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Abstract. Empirical studies of online disinformation emphasize mat-
ters of public concern such as the COVID-19 pandemic, foreign election
interference, and the Russo-Ukraine war, largely in studies that treat the
topics separately. Comparatively fewer studies attempt to relate such dis-
parate topics and address the extent to which they share behaviors. In
this study, we compare three samples of Twitter data on COVID-19 vac-
cination, the Ukraine war and the 2022 midterm elections, to ascertain
how distinct ideological stances of users across the three samples might be
related. Our results indicate the emergence of a broad contrarian stance
that is defined by its opposition to public health narratives/policies along
with the Biden administration’s foreign policy stances. Sharing activity
within the contrarian position falls on a spectrum with outright con-
spiratorial content on one end. We confirm the existence of ideologically
coherent cross-subject stances among Twitter users, but in a manner not
squarely aligned with right-left political orientations.
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1 Introduction

Overwhelmingly, data collection efforts [7, 1] and empirical studies of online dis-
information [8, 14, 11] tend to focus on a single topic at a time. However, dis-
cussions of different topics have the potential to share characteristics, such as
partisanship, that drive the spread of disinformation in their respective spheres.
Rather than trying to characterize ideological behavior using text-based meth-
ods [12, 6], our study builds on work that utilizes follow or interaction networks
to infer latent ideological relationships between users[5, 2, 3, 13]. In particular,
we expand on studies utilizing singular value decomposition for inferring user
ideologies [9] by investigating the structure of retweet behavior across Twitter
datasets spanning different topics. Through a cross-dataset analysis we are able
to ask: how might users’ ideological stances on these three topics be related? To
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the extent that they correlate, is this reflective of overall political orientation?
And how is the potential for misinformation distributed across stances?

In this study, we address these questions by comparing three samples of
Twitter data on COVID-19 vaccination, the Ukraine war and the 2022 midterm
elections. COVID-19 and Ukraine war are two of the largest global events of
the last five years well represented on Twitter; the US 2022 midterm elections
took place during the pandemic, and its inclusion alongside the other two helps
situate them politically with respect to the US context. We adopt an approach
employing Principal Components and cluster analysis to analyze the network of
retweets, focusing in particular on a subset of users common to all three samples.

2 Data

This analysis employs two published Twitter datasets about COVID-19 vaccines
[7] and the 2022 United States midterm elections [1] along with a third dataset on
the Ukraine war that was collected using a similar method. For all three samples,
data collection begins using a limited set of topic-relevant terms e.g., “Ukraine”;
the initial collection is examined for additional relevant terms to expand the
search query. The resulting datasets span January 4, 2021 to February 7, 2023
(for COVID-19), January 28, 2022 to December 2, 2022 (Ukraine), and Septem-
ber 10, 2022 to December 31, 2022 (midterm). Because these datasets contain
varying amounts of spam and unrelated content, we further trimmed the dataset
to retweets of persistently active users, identified by checking against a list of
users active during October 2023. This results in retweets by 930,277 users in
the COVID-19 data, 1,532,489 users in the Ukraine data, and 466,925 users in
the midterm data.

3 Methods

For each of the constituent datasets, we performed an analysis on retweets of
influencers, operationalized as users who received retweets from at least 0.1%
of the user set (retweeters). Checks were done for varying thresholds, including
none; the 0.1% threshold results in a considerable reduction in noise. Subsequent
analyses identifying structure in users’ retweeting patterns was accomplished
with Principal Components Analysis (PCA) followed by cluster analysis.

3.1 Principal Components Analysis

Briefly, PCA is a statistical procedure for reducing a high-dimension dataset to
a smaller number of latent dimensions of shared variation [4]. Here, we apply it
to the matrix of retweets, in which influencers are represented as columns (i.e.,
variables) and retweeting users are rows (observations); each cell is scored 1 or
zero for whether or not the user retweeted the influencer. PCs are linear sums
of the original variables; this allows us to take PCAs conducted independently,
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e.g., for different samples, and combine them by conducting a PCA across the
scores for matching retweeters. In the present analysis, we do this in three steps.
First, to make analysis more tractable, we split the samples into 1-week rolling
windows for PCA. The window PCA scores are then combined into a matrix on
which the sample PCA is conducted. Lastly, a PCA is done across samples: users
participating in all the samples are matched, their scores extracted and combined
into a matrix on which we conduct the final PCA, which we refer to as the
“common space”. Henceforth, when we refer to PCs, these are from the common
space, unless explicitly identified as belonging to a sample. Examining the sample
PC loadings on the common space PCs allows us to identify relationships among
the samples. Ideological interpretations are developed by referring to the most-
often retweeted influencers across the three samples. Out of 2,200,314 retweeters,
184,627 are shared across all three samples.

For dimension reduction, some number of PCs less than the number of orig-
inal variables is used; the variation belonging to the remaining dimensions are
treated as “error”. In the window PCAs, we retain up to a maximum of 10 PCs
to avoid discarding within-sample variation that might correlate across samples.
This yielded 3,810 window-PCs for the COVID-19 sample, 1,540 for the Ukraine
sample, and 1,110 for the midterm sample. In the sample PCAs, PCs were ex-
tracted to cover 95% of the variation in the respective matrix, yielding 808 PCs
for the COVID-19 sample, 327 PCs for Ukraine, and 203 PCs for Midterm. In
the common space PCA, six PCs were extracted by a scree test, covering 46.7%
of the variation. These were submitted for cluster analysis and interpretation.

3.2 Clustering

Since the activity levels of users in the COVID, Ukraine, and midterm samples
is highly skewed, with most users being relatively inactive within and especially
across the samples, we focus our analysis on the more active users present in all
three samples. We accomplish this by measuring the Euclidean distance from the
common-space origin for users present in all three sets, retaining 17,366 users
at the 90th distance percentile or greater, hence removing users located near
the origin, whose cosine values could exaggerate their similarity to users placed
further away. The user-user cosine distance matrix was passed to HDBSCAN[10],
a density based clustering algorithm, with minimum cluster size set to 20 users.
This solution produced the minimal number of clusters (23) compared to other
tested approaches, with six containing 500 users or more; the remaining clusters
reflect more idiosyncratic post-sharing behaviors. For subsequent interpretation,
we focus on these six high-membership clusters, henceforth referred to as A (red,
3,058 members), B (blue, 818), C (orange, 3,103), D (brown, 508), E (green,
2,765), and F (violet, 503).

4 Results

The first two PCs separate the Biden administration-aligned clusters A, B and
F from the contrarian clusters C, D and E (see Figure 1(A)). The first group is
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Fig. 1. Six largest user groups identified by clustering on principal component scores
from the cross-sample common space (see section 3.1). Clusters are color encoded
equivalently in 1(A) and 1(C). (A) Pair plot of clustered users along the common
space principal components. (B) Biplots showing the rotations of the sample-derived
principal components into the common space. (C) Co-retweet network for the six main
clusters with edge weights proportional to the number of shared retweets and edge
colors highlighting the two-chamber structure pulled out by PC1/PC2 and Louvain
community detection.

spread out along PC1, which is overwhelmingly defined by the loading of Ukraine
sample PC1 (Figure 1(B), first panel). Clusters B and F are opposed on PC4,
for which midterm PC1 has the highest loading (Figure 1(B) panel 2). Cluster B
emphasizes domestic anti-Trump content (POTUS [the Biden administration],
Mary L Trump, Rep. Eric Swalwell, Brian Tyler Cohen, Robert Reich, Amy
Klobuchar, etc.) whereas F emphasizes international media (e.g., BBC, Kyiv
Independent, Garry Kasparov, Mariya Dekhtyaruk, Auschwitz Memorial, etc.).
Cluster A only fully separates from B and F on PC6 (Ukraine PC3), which is
notable given that cluster A’s members retweet primarily institutional US left
media (e.g., NBC News, NY Times, Washington Post, the Daily Beast, Mehdi
Hassan, etc.) As indicated by the network in Figure 1(C), the three clusters
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share some retweeting behavior especially B and F, but have different foci of
attention.

Similarly, clusters C, D and E assemble tightly together on PC2 (COVID
PC1 and Ukraine PC2) and form a distinct retweet-sharing sub-network. These
clusters represent contrarian perspectives unified in their opposition to COVID
public health policies, which stands out given the the absence of a pro-vaccine
defined cluster among the administration-aligned clusters. Although D and E
is dominated by retweets of influencers on the US political right, cluster C fa-
vors left-oriented anti-US/anti-imperialist perspectives (Glenn Greenwald, Max
Blumenthal, Kim Dotcom, etc.). Cluster C separates from D and E on PC3
(Ukraine PC2), and is most nearly opposite cluster D. Clusters D and E are
opposed on PC5, (COVID PC1, PC2 and midterm PC1); D favors personalities
whose focus was opposition to COVID policies (Dr. Aseem Malhotra, Robert
Kennedy Jr., Brook Jackson, etc.) whereas E covers a broader libertarian/right
political framing (Elon Musk, Kari Lake, Phillip Buchanan [catturd2], Charlie
Kirk, etc.). Cluster D is also opposite Cluster A on PC6 (Ukraine PC3), with
the former featuring Paul Joseph Watson (prisonplanet) and RadioGenova, an
account focused on opposing immigration to Europe. On the other hand, cluster
A relies heavily on an Oxford University professor specializing in international
relations.

5 Conclusion

We observe two main stances representing contrarian and institutional orienta-
tions that align with the US political left and right in five out of the six main
clusters. These stances are durable and correlate strongly across the three sam-
ples. Within the contrarian stance, cluster C is notably split from D and E
earliest of any of the sub-divisions, suggesting that among otherwise contrarian-
minded users, they tend to be disjoint in their selection of sources, e.g., an
anti-imperialist/anti-United States framing may not be palatable to users on
the political right. International viewpoints are largely pushed to the margins in
our samples, likely due to the dominance of English on Twitter and the United
States within the Anglosphere. Notably, while there is a clear pro-Ukraine cluster
(and PC), we do not find a distinct, specifically pro-vaccine cluster.

While this work attempts to triangulate the ideological space for Twitter
users across three pivotal topics, our conclusions apply to a limited subset of par-
ticularly motivated users. Most users in our data were less active than those we
focus on in our clustering and their ideological distributions may differ. Nonethe-
less, focusing on motivated users who participate across multiple samples is in-
formative for understanding how active users wield a capacity to dominate the
discussion around important topics.
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