats and Republicans.2 Still,
they are able to reach accuracy levels above 85% when predicting
the ideological labels (left vs. right) of newspaper articles based on
the political words they employ. Therefore, we hypothesized that
this model would have strong performance on a two-way Twitter
classification task (and as shown later, this is borne out in our
experiments).

In order to determine which of these four approaches obtains
the highest performance, we present in this paper our own partisan

2The model used by Rheault and Musulan [46] also classifies users according to a
multi-way classification. Since they are analyzing the 2019 Canadian federal election,
the model classifies users according to their party affiliation (Liberal, Conservative,
New Democatic Party, Green, or Pepople’s Party of Canada) based on a test-size dataset
of 505 politician accounts.

classification models that combine network activities, relations,
and content features on test size datasets of approximately 2,000
general public Twitter accounts, 900 politician accounts, and 300
users matched to voter records. The performance of our models will
be assessed by testing and comparing them with the four models
discussed above on the same set of users.

3 PROPOSED METHOD
3.1 Data
We curated 2 main datasets, summarized in Table 2 and discussed
in further detail below. In this table, the users are the authors of
the posts, and the activity columns represent the total occurrences
of their respective activity within these posts. For example, if the
numbers of posts and retweets were the same, it would imply that
every post was a retweet. The relations (friends and followers) were
collected separately from the posts.

Mass public data. We first collected around 1% of real-time
tweets using Twitter’s streaming API, that included one of the fol-
lowing US election related keywords: [JoeBiden, DonaldTrump,
Biden, Trump, vote, election, 2020Elections, Elections2020, Presi-
dentElectJoe, MAGA, BidenHarris2020, Election2020]. This created
a dataset (not shown in table) with approximately 350million tweets
and 20 million users. Out of these, we sample 20 thousand users
from those with keywords indicating their party affiliation in their
profile description: [conservative, gop, republican, trump, liberal,
progressive, democrat, biden].3

This initial dataset had limitations: the timespan covered was
not as extensive as desired, particularly lacking the days surround-
ing the January 6𝑡ℎ Capitol Attack. And due to the 1% collection
process it could miss many of a user’s tweets. Therefore, using a
combination of the normal and academic Twitter APIs, we retroac-
tively (late 2021) retrieved all of the 20K users’ tweets. Twitter does
not allow access to tweets of deleted, protected, or suspended users.
Thus, we were able to successfully retrieve the tweets of about 15k
users.

In April 2022, during the process of retrieving “Likes” data for
all Public users, we also collected data on the cause of missing
accounts. Combined with our profile labels (see section below on
classification), we examine the distribution of these missing users
in Table 3.4 We see that a strong majority are Republicans. We
hypothesize that many of these users left around the January 6𝑡ℎ
capitol attack, either voluntarily or during the subsequent wave of
suspensions that included the account of Donald Trump.

Politicians Data. We collected all tweets, retweets and replies
from 995 elite accounts linked to the public and personal Twitter
accounts of the United States representatives (433), senators (99),

3Due to the database sampling procedure, approximately 1000 of the sampled users had
instead stemmed versions of these keywords (e.g. "progress" instead of "progressive").
Due to the relatively small percentage, and the fact that all of our evaluation data
was human labeled, this should not impact the conclusions. Nonetheless, we plan to
correct this in an updated version of this paper.
4We omit from the table four users whose retrieval failed for other miscellaneous
reasons, e.g. Twitter API crash. We also omit 67 users whose profile label was corrupted
due to a data storage error. These errors have no correlation with the dimensions
examined in the table, and the users are too few to impact any conclusions drawn
from it.
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Dataset Posts Collected Activity Relations
Start End Posts Users Hashtag Mention Retweet Quote Friends Uniq. Friends Followers Uniq. Followers

Public 2020-10-01 2021-02-28 6,771,120 15,042 1,630,132 10,538,082 4,676,725 447,455 17,393,800 4,335,983 12,207,636 4,947,396
Politicians 2020-08-01 2021-01-17 156,562 995 162,121 212,074 83,920 54,630 1,724,222 863,509 33,424,367 9,342,089
Table 2: Statistics on the collected datasets, including the posts, the activity extracted from them, and the relations of the users.

Party Republican Democrat
Suspended 1,824 439
Deleted 1,857 543
Private 186 267

Table 3: Distribution of users whose data could not be re-
trieved retroactively. The majority are Republican, possibly
users who left around January 2021, i.e., the wave of suspen-
sions that included Donald Trump.

as well as vice presidential and presidential candidates (8) using
Twitter’s Search API.5 We call this the Politicians dataset.

We further collect relation and/or like data on the users in our
two datasets, as explained below and summarized in Table 2.

Relations. We collected friends (accounts a given user follows)
and followers for all accounts available at collection time. For Public,
followers were retrieved during May 2022 and friends between
mid July and mid August 2022. For Politicians, both friends and
followers were retrieved during January 2021. Because some users
have an extreme numbers of friends or especially followers that
is not feasible to retrieve, we cap the total retrieved per user at
5,000 friends and followers for normal users. For politicians we cap
followers at 100,000 and retrieve friends fully (maximum friends a
politician has in our data: 135,389).

Likes. We collected tweets liked by users in our Public dataset in
April 2022. We capped retrieval at 1000 maximum per user, leading
to 6,014,206 total likes.

3.1.1 Training and Test Sets. In order to train and evaluate our
models, we begin by classifying users according to their party
affiliation and ideology based on the description they provide on
their user profile. This will create a training set with noisy labels
(∼ 90% accurate) that we will use to train the classifiers introduced
in Section 3.2, which are based on activity and/or relations.

First, for each dataset, we classify users as “Republican”, “Demo-
crat” or “unknown” based on identifiers in their profile description.
For “Republican” we use: [conservative, gop, republican, trump].
For “Democrat” we use: [liberal, progressive, democrat, biden]. We
label users as “Republican” (“Democrat”) if the description contains
at least one of the Republican (Democrat) identifiers and does not
include any of the Democrat (Republican) identifiers. The rest of the
users remain as “unknown.” Note here that we combine concepts
related to both the ideology and the partisanship to label Democrat
and Republican users [34].

This is a “weak” classification because user keywords may not
match their actual party affiliation or ideology. For example, in-
stead of a president name indicating support, they could say “I hate

5Some Members of Congress have more than one social medial account (e.g., one
personal and one official account). In this case, we collected information for all of the
relevant accounts.

Trump” or “I hate Biden.” In order to validate the overall perfor-
mance of these labels, we asked two political science MA students
(co-authors of the paper) to classify, on the basis of the same in-
formation (that is, the description provided in the user profile) 60
users from the politicians dataset and 1000 general public Twitter
users from each party. This “strong” classification either confirms
the weak labels, or indicates the presence of a coding error. Note
that while in most cases an incorrect weak Democrat label indi-
cates that the user is in fact a Republican (or vice versa), a small
number of these users can also be independent or apolitical. After
comparing the weak with the “strong” labels, we found that users
in the Politicians dataset are generally more politically involved
and hence the simple keyword search is very accurate. However,
for other users, the accuracy was lower, with only around 70% of
the weak labels matching the strong (manually coded) labels.

Therefore, we used the strong labels to train a classifier to gen-
erate more accurate labels. We randomly split the strong-labeled
data 75% into training set and 25% into test set. We also add into
the training set 525 Parler6 users that were labeled with the same
process above. With this data we finetuned a RoBERTa-large [33]
model (a pretrained language model; we provide a more detailed
overview in Section 3.2.2), to predict the party each user is closest
to from their profile description.We report the results in Table 4.

Dataset Counts Accuracy
Rep. Dem. Rep. Dem.

Politicians 102 65 98.0% 98.5%
Public 6,375 8,375 87.0% 90.5%

Table 4: Number of users with explicit party/ideological key-
words in their profile description (on the left). Accuracy of
our profile label classifier based on manually labeled sample
of public users and actual politician parties (on the right).

We then use this profile classifier to make a prediction on the
remaining users in our sample. The result is labels that are still
“weak,” butmuchmore accurate than the simple keywordsmatching.
We use these profile classifier labels to help train the approaches
discussed below on large number of users when manual labelling
is not feasible. After training the profile classifier, we set aside our
2000 total “strong” human-labeled users for evaluation to make
sure comparison of these approaches is reliable.

We illustrate the process of building from the small set of manu-
ally labeled users to increasingly general users in Figure 1. We next
discuss how we go from users with profile classifier labels to more
general users.

3.2 Methods
To deliver good performance on all data types, we provide three
methods, which we reference based on their core component: GCN
6A social networking site similar to Twitter but more associated with far-right users.
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("strong")
Manually

labeled users

Train Profile
Classifier

Predict

("weak") Profile
classifier labeled users

Train Text, Activity,
and/or Relation

Classifiers

Predict

Any user with
that data type

Figure 1: Starting from a small set of manually labeled users, we use the profile classifier to expand to a larger set of users (our
Public dataset), and then use that to build classifiers that can classify any user with text, activity, and/or relations.

[29] (a simple graph neural network model), Label Propagation [58]
(a non-neural graph method based on "propagating" label infor-
mation to neighboring nodes in the graph), and RoBERTa [33] (a
pretrained, transformer-based language model).

3.2.1 Preprocessing.

GCN. We structure the relationships between users as graphs,
where the nodes are users and edges represent interactions between
them. We consider two perspectives on which interactions link
people together:

• Direct links. For example, person 𝑖 mentions or retweets
person 𝑗 . This corresponds to the graph’s adjacency matrix
𝐴, a (0,1)-square matrix, where 𝐴𝑖 𝑗 = 1 if 𝑖 links to 𝑗 .

• Projected (indirect) links. For example, persons 𝑖 and 𝑗 both
mention the same person 𝑘 , even though 𝑖 and 𝑗 may not
mention each other directly. Formally, this corresponds to
the projected adjacency matrix 𝐴′ = 𝐴𝑇𝐴.

Direct links are intuitive, however, we find empirically (Table 9)
that projected links are more informative for our GCN approach.
Therefore, aside from the experiment that explicitly tests this, all
our GCN models use the projected graph.

Next, in order to get accurate predictions and measurements,
some amount of user activity is needed—if a user is not connected to
anyone else in the network, no graph model will give a meaningful
prediction. Furthermore, to compare different approaches equitably,
we need a set of users that are active in all the particular ways that
the different methods require. For instance, to compare [5] (which
is based on follow relations) with [44] (which is based on tweet
text), we need users that both follow others and post tweets.

We therefore apply the following filters unless otherwise noted.
First, for each individual interaction type, we train only on the top
50% of most active users for that relation according to raw counts.
This filter is not applied to test data. Second, we require that all
users in the test set have all the interaction types needed for every
method we consider. This filter is not applied to the training data.

Label Propagation. This method also works on graph data. But
here we find the reverse of GCN: the direct graph performs better
than the projected one. So in this case we always use the direct

graph, again excepting the experiment explicitly investigating this.
Otherwise the preprocessing is the same as for GCN.

RoBERTa. This is a contextualized text-based model. In order to
provide maximum context, we concatenated each user’s tweets into
chunks following the order in which they were posted. Since the
positional encoding scheme of the model limits the length of input
to a fixed number of tokens, we start a new chunk each time the
previous chunk goes above the length limit of the model. Conse-
quently, these chunks correspond to sequences of text similar in
length to a paragraph, though since they are composed of multiple
tweets connected only by a shared user and sequential post time,
they may or may not represent a single thought. Any tweet that
would have too many tokens to fit into a single chunk is truncated
and placed into a chunk of its own. As a result, no tweet is split
between chunks.

Note we also use this same preprocessing for the POLITICS
model described in the previous section [34], which has a similar
architecture.

3.2.2 Core Model.

GCN. Our next step here is to construct one embedding per user
and interaction type—i.e., a learned vector representing each user’s
realized interactions of that type. We use the titular GCN [29].
We generally use a single-layer version that is semi-supervised,
with an unsupervised link prediction task and a supervised node
classification task using profile classifier labels on training nodes.
In one experiment (Table 9 we test a two-layer version. In two
experiments (Tables 8 and 11) we use a fully unsupervised version.

This model supports using node features as well as the graph
structure. We conducted preliminary experiments on using text
embeddings for this, but found it did not improve performance.
This parallels [57], which likewise found that node features did
not help their GNN-based model for party prediction. We instead
use a uniform random vector with dimension 100 to initialize the
embeddings.

We train for 1000 epochs with the Adam optimizer [28] with
PyTorch default parameters (learning rate = 1e-3).
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Label Propagation. This approach [58] “propagates” labels be-
tween connected nodes (users). It is a more classical, non-neural
method, and rather than an embedding, it directly produces a pre-
diction. It has two parameters: the number of iterations of the
propagation process, and the rate 𝛼 at which new label information
replaces the old one.

We use the semi-supervised version of this algorithm, i.e. seed-
ing train nodes with profile classifier labels. We first tested it on
projected graphs, where we found performance decreases consis-
tently and monotonically with more iterations irrespective of 𝛼
value (specifically, tested iterations in [1,2,3,4,5,6,8,10,15,20,25], with
fully tested alpha values [0.1,0.5,0.9] and partially tested [0.03,0.97]).
When using a single iteration, this method corresponds to taking
the majority vote of the neighbors’ labels, and changing 𝛼 has no
effect.

We later found that performance is better on the direct graph,
specifically with two iterations and 𝛼 = 0.5. With 1 iteration on
this graph setup performance is poor, while with more iterations
performance remains constant (accounting for margin of error) or
decreases. The direct graph takes much longer to run, so due to
time/computation constraints we were not able to test more values
of 𝛼 in this setting. We plan to revisit this in future work. In this
paper, except where stated explicitly, we report results from the
best performing version with two iterations and 𝛼 = 0.5.

RoBERTa. The core here [33] is a language model based on BERT
[14], with changes to the pretraining process to improve perfor-
mance. It uses a transformer [50] architecture and is pretrained
on 160GB of text. We examine two versions, RoBERTa-base (125M
parameters) and RoBERTa-large (355M parameters).

These models are pretrained without a sequence classification
task. Consequently, despite RoBERTa models having a [CLS] token
like BERT and many similar language models, the representation
of this token is not pretrained and thus unsuitable for direct use in
downstream tasks. In one of our experiments (Table 10 we tested
the model without the finetuning needed to properly learn this
token. Therefore, to improve comparability, in all experiments with
RoBERTa instead of [CLS] we use the mean of all individual word
embeddings from the final output layer.

To further improve the prediction accuracy, we fine-tuned these
models with a tweet chunk classification task. First, we label each
chunk in the train set according to the profile classifier label of
the corresponding user. We add a fully-connected dense layer (the
“classification head") to each model. We then finetuned each model
end-to-end for 1 epoch using the Optax [1] implementation of the
adamw optimizer [35] with learning rate 1e-5 and default weight
decay strength 1e-4.7

Final Prediction.

GCN. Given user embeddings, we use a random forest model
to make a final prediction. This setup facilitates combinations of
embeddings from different data types. In particular, we first train

7When evaluated on the profile classifier labels, this setup leads to 94.4% ± 0.4% test
accuracy on tweet chunks for RoBERTa-base and 94.5% ± 0.2% for RoBERTa-large.
Note these accuracies for tweet chunk classification are only on weak labels, and are
correlated with but not directly comparable to user classification—we report on the
latter in the experiments section.

separate, independent GCNs on each individual input type, pro-
ducing one embedding per user per GCN. We can then mix and
match data types as desired by concatenating the embeddings of
the same user from different GCNs, before passing the combined
embedding to the random forest. In this way, we compare each data
type individually and different combinations of them over multiple
experiments.

For the random forest, we use the scikit-learn [41] implementa-
tion with default hyperparameter settings. We train it using a train
set of users with profile classifier labels, and report test results on
a (fully separate) set of users using manual labels.

Label Propagation. There are no additional steps for this model;
it makes a prediction directly.

RoBERTa. To get a prediction for each user, instead of a prediction
on an individual tweet chunk, we first predict a label for each of a
user’s chunks. Then we take the majority vote, producing a single
prediction.

3.3 Baselines
As noted in the related work section, we compare our approaches
with 4 state-of-the-art methods from the literature.These were se-
lected based on performance, taking into account difficulty of the
data they tested on. Here we briefly summarize some of their key
points and provide the details on how we implemented them:

• Barberá [5, 6] This item response model assigns scores to
users based on who they follow. We use the Tweetscores8
implementation, which compares a user against “elite” (politi-
cians and media) users with pre-trained scores. We classify
any user with score greater (resp. less) than 0 as Republican
(resp. Democrat), which both matches intuition and gives
the best performance empirically (see Appendix C).

• TIMME [57] This approach is based on a variation of a
GCN, but the architecture is adapted to learn from multiple
data types simultaneously and end-to-end. This contrasts
with our GCN approach which trains an independent GCN
per data type, and combines them in a separate final stage.
Therefore, this design hopes to learn more complex interac-
tions between the different data types, at the cost of being
much more computationally intensive and potentially more
difficult to train. Unfortunately, even when using high-end
AI-specialized hardware (such as RTX8000 GPUs) and the
original authors’ code,9 we found the computational bur-
den is severe. We discuss the implementations and results
further in the experiments section.

• Preoţiuc-Pietro [44] This is a bag-of-words style approach
with a custom, specialized vocabulary of 352 politics-related
words. For each user we concatenate all their tweets into
one document and calculate the counts of these words.
Following the original paper, we then use this feature vector
as input to a logistic regression that classifies each user. We
implement the logistic regression through scikit-learn [41]
with default hyperparameters.

8https://github.com/pablobarbera/twitter_ideology
9https://github.com/PatriciaXiao/TIMME
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• POLITICS [34] This model is based on RoBERTa-base, but
adds political domain adaptation through training on news
articles with ideology labels. Unlike RoBERTa, the [CLS]
token that provides a representation of a full sequence is
trained and the authors use it for their downstream tasks.
So we follow this, passing the final-layer embedding of this
token through a single fully-connected one-layer classifica-
tion head. With this architecture, we fine-tune the model
with the same setup as we use for RoBERTa-base. We also
report performance of an untuned version where we ob-
tain user embeddings from averaging the pretraining-only
tweet chunk [CLS] embeddings, and classifying users using
the final prediction part of our GCN approach.

3.4 Computation
Most experiments were done using RTX8000 GPUs. A number of
text-based experiments were run on v3-8 TPU VMs from Google’s
TPU Research Cloud.10 Graph-based models were implemented
using DGL [53] and language models using HuggingFace [56] in
JAX [9]. To run all models of the main comparison experiment
(Table 5), excluding TIMME (which is very slow; please see details in
experiments section), the roughly estimated time using 10 RTX8000
is one week.

4 EXPERIMENTS
Overall Comparison. In Table 5 we compare different versions of

our approaches with the four benchmarks from the literature. For
a high fidelity comparison, the test data is the same across every
approach. This requires filtering for users which have all 6 interac-
tion types considered, plus follow an elite user for the Tweetscores
implementation of [5]. In total 687 of our manually labeled users
meet this criteria. We split these users 40-20-40 train-validation-
test. Currently we do not use this training set of manually labeled
users—for supervised training we only use other users and the pro-
file classifier labels —but we maintain it for forward-compatibility
with future experiments. We repeat the random splitting 10 times,
along with the rest of the model training process, and report the
mean and standard deviation.

In the results, we see three main conclusions:
• Testing different approaches on the same users, like

here, is necessary for clear comparisons. For example,
if judging only by the number reported in their original pa-
per, Barberá [5, 6] would perform over 8 percentage points
worse than here. Depending on which result is being con-
sidered, none of which are close to the findings reported
here, Preoţiuc-Pietro et al. [44] would perform anywhere
from over 10 points better to nearly 30 points worse. But
the performance of these two approaches turns out to be
similar.

• Our relatively simple approaches deliver state-of-the-
art performance. The best performance by an existing
state-of-the-art model comes in at rank 12.

• One can achieve strong performance with many dif-
ferent types of data. Note that from rank 1 to 15 there is
less than one percentage point difference between all of the

10https://sites.research.google/trc/

Table 5: Classification accuracy of different methods. Rank
is shaded from blue (best) to orange (worst).

Method Type Method Name Accuracy

Existing State-of-the-Art

Barberá [5, 6] 86.5 ± 1.1
POLITICS Untuned [34] 81.4 ± 2.8
POLITICS Finetuned [34] 89.2 ± 2.7
Preoţiuc-Pietro et al. [44] 85.9 ± 1.5
Timme [57] < 88
TIMME-Hierarchical [57] < 87

Text RoBERTa-base 89.2 ± 2.7
RoBERTa-large 88.9 ± 2.9

Activity

Label Prop. Retweet 89.8 ± 1.3
Label Prop. Mention 85.2 ± 1.9
Label Prop. Quote 88.3 ± 1.6
Label Prop. Hashtag 86.3 ± 1.5
GCN Retweet (RT) 89.2 ± 1.3
GCN Mention (@) 80.4 ± 1.5
GCN Quote (QT) 84.1 ± 1.6
GCN Hashtag (#) 81.9 ± 2.1
GCN RT+QT 89.5 ± 1.5
GCN All Post Activity (RT+QT+@+#) 89.3 ± 1.5

Relation

Label Prop. Friend 89.5 ± 1.2
Label Prop. Follow 89.4 ± 1.3
GCN Friend 89.5 ± 1.5
GCN Follow 86.5 ± 1.4
GCN All Relations (Friend+Follow) 89.1 ± 1.6

Combined

GCN All 89.8 ± 1.5
GCN All but Follow 90.0 ± 1.4
GCN RT+QT+Friend 89.7 ± 1.5
GCN RT+Friend 90.0 ± 1.4
GCN QT+Friend 89.7 ± 1.4

Rank
19
27
12
23
17
18
12
16
3
24
19
22
12
28
25
26
7
11
7
10
7
19
15
3
1
5
1
5

methods used. Furthermore, there are top-15 methods in ev-
ery category, meaning that one can get a strong prediction
regardless what category of data one has access to. Con-
versely, if deciding what data to collect, one can choose an
efficient, scalable option; for example, retrieving retweets
may be much more efficient than retrieving friends.

Besides those main conclusions, we also note the following. First,
we implemented all runs of TIMME using 100GB RAM and an
RTX8000 GPU (which has 48GB VRAM), and the code released by
the authors. However, we found both versions TIMME and TIMME-
Hierarchical were very unstable and difficult to run due to out
of memory errors. This is caused by the architecture that requires
training on all input data types simultaneously, in combination with
the size of our datasets. Furthermore, when not crashing outright,
it takes over 25 minutes to run 1 epoch (our GCN approach, for
comparison, runs over 100 in the same time). We therefore report
here on partial results from a limited number of epochs, maximum
40, across learning rates 0.005 to 0.05 (the TIMME authors reported
they found 0.01 to be optimal, so we tested values around that
one). Out of the top 10 TIMME results according to validation
accuracy, none reached 88% test accuracy, while out of the top 10
for TIMME-Hierarchical, none reached 87%. This is some indication
that the additional computational cost may not provide good value.
However, if this model could be run formore epochs, it might deliver
stronger results. Therefore, we plan to further test and attempt to
optimize this model in a future version of this paper.

Next, we found that when fine-tuning RoBERTa-large, one of
the 10 runs diverged completely. We exclude the divergent run, re-
porting accuracy and standard deviation for RoBERTa-large over 9
runs/splits. Nonetheless, despite being a larger model, performance
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is slightly worse for this approach than RoBERTa-base. We hypoth-
esize, and preliminary experiments support, that the learning rate
chosen (1e-5) is on the edge of being too large for this type of model,
implementation, and data. This could lead to both the divergent
run and the lower than expected performance. Alternatively, the
larger model might be overfitting the training data. In future work
we plan to conduct a full hyperparameter search and investigation
for this model.

We see that finetuning significantly improves POLITICS, how-
ever, it only reaches performance equal to RoBERTa-base. This
could be due to the finetuning process fully “overwriting” the orig-
inal political domain adaptation. We hypothesized that a lower
learning rate alongside other alternative hyperparameter choices
could help the fine-tuned POLITICS exceed the performance of
RoBERTa-base without the domain adaptation.

Finally, we also note that 5 of the 6 best performing methods,
including the best one, are Combined methods. This suggests there
is information captured in the activity but not the relations, and vice
versa. However, these methods by definition require more data and
computation than single feature approaches, and the improvement
in accuracy is not large. So in many cases a carefully-chosen single
feature methodmay be more practical. In particular, Retweet—using
label propagation —seems particularly effective, closely followed
by Friend. If choosing a combination, these two also work well
together.

Users without all relations. In this experiment we remove the
requirement that users reported on have all the types of relations
and activity that we consider. Instead we test our approach with
each interaction type on every user that has that type of interaction.
Note that this means the set of users tested varies between the
interaction types. Furthermore, the set of users in each case is
strictly larger than other experiments and includes users with less
diverse activities. Therefore, this is a more general and harder task.

When evaluating combinations of interaction types here we use
the GCN embedding where available; otherwise we treat the em-
bedding as all zeros. So for example, if we are considering Retweet
plus Quote (RT+QT in the table), then if both types of activity are
available we use both. While if only one is available we concatenate
that one with a vector of zeroes for the missing one, which tells the
final classification model that quote is not available.

Results are shown in 6. The standard deviation reported for our
approaches here is the result of re-running the model itself 10 times,
as in the previous experiment, but here because we examine all
possible test users the test set does not change within these 10
runs. Existing state-of-the-art models we run once. In addition to
accuracy, we report the user coverage, which shows the percentage
of users that have the data needed to run the method.

Unsurprisingly, performance almost always decreases compared
with exclusively considering users with all interaction types si-
multaneously. Nonetheless, we see our methods still provide solid
performance. Using any available interaction type gives 100% cover-
age with over 85% accuracy, while our method obtains even higher
accuracy on users with retweets or friends.

Likes. In Table 7 we compare the performance of the Like rela-
tion with Retweet and Friend. In the first column, “Accuracy on All

Table 6: Accuracy on users without all relations.

Relation Accuracy User Coverage (%)
Barberá [5] 86.5 90.7
Preoţiuc-Pietro et al. [44] 81.5 100.0
Retweet 85.4 ± 1.1 90.0
Mention 74.8 ± 1.9 90.2
Quote 80.3 ± 1.2 77.9
Hashtag 79.6 ± 1.2 73.3
Friend 85.5 ± 0.9 93.7
Follow 82.4 ± 1.6 82.4
Any Available 85.3 ± 1.2 100.0
Any But Follow 85.8 ± 1.1 99.9
RT+QT+Friend 86.2 ± 1.0 99.7
RT+Friend 86.1 ± 0.9 99.7
QT+Friend 85.1 ± 0.7 98.7
RT+QT 85.4 ± 1.1 90.2
Activity Only (RT+QT+@+#) 83.4 ± 1.3 97.8
Relation Only (Friend+Follow) 84.7 ± 1.2 94.7

Table 7: Evaluating the Like data type. Its performance is
adequate but not better than other data that is easier and
more common to collect. The first accuracy column is com-
parable to Table 5 and the second to Table 6. The Retweet
and Friend numbers are reprinted from there. We separate
this experiment due to small differences in the data.

Relation Accuracy on All Relations Users Accuracy on Any Possible Users Users w/ Activity Type(s) (%)
Retweet 89.2 ± 1.3 85.4 ± 1.1 90.0
Friend 89.5 ± 1.5 85.5 ± 0.9 93.7
Like 85.2 ± 1.7 79.2 ± 1.4 93.0

Relations Users,” we show performance in a setting nearly equiva-
lent to Table 5. The only difference is that Like has 6 less test set
users (under 1% less) and its train-test splits are re-randomized. In
the next two columns, we show the performance and applicability
percentage equivalent to Table 6.

We see that Like gives arguably passable performance but is
outperformed by both Retweet and Friend. Its coverage of users
is comparable—a bit more than Retweet, but less than Friend. It
is possible that the cap of 1000 likes per user, combined with the
later date of retrieval for Like vs. Retweet, hurts its performance.
However, considering Friend (and Follow) can be retrieved from
the Twitter API 1000 at a time11 while likes only 20 at a time12, and
tweets including retweets can be retrieved even faster still, we do
not currently recommend using likes with this approach.

Supervision. We next examine the role of supervision in the GCN.
We compare our main GCN model, which does both unsupervised
link prediction and supervised party prediction with training data
labeled by the profile classifier, with a fully unsupervised version
doing link prediction alone. Note that in both cases, the final classi-
fication model (random forest) is supervised.

Results are shown in Table 8. We see that although the margin is
not huge, the semisupervised version performs consistently better.

11https://developer.twitter.com/en/docs/twitter-api/users/follows/introduction
12https://developer.twitter.com/en/docs/twitter-api/v1/tweets/post-and-engage/api-
reference/get-favorites-list
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Table 8: Comparing semisupervised vs. unsupervised GCN.
Semisupervised performs better.

Retweet Mention Quote Hashtag Friend Follow All
Semisupervised 89.2 ± 1.3 80.4 ± 1.5 84.1 ± 1.6 81.9 ± 2.1 89.5 ± 1.5 86.5 ± 1.4 89.9 ± 1.6
Unsupervised 88.5 ± 1.8 77.0 ± 2.2 82.8 ± 2.0 80.7 ± 1.2 86.5 ± 2.3 87.0 ± 1.6 89.5 ± 1.3

Table 9: Comparing projected vs. direct graphs. Projection
improves GCN performance. But it hurts label propagation
performance, at least if the number of iterations is tuned for
it.

Retweet Mention Quote Hashtag Friend Follow All
Projected - GCN 1 Layer 89.2 ± 1.3 80.4 ± 1.5 84.1 ± 1.6 81.9 ± 2.1 89.5 ± 1.5 86.5 ± 1.4 89.9 ± 1.6
Direct - GCN 1 Layer 85.4 ± 1.4 71.7 ± 2.4 76.8 ± 1.7 77.9 ± 2.2 83.2 ± 1.9 70.3 ± 1.7 88.0 ± 1.6
Direct - GCN 2 Layers 81.1 ± 1.4 66.5 ± 2.8 69.9 ± 3.2 75.3 ± 1.9 77.8 ± 1.6 65.0 ± 2.3 80.5 ± 1.6
Projected - Label Prop. 1 Iteration 89.7 ± 1.4 63.6 ± 1.8 78.8 ± 1.5 81.5 ± 1.9 69.0 ± 2.6 89.3 ± 1.6 NA
Direct - Label Prop. 1 Iteration 72.2 ± 2.7 63.5 ± 2.0 65.2 ± 2.4 62.3 ± 2.3 82.7 ± 1.4 83.4 ± 1.4 NA
Direct - Label Prop. 2 Iterations 89.8 ± 1.3 85.2 ± 1.9 88.3 ± 1.6 86.3 ± 1.5 89.5 ± 1.2 89.4 ± 1.3 NA

There is one exception, the Follow relation, but there the perfor-
mance is equal up to margin of error. This indicates the supervision
helps to produce more informative embeddings from the GCN.

Graph Projection. In this experiment, we examine the effect of
using projected (indirect) graphs vs. the original (direct) ones. We
show results in Table 9 for both label propagation and GCN ap-
proaches.

We see that GCN performance degrades when not projecting the
graph. Adding another layer to the GCN, which in principle might
help it use information from two-hop neighbors in a similar way to
projection, turns out to be further detrimental. On the other hand,
for label propagation, the best version we found is two iterations on
the direct graph. The best projected graph version is one iteration,
but it is clearly worse overall, while one iteration on the direct
graph is worse still.

We discuss some of the factors involved and pros and cons of
projecting the graph in Appendix B. Overall, this experiment shows
that the choice of projecting or not can have a very large effect
and is worth future investigation. While certainly not the last word
here, we hope this experiment may help provide both practitioners
and future researchers developing party prediction methods with
more options (both direct and projected are worth considering) and
insights.

Tweets vs. Tweet Chunks. In Table 10, we compare the technique
of concatenating tweets to provide additional context, vs. embed-
ding a single tweet at a time. We see that the former gives more
accurate embeddings.

Note that this experiment was run prior to finetuning, using the
final random forest part of the GCN model to make the prediction
with the untuned RoBERTa embeddings as input. Therefore, the
language model part of this process is only a single run (there is
only one pretrained model available), and the variance reported is
only from the random forest part. Thus this experiment also shows
the improvement in the model due to finetuning: accuracy increases
from 83.6% here to 89.2% in Table 5.

Politicians. We consider both learning from and predicting the
party of politicians. Learning from politicians has a theoretical
advantage because their parties are officially known, removing
the need for any additional labeling process. Meanwhile, on the

Table 10: Comparing tweets vs. tweet chunks. The latter tech-
nique improves performance.

Tweet Tweet Chunk
RoBERTa-base - untuned 81.9 ± 2.3 83.6 ± 1.5

evaluation side, they provide an additional set of data with even
more definitive labels than expert-labeled general public users.

In this experiment we use the unsupervised GCN version of
our model. This lets us test how training the final classification on
Politicians alone will translate to performance on Public, with the
GCN part of our model (and thus the embeddings) held constant.

We show results in Table 11. Here the first three columns con-
sider the task of predicting party affiliation for the general public,
and compare training on the public itself, politicians, or both. The
remaining three columns examine the same training scenarios but
evaluated on the politicians themselves.

Focusing first on the different interaction types (rows), we see
that the best performance generally comes from combining dif-
ferent interaction types. This matches the other experiments, but
the benefit on politicians is much higher than on the public. If not
using a combined approach, the best performance for politicians
comes from the Friend relation (trained on politicians). This sug-
gests politicians are especially consistent in their friends—i.e., who
they follow. Considering the strong partisan divisions in the US
currently [24, 38], this agrees with the intuition that politicians
may avoid following people from the opposite party in order to
prevent an appearance of mixed loyalties. Meanwhile, again when
trained on politicians, quote performs the worst. This could be due
to politicians frequently using quotes not only to support fellow
members of their party but also to rebut opponents, making this
relation more challenging to learn from in this context.

Considering next the differences between datasets (columns) and
results overall, performance on Politicians is generally and often
significantly better than on Public, at least if the training data in-
cludes politicians. If only training on the public and predicting the
politicians’ parties, the performance is worse than predicting for
the general public. Conversely, training on politicians and testing
on the public gives consistently worse results than training on the
public. These results match and reinforce the findings of [11]: politi-
cians are easier to predict than the general public, and furthermore
performance degrades when trying to train on one and predict the
other, regardless which is trained on and which tested on.

This also again highlights the difficulties of comparing model
performance when the users are different, and in turn the impor-
tance of testing different models on the same users like in Table 5.
For example, [46] test their model on politicians. This is a legitimate
way to evaluate performance, and their classification task is done on
five different parties, which is a much more difficult challenge. But
their 90.9% accuracy cannot be directly compared with approaches
which report performance on the general public, or vice versa.

Users Matched to Voter Registration. We conducted preliminary
experimentation on matching Twitter users to their voter regis-
tration, following [5]. We used publicly available voter records



Party Prediction for Twitter

Table 11: Learning from and predicting politician party affiliations. Politicians are easier to predict than the public, and training
does not transfer well between the two.

Test Data Public Politicians
Training Data Public Politicians Both Public Politicians Both

Activity

Retweet 89.8 ± 1.5 81.3 ± 2.0 90.1 ± 1.5 84.6 ± 0.7 92.9 ± 2.3 90.3 ± 3.2
Mention 74.0 ± 1.7 59.5 ± 1.9 73.2 ± 1.9 59.1 ± 1.9 88.1 ± 1.7 81.9 ± 3.6
Quote 83.8 ± 2.1 68.0 ± 2.8 84.2 ± 2.0 79.7 ± 0.9 81.3 ± 3.5 83.3 ± 2.5
Hashtag 79.0 ± 1.0 70.4 ± 2.1 78.8 ± 1.4 71.9 ± 0.5 81.4 ± 3.8 76.2 ± 3.4

Relation Friend 86.2 ± 1.4 72.5 ± 1.4 86.3 ± 1.2 83.1 ± 0.7 94.1 ± 2.4 89.1 ± 2.8
Follow 87.5 ± 1.5 83.8 ± 1.5 87.6 ± 1.3 83.1 ± 0.7 93.6 ± 2.2 89.8 ± 2.0

All 90.3 ± 1.3 83.6 ± 1.7 90.3 ± 1.4 88.0 ± 1.4 97.4 ± 2.1 95.7 ± 2.1

Table 12: Classification accuracy of different methods on
users withmatched voter registration. Barberá performswell,
but Label Prop. Mention even better, with Label Prop Retweet
close behind.

Method Type Method Name Accuracy
Existing State-of-the-Art Barberá [5, 6] 81.3 ± 2.2

Activity

Label Prop. Retweet 81.0 ± 2.3
Label Prop. Mention 81.8 ± 2.3
Label Prop. Quote 79.4 ± 1.7
Label Prop. Hashtag 80.4 ± 1.5
GCN Retweet (RT) 78.4 ± 2.5
GCN Mention (@) 76.3 ± 3.0
GCN Quote (QT) 77.8 ± 2.6
GCN Hashtag (#) 74.7 ± 2.2
GCN RT+QT 79.7 ± 2.2
GCN All Post Activity (RT+QT+@+#) 79.8 ± 2.9

from Ohio, New York, Florida, Arkansas, North Carolina, andWash-
ington DC. We searched the user profiles of our large dataset of
20 million users (the dataset noted in methodology section from
which the Public users in the other experiments were sampled),
and took exact matches on both name and county. This produced
over 30k matched users. We describe this process in more detail in
Appendix D.

For this preliminary experiment, we then sampled 500 matched
users. We filter these 500 in a manner similar to the very first
experiment (Table 5)—i.e., restricting to users with all the data
types needed so that every method we examine in this experiment
can be tested on the exact same set of users. This results in 280
users. We apply our approaches in the same way as before. Notably,
we train them on our Public data; the matched users are only used
for testing. We so far tested only one existing approach and our
approaches based on activity but not on text or relations. In a future
update, we plan to expand this experiment with more methods (and
more users).

We report the results in Table 12. We see that the performance
across all of the methods is somewhat lower than on our Public
users. This is likely because these users are not filtered to have
political keywords in their profile, and therefore may be less politi-
cally engaged on Twitter. Nonetheless, the patterns we see here are
similar to the previous results. The existing approach of Barberá
[5, 6] ranks relatively better, which may be because this data is
more similar to the data it was developed for (since it was evaluated
on similar matched users in the original study). But it still only

ranks second behind our Label Propagation Mention approach, and
is closely followed by Label Propagation Retweet.

5 FUTUREWORK
Besides some plans noted in earlier parts of the paper, there are a
number of other ways we intend to expand this work. First, further
optimization and understanding of our approaches. This will
include extensive hyperparameter search, and testing different ar-
chitectures for the GCN approach, such as different final classifiers
(logistic regression, SVM,MLP), graphmodels (GAT, GIN), andways
of combining the different embeddings (instead of concatenation;
e.g. max, average, weighted by activity).

Second, more approaches. Besides comparing with more mod-
els from the existing literature, we plan to test another approach for
this task, Correct and Smooth [23], that combines label propagation
with initial node embeddings (e.g., our text embeddings). We are
also working on more sophisticated models for text.

Third, more datasets and tasks. We plan to test on a larger
sample of users that have been matched to voter records to further
validate the results. We also hope to make predictions for more
complex labels, such as adding extreme vs. moderate in addition to
democrat vs. republican, or looking at other countries with multi-
party systems.

Finally, practical packaging. Our goal here is to facilitate not
only clean replication but also provide an accessible tool for practi-
tioners to use these approaches to make predictions for their own
sets of users. This will hopefully lead to improved performance and
higher fidelity conclusions on downstream tasks.

6 CONCLUSION
Although party prediction is a foundational part of many research
projects on online polarization, in reviewing the literature, we found
that (1) it was very challenging to compare the different methods
to measure partisanship and that (2) they are often applied with-
out thorough validation. To solve this problem, we first provided
a survey of work on this task. This survey highlights not only the
reported metrics, but also the data used, which varies widely and
is a critical component of the evaluation for this task. Next, we
selected state-of-the-art models from this survey and tested them
on a consistent dataset we collected. Our results provide both quan-
titative evidence of the difficulty comparing approaches based on
the literature, and the missing thorough comparison. We also con-
tributed three simple approaches of our own, which we studied and
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validated through extensive experiments, yielding insights along
the way that can help further research in this area. We showed all
three approaches are competitive with and often out-perform state-
of-the-art methods, while opening up new data types and options
for practitioners. In the future we hope to expand our work here
into a comprehensive solution for party prediction to accurately
measure political conflicts and polarization in different types of
online communities.
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Table 13: Users matched to their voter registration. Voters*
and Users* respectively correspond to the number of unique
voters in the records and unique Twitter users in our data.

State Voters* Users* Matched Democrat Republican Other
Ohio 7,771,590 4,913 1,431 320 193 917
New York 17,718,437 30,927 8,255 4,843 1,631 1,781
Florida 14,477,882 50,541 12,905 5,585 4,508 2,810
Arkansas 1,722,465 4,311 1,280 145 140 995
District of Columbia 510,026 17,661 2,538 1,929 153 456
North Carolina 8,004,814 20,761 6,050 2,450 1,655 1,945
Total 32,456 15,272 8,280 8,904

A APPENDIX A: ADDITIONAL LITERATURE
SUMMARY

In Table 14 we provide information on papers with lower or not
reported performance, below the threshold for inclusion in Table 1.

B APPENDIX B: ADDITIONAL DISCUSSION
REGARDING PROJECTION

The projected graph generally has an advantage in computational
efficiency compared to the direct one. The projected adjacency
matrix hasmaximumpossible row and column size equal to the total
users of interest, while for the direct one the maximums possible are
the total unique interactions of the type in question. This leads, for
example, to nearly 1.3 million rows and columns in the direct Friend
adjacency matrix, and over 1.5 trillion entries. Fortunately most of
these are 0, so it is still manageable with sparse matrix tools. But
it is significantly slower and necessitates the entire method using
sparse matrices instead of just up to the projection step, making
implementation more challenging.

On the other hand, with a hypothetical oracle method, the direct
graph should perform at least as well as a projected one. This is
because if one has the direct adjacency matrix 𝐴, one can compute
𝐴𝑇𝐴 to get the projected one, but the reverse is not necessarily true.
So the direct graph provides more information. However, these
results suggest that in this context it can be difficult to leverage
this information with a GCN model. Further experimentation with
hyperparameters is needed to determine if it is simply difficult or
in fact impossible, as well as experiments with other GNN models
to determine if this holds for that class of models in general.

C APPENDIX C: TUNING CLASSIFICATION
THRESHOLD FOR BARBERÁ

We show here the results of different classification thresholds for
Barberá’s model. This shows a single run in the setting of Table 6
(all users available), with threshold increments of 0.05 from -2 to 1.
Anything user below the threshold is classified as Democrat and
any user above as Republican. We see that the intuitive threshold
of 0.0 performs best.

D APPENDIX D: MATCHING USERS WITH
VOTER REGISTRATION RECORDS

We obtained the party affiliation of a unique set of users in each
state by md5-hashing their names and county to construct a key
identifier. Starting from our original dataset with over 20 million
users, we obtained a set of 757,601 US-geolocated Twitter users
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Figure 2: Tuning the threshold for classification with Bar-
berá’s approach.We see that accuracy ismaximized at exactly
0.

based on their self-declared location in their profile.We then filtered
this set for users in the five states plus DC from which we obtained
voter party registration data. Finally, we matched the most recent
records from the registration data to the unique Twitter users that
matched both the county and either the first name and last name or
the first, middle and last name. We pre-processed the user’s name
on Twitter to remove emojis. After matching, we removed users not
affiliated with either one of the two major parties and users whose
name matched with more than one record per county (indicating a
non-unique match).

We report statistics on these users in Table 13.
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Table 14: Appendix: Survey methods to predict ideology (with accuracy below 65% or without accuracy)

Papers Media outlets Network Activities
(retweets and mentions)

Network Relation
(fellowship)

Content
(words and hashtags) Accuracy

Dataset Difficulty:
(how many users? any filter on users?
type (politicians or their followers),

type & amount of activity,
keywords they have use?)

Code available?

Liu et al. (2022) X <50%

* 2,233,552 news articles analyzed.
* 11 media outlets with a clear political leaning
and popularity were crawled.
* Crawling of the pages from these media
from January 2000 to June 2021 from Common Crawl
and Internet Archive.
* The news has to be related to US politics.
* Some media that dominate their
model training were removed to have media ideology
in their training that contribute equally.

YES

Pastor-Galindo (2020) X 63%

* They classify 20,364 bot accounts.
* They drop their sample to 20K, because
these accounts have at least one tweet targeting
one of the five political parties.

YES

Sinno et al. 2022 X X 55%

* 1,749 news articles across nearly
3 decades (from 1947 till 1974) (political).
These articles have to include politically relevant topics,
coming from a center-left, central, or center-right ideology.

NO

Yang, Hui and Menczer (2020) X X NA

* Data related to the 2018 U.S. midterm elections.
From Oct. 5th to the end of 2018.
Use a set of hashtags: 143 + state’s Senate election hashtags.
* The hashtag #ivoted was employed
to identify potential voters on Twitter.
* 60M tweets by 3.5M unique users.

YES

Chen (2015) X X NA

*Politicians (73): senators in the 113th,
and 112th congress that have a twitter account.
*Public (103723): list of users following at
least one of the senators with the Twitter REST API.
They had to be active (more than 20 followers).
* Use of the roll call data
of 236 bills and voting records.

NO

Bright 2017 X X NA

* Politicians: list all official Twitter account names
of major political parties and party leaders
in all 28 EU member states.
* Users (1,426,620 tweets): Tweets collection:
from these accounts and tweets that mention them.
Period: May 11th to June 10th (2016 ??).

NO

Gaisbauer et al. 2021 X X NA

* Tweets from a seed set of users (politicians: 270 users)
and tweets mentioning one of the seed set
of users (retweets, mentions, and replies).
* Two political events considered:
1) Politicians and the public (364,626 tweets):
Saxon state elections (25/07/2019 - 10/09/2019):
candidates, state parties, leaders of fractions, local party organizations,
members of the national and European parliament,
Saxon correspondent, and media accounts
list with Twitter accounts.
* Users not included in the seed set but mentionning
them at least oncea week were added.
2) Public (130,685 tweets): Police and citizen clash in
the city of Leipzig on New Year’s Eve (31/12/2019-19/01/2020):
use of specific keywords (connewitz,
antifa, polizei, polizist, le0101, etc).

NO

Garimella and Weber (2017) X X X X NA

* Seed set of accounts of politicians (presidential/vice presidential candidates
and their parties) and media outlets (npr,pbs,abc,cbsnews,nbcnews).
From left and right.
* Crawling of users’ tweets that mention or retweet the seed set.
Following users : 140M users.
Retweeting users (from 50% of the users (679,000)):
2 billion tweets.
* From 2009 to 2016.

YES

Kamiensk et al. (2022) X X X NA

* Crawl of hashtags and terms related
to political events in Brazil.
*Identification of influential users.
After manually classifying their
ideology, collect of the following relationship.
* April 3 to November 27, 2020.
* 33 events (33 datasets) chosen.

NO

https://github.com/launchnlp/politics
https://github.com/CyberDataLab/botbusters-spanish-general-elections
https://zenodo.org/record/6547792
https://github.com/ Jefferson-Henrique/GetOldTweets-python
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