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Abstract

Online information is increasingly visual in medium and di-
verse in platform source, complicating how users construct
and engage with online rumoring campaigns. These trends
pose a particular challenge to characterizing and countering
harmful content, in particular false and misleading narratives.
Prior work examining how to measure and mitigate the im-
pact of such content predominately focuses on text data and
mainstream social media platforms, leaving a gap in under-
standing. In this work, we examine the role of visual me-
dia within and across alt-tech platforms in the context of an
election fraud online rumoring campaign. We conduct a case
study of the “vote spikes” online rumoring campaign dur-
ing the 2022 U.S. midterm election; we examine how as-
sociated image- and video-based media was shared, spread,
and engaged with across 1,800 posts across five social me-
dia platforms. We characterize communities co-sharing con-
tent across alt-tech platforms, demonstrating that accounts
within a platform share the same media, while the cross-
platform user community is connected through a small num-
ber of news influencers. Additionally, while the inclusion of
video boosts post engagement within this online rumoring
campaign, the inclusion of visual media including static im-
ages is no different from text-only posts in terms of engage-
ment. Further, news influencers may benefit financially from
this online rumoring campaign, as 38% of posts with visual
content included product promotions, often alongside of mis-
leading election tropes and visual cues that imply authority
through news-like settings and the incorporation of empirical
data. We consider the implications of integrated monetiza-
tion and harmful content on the dissemination of rumoring
media, particularly considering the sharing of visuals across
platforms. These findings provide a framework for evaluating
visual content in online information campaigns and offer in-
sights into the prevalence of harmful visual narratives across
multiple platforms. Understanding what visual false and mis-
leading narratives traverse platforms and yield user engage-
ment can inform countermeasures.

Introduction
Online information production and consumption increas-
ingly center visual content (Kane and Pear 2016); a trend
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that is seen across platforms, including traditionally text-
based (e.g. X, Bluesky) and visual-based (e.g. TikTok, In-
stagram) social media. At the same time, the social me-
dia landscape is increasingly fragmented, with communities
and users spread across a multitude of platforms (Chatterjee
2023). These changes are accompanied by data indicating
that Americans increasingly turn to social media as their pri-
mary source of news (Matsa 2023; Forman-Katze 2023). A
salient example of these changing norms is found on alt-tech
platforms (e.g. Truth Social, Telegram), where the majority
of users seek out news and commentary about current events
(Stocking et al. 2022). On these alt-tech platforms, users are
offered an alternative to mainstream social networks with
similar affordances (e.g. content subscriptions, repost func-
tionality), but with comparatively less to no content mod-
eration. The inherent tribalism and lack of mechanisms or
policy to moderate information open the door to increased
prevalence of false or misleading content (Chatterjee 2023;
Stocking et al. 2022). Given the confluence of these fac-
tors, the need for multi-platform and alt-tech examination of
false, misleading, and harmful content is growing. To bet-
ter understand how an online rumoring campaign is shared
and consumed online, it is critical to better understand visual
content within these cross-platform interactions. The con-
text for this work is the 2022 U.S. midterm elections, which
saw many online rumors circulating, particularly those re-
lated to alleged election interference and fraud. These un-
founded claims followed similar widespread narratives dur-
ing the 2020 U.S. presidential election (Schafer et al. 2025).

In this work, we aim to enhance understanding of the
ways in which visual content moves within and across plat-
forms, and among medium, by conducting a detailed case
study of a prominent election fraud online rumoring cam-
paign. This visual media-focused discourse stemmed from
live-streamed coverage of the election results and centered
on debunked assertions that uneven patterns in partisan bal-
lot returns constitute evidence of fraud (PolitiFact 2022).
Sudden changes in vote totals reported by news outlets, also
dubbed “vote spikes”, were framed as an indication of voter
fraud and promoted as “real time crime”. Online news influ-
encers (i.e. entities unaffiliated with news organizations who
regularly produce content related to current events) cited in-
terference with voting machines as an explanation for these
alleged vote return anomalies, building on existing rumors



of unreliable voting machines and a corrupted voting system
(Kang 2022). We refer to this false narrative as the “vote
spikes” online rumoring campaign.

To understand how users employ visual media in this case
study, we characterize what are the predominant types
of visual media (RQ1). We also examine what functions
are supported by visual media (RQ2). To understand how
users engage with visual media in this case study, we in-
vestigate the structure and composition of a network of ac-
counts co-sharing similar visual media between and across
platforms to assess what are the characteristics of online
communities that share visual media (RQ3). Further, we
examine how the inclusion of visual media, in particular
video, impact audience engagement (RQ4).

To accomplish these aims, we aggregate content from
Telegram, Gettr, Parler, Rumble, and Truth Social related to
the “vote spikes” online rumoring campaign to form a multi-
platform dataset. We employ a convolutional neural network
(CNN) and clustering algorithm to group visual content and
identify when similar media content has been shared. We
then conduct a mixed-methods analysis to surface prominent
visual themes within the set of unique visuals. We find that
visual media that evokes authoritative information dissemi-
nation, such as displaying empirical data, or news-like ele-
ments, such as chyrons or news sets, are shared most often.

To understand the community of users who share these vi-
suals, we use bipartite projection to create a network where
users from any platform are connected if they share similar
media content. The resulting network is characterized by a
large connected component, indicating that all five platforms
co-share similar visuals. We find that news influencers often
act as the bridge between sub-communities. We further ex-
amine the relationship between the inclusion of media and
post engagement using a regression model. We find that in
this case the inclusion of video positively impacts audience
engagement whereas media in general does not. Addition-
ally, the posts with the highest engagement were most fre-
quently authored by influencers promoting election rumor
tropes. Our findings underscore the importance of consider-
ing the content and account context of highly engaged posts
occurring across platforms when aiming to characterize and
counter visually-driven rumors.

This work serves to inform how to counter harmful false
and misleading narratives online by offering insights into the
role of visual media via an in-depth examination of a specific
online rumoring campaign and the characteristics of online
communities co-sharing rumor-related content. We highlight
the importance of examining key issues such as misinforma-
tion and rumors within a larger information ecosystem and
the relationship between alternative monetization online and
the propagation of harmful content.

Background and Related Work
Our empirical analysis of the “vote spikes” online rumoring
campaign builds on two primary areas of scholarship: empir-
ical studies tracing how content and posters traverse within
and across online social networks and research examining
online engagement with visual content. We also provide a

brief description of the case study which provides context
for the study.

Case study description: “vote spikes” during the
2022 U.S. midterm elections
The “vote spikes” online rumoring campaign emerged dur-
ing the U.S. 2022 midterm election, stemming primar-
ily from LindellTV video streaming on FrankSpeech1 and
Rumble. Mike Lindell of LindellTV dubbed the broadcast
the “Real Time Crime Desk”. During the coverage, alleged
“cyber guy” experts scrutinized charts of ballot counts and
statistics asking “Are they stealing this one? Is there no fraud
in this one?” (Bannon’s War Room 2022). This livestream,
and much of the alt-tech discourse promoting, reflecting, and
referencing it, pushed unsubstantiated and debunked claims
about election interference, voter fraud, and untrustworthy
voting machines (PolitiFact 2022).

Understanding the cross-platform dynamics of
false, misleading, and harmful content online
False, misleading, and harmful information doesn’t occur or
spread in isolation. Unsubstantiated rumors spread across
a complex assemblage of sociotechnical infrastructure, and
this information flow is mediated by individual decisions
and platform affordances. Researchers continue to examine
the flow of people and information between and across net-
worked social media platforms. Prior work studies the move-
ment of users between platforms, such as deplatformed user
migration from mainstream social media to alt-tech plat-
forms (Monti et al. 2023; Papasavva and Mariconti 2024).
Research also considers how to detect and characterize
harmful information and behavior campaigns across plat-
forms (Hu et al. 2024; Zhang, Sharma, and Liu 2023; Wilson
and Starbird 2021; Jakesch et al. 2021).

A burgeoning area of work also considers how social
media users discuss and mobilize around narratives on alt-
tech platforms (Wilson and Starbird 2021; Engel, Mitra,
and Spiro 2025; Phadke and Mitra 2024). Wilson and Star-
bird observe a divergence in information campaigns about
Syria’s White Helmets in what, and how, embedded content
was used to support social media posts (Wilson and Star-
bird 2021). In contrast, Childs et al.’s analysis of an election
fraud online rumoring campaignfocuses on content differ-
ences between platform providers of shared media (Childs
et al. 2022). Both studies conclude that such campaigns
should not be assessed and countered in platform silos.

Online engagement with visual media
Visual media plays an important role in capturing attention,
motivating engagement, and compelling storytelling. Stud-
ies show that readers spend more time viewing news stories
that include visuals, in both analog (Zillmann, Knobloch,
and Yu 2001) and digital contexts (Weaver 2007). On social

1FrankSpeech is run by businessman Mike Lindell. Lindell is a
prominent political activist and supporter of U.S. President Donald
Trump, who supported and financed attempts to overturn the 2020
presidential election results. Lindell is also founder and CEO of the
company My Pillow, and sometimes called the ”My Pillow Guy.”



media, research shows that posts including visuals attract
more attention (Klein et al. 2020), and more engagement
(Li and Xie 2020; Shahbaznezhad, Dolan, and Rashidirad
2021). As social media users attempt to make sense of un-
certain situations, visuals appear more believable than text,
making them particularly persuasive (Sundar, Molina, and
Cho 2021; Wittenberg et al. 2021). This sense-making is
further complicated by visual media that is misleading, ma-
nipulated, or taken out of context (Wang et al. 2021; Lis-
nic et al. 2023). In many cases, an online rumoring cam-
paign is contextualized around a particular event or inci-
dent. Zannettou et al. found that image sharing in Russian
state-sponsored campaigns coincided temporally with divi-
sive real-world events, for example, while other works use
elections as focal points (Marchal et al. 2021; Garimella and
Eckles 2020).Matatov, Naaman, and Amir’s examination of
the role and spread of images in a 2020 U.S. election on-
line rumoring campaignfound that although infrequent, the
image-based alleged evidence of fraud that gained traction
on Twitter were among the most popular tweets with pho-
tos. We extend these ideas to cross-platform analysis, in-
clude video content in addition to images, and categorize
visually distinct representations of similar media rather than
focusing on the most popular content.

Methods
In this study, we examine both images and video content
across multiple platforms and assess their content through
a mixed-methods approach, as well as engagement patterns
through social network and regression analysis. We detail
the steps to collect and process our dataset, how we define
and analyze a social network capturing co-sharing of visual
content, and how we explore patterns in engagement.

Data
“Vote spikes” Post Collection We capture discourse on
alt-tech platforms about the “vote spikes” narrative by man-
ually curating a set of keywords designed to retrieve content
specific to this “vote spikes” online rumoring campaign2.
Keywords include topical terms and names, as well as ter-
minology associated with the case as observed in real-time
by the authors. We use the same keywords to retrieve posts
from five alt-tech platforms: Telegram, Gettr, Parler, Rum-
ble, and Truth Social. To retrieve Telegram data, we use the
Telegram API (Telegram 2023) to query public channels and
groups dedicated to election-related content3. For the other
four platforms, in the absence of platform-provided API’s,

2query = ((’jeffodonnel’ OR ’jeffodonel’ OR ’jeff odonel’ OR
’jeff odonnel’ OR ’mike lindel’ OR ’lindel’ OR ’loneraccoon’ OR
’lone raccoon’ OR ’lone racoon’ OR ’loneracoon’ OR ’magarac-
coon’ OR ’maga raccoon’) AND (’fraud’ OR ’stole’ OR ’steal’ OR
’crime’ OR ’ballot’ OR ’vote’ OR ’voting’ OR ’spike’ OR ’spiking’
OR ’cyber’ OR ’machines’ OR ’elect’ OR ’key races’ OR ’edison
research’ OR ’edison report’)) OR (’lindelltv’ OR ’frankspeech’
OR ’f curve’ OR ’crime desk’ OR ’real time crime’)

3950 channels and groups, manually curated by researchers at
the https://www.eipartnership.net/blog/about-eip-2022Election In-
tegrity Partnership to observe the 2022 U.S. midterm elections

we use the Open Measures API (Open Measures 2023). As
Open Measures provides scraped data, we manually vali-
dated a random sample for consistency of metadata over
time and against platform-hosted content. Figure 1 shows
the resulting dataset of 1,857 posts focused on the “vote
spikes” narrative, that span the week following Election Day.
Table 1 shows the breakdown of posts per platform and me-
dia type.

Post Engagement Each post has associated user engage-
ment metrics, which include reactions, reshares, and com-
ments4. Given that the platforms vary in the specific types
of engagement they allow, as well as in the size of their user
base and volume of content shared, we assign an Engage-
ment Score to each post which facilitates comparison across
platforms. Engagement Scores are computed by summing
the count of reactions, reshares, and comments and then nor-
malizing them using a MinMax scaler5 such that resulting
scores are normalized based on their respective platforms
to a range between 0 and 1. This use of a common scale
to measure engagement based on platform-relative engage-
ment aims to minimize differences that might result from
platform affordances and user norms.

Visual Content To focus on understanding visual con-
tent, we constrain the majority of our analysis to the
1,562 posts that contained visual media (defined as con-
tent with visual media extensions6 that appears in the post
metadata or embedded video from YouTube, Rumble, and
frankspeech.com).

Video poses unique challenges for processing, compari-
son and analysis; we convert each video into a set of mean-
ingfully distinct visual content. To do so, we extract static
frames from the video every two seconds. We extract a fea-
ture vector from each collected frame with a trained con-
volutional neural network, ResNet50 (He et al. 2016), and
then apply HDBSCAN (McInnes et al. 2017) clustering al-
gorithm to group the frames. We then identify the medoid,
which is the image for which the corresponding feature vec-
tor is closest to the center of the cluster in latent space, of
each cluster. The medoids of each cluster represent distinc-
tive frames, effectively capturing changes in scenes such
as shifts between subjects, backgrounds, or infographics.
We then keep the representative frames and consider them
alongside the static images in the next step.

Next, we identify matching content, that is, when two or
more images are identical or nearly identical, from the com-
bined set of static images and representative video frames.
To do so, we use the pipeline created by Zannetou et al.
(Zannettou et al. 2018). This method uses perceptual hash-
ing to convert images to vectors and then uses pairwise dis-
tance to cluster them into distinct groups. The output of this
process is 720 clusters of images, where images within a
cluster are extremely visually similar, effectively giving us
720 content items to use in the analysis. For example, vi-

4metrics reflect totals at the time of collection, February 2023
5https://scikit-learn.org/stable/modules/generated/sklearn.

preprocessing.MinMaxScaler.html
6.png, .jpg, .jpeg, .gif, .webp, .m3u8, .mp4, .mov, .tv



Figure 1: Time series of rumor-related posting activity by platform over the study period. The X-axis represents the post
timestamp and the Y-axis indicates posts per minute by platform (denoted by colors). Election Day is marked.

Platform # Posts % Media % Video # Authors Engagement Metricsa Engagement Score Median

Gettr 1220 80 47 704 (i) Like, (ii) Repost, (iii) Reply 0.0000 (σ: 0.0559)
Parler 69 99 51 38 (i) Upvote, (ii) Echo, (iii) Comment 0.0084 (σ: 0.136)
Rumble Video 268 100 99 63 (i) Like, (ii) Reshare, (iii) Comment 0.0025 (σ: 0.087)
Telegram 80 98 54 25 (i) Reactionb, (ii) Forward, (iii) Reply 0.0445 (σ: 0.2102)
Truth Social 220 68 30 170 (i) Like, (ii) ReTruth, (iii) Reply 0.0002 (σ: 0.0738)

a(i) Reaction engagement metric, (ii) Reshare engagement metric, (iii) Comment engagement metric
bTelegram reactions include a number of emojis, however for the purpose of this analysis we will only count the positive emojis in our data

to correspond with the “liking” or “upvoting” on other platforms . The Cohen’s kappa for this coding of the positive
emojis is 0.91.

Table 1: Table of platform metrics.

sually similar content grouped into a cluster might contain
screenshots from different timestamps of the same people
on the same news set.

Analysis Methods

Qualitative Analysis of Visual Media Using the 720
cluster medoids, we developed an inductive codebook to ex-
plore the predominant imagery in the dataset. Two authors
independently reviewed cluster medoids, developing a code-
book over four rounds of coding and reconciliation (Braun
and Clarke 2006). The codebook comprises 21 codes clus-
tered into five themes (see Appendix). Once the codebook
was established and stable, two authors each coded half of
the remaining data. We coded to identify the medium of
the content (medium), whether the visual evokes a familiar
scheme or recognizable context (scheme), and whether the
visual represents something concrete (components). Exam-
ple medium codes include video still / image and branding;
example scheme codes include news-like and talking heads;
example component codes include embedded content and
empirical data. To identify what functions are supported by
the visual media, we coded to answer if the visual evokes
a response or serves a function (role) and if the visual am-
plifies common tropes delegitimizing U.S. elections (trope).
Example role codes include discrediting entities and promot-
ing own product; example trope codes include stolen elec-
tion and f-curve and are organized under the role code of

amplifying election rumor.

Media Co-sharing Network We construct a social net-
work among users based on the co-sharing of visual con-
tent. This results in an undirected graph G = (V;E;w)
where nodes V are platform-unique social media users7,
connected by shared visual media content cluster E, with
edge weightsw as the number of times users co-shared posts
across the dataset. This visual co-sharing network is a pro-
jection (Breiger 1974) of a bipartite network where users are
connected to visuals if they have shared that visual. To char-
acterize the structure of these relationships, we use Louvain
community detection on the largest connected component,
and identify sub-communities within the network.

Visual Media and Post Engagement To evaluate the re-
lationship between the inclusion of visual media in a post
and the level of engagement it receives, we employ a zero-
inflated negative binomial regression model, allowing us to
account for the fact that many posts receive no engage-
ment. For the zero-inflation model, the dependent variable
is a binary indicator demarcating a non-zero engagement
score. For the count model, the dependent variable is the
engagement score. We evaluate two questions: one where
we explore the inclusion of any visual media and one where
we specifically evaluate the inclusion of videos. In both of

7Mapping user accounts across platforms poses some chal-
lenges outside the scope of this project.



these models, control for platform in the model. We use the
statsmodels8 package in Python for this analysis.

Findings
To better understand how social media users employ vi-
sual content, we analyze media through the dimensions of
medium, scheme, and components. We find that visual in-
dicators of authority, such as empirical data and news-like
elements are frequently shared. We aim to understand if the
visual serves a particular role, and in particular, identify re-
current tropes related to the broader context of false or mis-
leading election rumors. We find that election trope media
follows self-promotion of content and products as the most
posted functions, despite occurring in a lower portion within
visual content. To further understand how online users en-
gage with visual media during an online rumoring cam-
paign, we examine the user communities co-sharing simi-
lar media content. We find that co-sharing occurs between
accounts on different platforms, although sub-communities
are often dominated by one or two platforms. Further, we
study the relationship between the inclusion of visual media
and platform engagement and find that video content is pos-
itively associated with engagement. Further, posts by news
influencers and claims of election interference are among the
highest engagement posts.

What are the predominant types of visual media?
Given the prevalence of embedded video in the dataset, it
is unsurprising that video stills/images dominated both di-
versity of media content (85%) and share of post content
(42%). This was followed by logo/branding/advertisement
(10% and 4% respectively). Many of these were streaming
news influencers, or individuals and channels not affiliated
with mainstream media institutions, who provide commen-
tary on current events incorporating familiar elements such
as news chyrons and studio sets. Table 2 shows common
schemes surfaced during analysis which include elements
commonly seen in mainstream news media, such as talking
heads and news-like. From LindellTV assets to other stream-
ing news influencers and podcasters, we see recurrent adap-
tions of familiar mainstream media visual contexts. Figure
2 illustrates common components such as embedded content
and empirical data that serve to link the media to alleged
evidence and experts. These emergent types of visual con-
tent and components might aim to subtly evoke credibility.
Across visual content categories, the percentage of posts is
often less or close to the percentage of clusters, indicating
that most content was shared in a smaller proportion than
it occurred in the data. Outliers to this include an increase
in the sharing of screenshot / screen recording posts and a
more comparable percentage for empirical data suggesting
that there was outsized sharing of more evidentiary-based
visuals. This is of particular concern as 10% of screenshot
/ screen recording and 25% of media with empirical data
promoting election tropes. An alternative explanation might
be that certain content in these categories was more widely
shared for reasons not captured in the visual data.

8https://www.statsmodels.org/stable/index.html

What functions are supported by visual media?
Our qualitative coding reveals insights into the kind of nar-
ratives the posted media content might support. We found
that images and videos were used for both the promotion
of ideas (such as false or misleading election tropes) and
character denigration, as well as for advertising — promot-
ing products and promoting other social media content. Each
might contain one or more of these, however, 46% of posts
with media content had no discernible role. We found self-
promotion to be the most frequent role, with promoting own
product present in 38% of posted media content followed
distantly by promoting own content present in 12%. Both
of these codes were most frequently observed in the chy-
rons shown on news influencers’ videos. The majority of the
product promotions advertised Lindell’s own brand (MyPil-
low), and the majority of content being promoted is of guest
host websites. The next most frequently occurring role pro-
moting election trope is present in 7% of the posts with me-
dia, such as the promotion of the F-curve rumor in Figure
2. Of the misleading election tropes, the most common were
either broad claims of compromised elections (election in-
terference 8%, stolen election 5%) or furthering claims that
were central to Lindell’s election fraud claims about com-
promised voting machines and compromised vote count re-
turns (voting machine doubt 7%, f-curve 4%).

Figure 3 shows that in the days immediately following
the election, the media content in posts was more concen-
trated around concerns about voting machines and interfer-
ence, with references to misinterpreted data and a stolen
election. These claims were found in visual media across
all platforms (except for the f-curve, which is not present
in the Truth Social posts). Conversely, other tropes were
limited to specific platform audiences, such as ballot inser-
tion on Gettr (0.1%) and ballot removal on Rumble (5%).
However, the percentage of platform content they dominate
varies based on the trope. For example, we found that f-curve
media was in 8% of posts on Telegram compared to about
2% on other platforms. Assessing the visual spread of elec-
tion tropes over time, the trajectory largely varied by both
platform and rumor topic. For example, claims of election
interference reached their maximum spread in a matter of
days following the election, yet we see that spread on Truth
Social hit a plateau between growth spurts whereas Rumble
experienced a more consistent spread over time.

What are the characteristics of online communities
that share visual media?
The network visualizations in 4 show the nine co-sharing
communities identified. Together these figures suggest that
some users share similar content within distinct commu-
nities, however, the majority are small and isolated; the
connected component provides support for cross-platform
sharing (although we note this could result from individ-
uals sharing the same content across their own platform
accounts). Figure 5 provides further insight into these co-
sharing patterns, where 67% of these communities involve
cross-platform sharing and only one contains more than
five authoring accounts. Across all media clusters, there



Figure 2: Coded cluster mediod, noted for news-
like scheme, embedded content and statistics / data
visualization components, and roles of promotion
of own content, own product, and election tropes.

Category Code % of
Posts

% of
Authors

% of
Clusters

logo / branding/ advertisement 7.7 6.22 9.72
screenshot / screen recording 8.02 14 3.75
text as image 0.64 0.44 1.25Medium

video still / image 83.85 86.67 85.42
news-like 64.28 67.78 58.19Scheme talking heads 12.51 11.78 13.33
embedded content 31.76 40 45.83Component empirical data 25.45 38.89 15.27
requesting money or help 3.64 4.89 7.92
promoting election trope 7.27 6.89 5.28
promoting other’s content 4.17 6.89 3.47
promoting other’s product 1.07 1.56 3.75
promoting own content 11.76 14 9.17
promoting own product 38.07 44.44 27.08

Role

denigrating entities 3.42 2.89 4.86

Table 2: Distribution of visual content and role codes across media
posts, platform authors, and media content clusters.

Figure 3: Cumulative spread of election trope posts over time by platform. The y-axis shows the cumulative portion of platform
posts containing media with references to the election trope. The x-axis indicates the passage of time over the study period. We
focus on tropes with more than one authoring account: “election interference” (62 accounts), “f-curve” (24 accounts), “stolen
election” (22 accounts), and “voting machine doubt” (53 accounts).

is a maximum intra-platform maximum joint probability
of co-occurrence between accounts on Gettr (0.52) and a
maximum inter-platform maximum joint probability of co-
occurrence between accounts on Gettr and Truth Social
(0.099). While the majority of online communities sharing
visual content span two or more platforms, the overall co-
sharing of similar content is low. For each platform, the max-
imum joint probability of co-occurrence between accounts
sharing similar media content included a Gettr author, re-
flecting that there were more posts on Gettr in the case study
dataset than across all other platforms combined. Yet, not
all co-engagement with similar media content aligned with
dataset platform distributions. For example, authors on Tele-
gram and Parler co-engaged with similar media content at a
higher rate than authors on Telegram did with one another,
suggesting media is more siloed on Telegram. Yet authors
on Parler were more likely to co-engage with each other on
similar media content than with Telegram authors. One pos-
sible explanation is the difference in platform affordances,

such as Telegram’s lack of a central content feed. We do
not observe the same effect on Rumble, where accounts also
share content through a channel-based structure. This might
be due to Rumble’s additional inclusion of content recom-
mendations on both the home page and sidebar of individual
videos, for which there is no analogous Telegram feature.

We further examine the largest component of the network,
a community comprised of 417 authors sharing across all
five platforms. We found that while the top five accounts for
betweenness centrality were verified content creators, such
as Lindell’s personal and FrankSpeech-associated accounts
on Gettr, many authors producing bridging content were
anonymous, non-influencer users across multiple platforms.
We re-ran Louvain community detection on the largest com-
ponent and surfaced some co-sharing communities of note
within this group. Table 3 shows that 88% of these involve
cross-platform sharing of similar content and all but two
contain more than five authors. We find that the majority of
authors in all but one co-sharing community posted a video



Figure 4: An undirected network where each node is an account, edges are a shared
image cluster, and edge weights are how often similar content from the same clus-
ter is shared. The network on the left is colored by Louvain method community
detection and the network on the right is colored by the platform of the account.

Figure 5: A mixing matrix of ac-
count platform connectivity, where a
value is the joint probability of co-
occurrence.

Figure 6: The main component of account co-sharing network where edge weights counts of co-shared image
cluster. The graph on the left is colored by community membership, the graph in the middle is colored by whether
or not the account has posted a video, and the graph on the right is colored by the platform of the account.

at least once. Of note, Figure 6 shows that the three largest
communities contained accounts from all platforms, indicat-
ing the most popular content was likely also bridging.

How does the inclusion of visual media impact
audience engagement?
We first examine whether or not a post containing a media
extension in the metadata is predictive on engagement. A
logit regression analysis shows the inclusion of media had a
small negative impact on the log odds of a zero engagement
outcome (�2 = -0.6469, p< 0.01). A negative binomial gen-
eralized linear model shows the inclusion of media was not
statistically significant in contributing to engagement score
outcomes (�2 = 0.6124, n.b.). This somewhat aligns with

prior outcomes in the microblogging context, where posts
with images have been shown to attract increased attention
(Counts and Fisher 2011), as we find that the inclusion of
media decreases the probability of a zero engagement out-
come. However, our results also suggest that an image sim-
ply being present on these alt-tech platforms, where image-
centered posts dominate across platforms, is not a refined
enough contributor to change engagement score. We further
examine the role of visual medium by exploring the inclu-
sion of video as a feature. Both the zero-inflation and count
models indicated video inclusion has a statistically signifi-
cant effect on engagement score. A logit regression analy-
sis shows the inclusion of video had a small negative im-
pact on the log odds of a zero engagement outcome (�2 =



Community Total Post Video Gettr Rumble Video Truth Social Parler Telegram

0 5 5 5 0 0 0 0
1 38 38 34 1 3 0 0
2 5 4 1 0 2 2 0
3 33 32 23 1 4 1 4
4 9 9 8 1 0 0 0
5 98 94 79 3 14 1 1
6 30 28 10 1 2 0 17
7 67 19 14 12 31 8 2
8 132 125 92 6 20 2 12

Table 3: Distribution of the number of authors by Louvain Community within the primary component of the network.

-0.6781, p < 0.01). A negative binomial generalized linear
model shows the inclusion of video had a positive impact on
engagement score outcomes (�2 = 0.8377, p < 0.05). Our
data aligns with findings from offline experiments of higher
engagement with video content (Yadav et al. 2011) and
Meta’s content-type best practices for creators, which fo-
cuses almost entirely on video content strategies for generat-
ing engagement (Meta 2022). This is echoed in the engage-
ment score means, where posts with video (�: 0.058462, �:
0.138985) and with any media (�: 0.053354, �: 0.118158)
had means nearly double those of posts without any media
(�: 0.027795, �: 0.118158). These results indicate that while
low engagement is common, high-engagement outliers exist.
Through manual investigation of the top 10 posts with video,
with any media, and with no media, we find that content cre-
ators and news influencers dominate the most engaged with
content, often furthering claims of election interference. For
example, Figures 7, 8, and 9 show top posts by each type
of medium; the video post title parrots Lindell’s claims of
catching fraud, the image post shows a screenshot alleging
election fraud, and the text post reaffirms Lindell’s claims of
vote counting interference with the F-curve. Of note, allega-
tions of “catching them in real time”, “election fraud”, “bad
guys”, “stealing”, and “cheating” are pervasive in the non-
text-based posts and comprise about half of the top ten text-
based posts. Visual content, in particular video, elicits higher
engagement in our dataset. This is particularly concerning,
given the top engaged posts further the delegitimization of
election results and distrust in the election process.

Discussion
Influencer monetization of rumoring attention
Within the “vote spikes” online rumoring campaign, we
found that visual media often takes on elements of broadcast
news that project objective authority, while also serving as
advertising through the promotion of products and content.
This differs from prior observations; for example, Marwick
details how in contrast to traditional broadcast media person-
alities, influencers leverage the participatory nature of social
media to cultivate intimate interactions with an audience of
fans (Marwick 2015) as observed in vlogs and reaction takes
of YouTube news influencers (Lewis 2020). We find that the
“vote spikes” online rumoring campaign news influencers
lean on more traditional elements of broadcast media. Visual
indicators of objectivity, such as reliance on empirical data

and projections of news-dissemination authority, outweigh
more subjective visual content in our data, such as ‘talking-
heads’-style commentary. Yet the news influencers promi-
nent in this rumoring campaign diverge from traditional
news media in monetization strategy, embedding ads and re-
quests for support within the broadcast media environment
through embedded content and chyrons. This strategy is ef-
fective for content shared across platforms, in that screen-
shots such as in Figure 2 that might be shared as rumoring
evidence are simultaneously serving as additional ad space.
The co-occurrence of monetization efforts next to shareable
visual content has the potential to incentivize the produc-
tion of rumor content and to encourage, as many of these
influencers do, the sharing of visual content to expand ad
reach in addition to content reach. Monetization was some-
times directly tied to the rumor using promotion codes, such
as Figure 2’s use of “TrumpWon” which both perpetuates
the 2020 stolen election conspiracy and gives viewers 30%
off. This practice echos an effect observed on Twitter known
as “Trend Spam” (Elmas et al. 2021). Our work found con-
tent denigrating entities and promoting tropes alongside pro-
motional content, which could limit the ability to monetize
with some brands. Indeed, the promotion of other’s con-
tent and products within the visuals associated with the ru-
moring campaign were largely limited to a small group of
influencers that also perpetuated the same tropes. The co-
occurrence of harmful content alongside promotional con-
tent has implications beyond limiting potential monetization
partners. Hua et al. find that YouTube influencers producing
problematic content used alternative monetization strategies
more often relative to influencers who did not (Hua et al.
2022), bypassing content compliance with the content poli-
cies required for on-platform ad revenue sharing. In our data,
alternative monetization vectors such as product promotion
and donation requests frequently occur. This suggests that
even as producers of problematic content move to platforms
where monetization may be divorced from content modera-
tion, alternative monetization efforts remain prevalent.

Towards evaluating and countering visual media
online rumoring campaigns across contexts
Visual media, particularly video, has significant persuasive
power concerning audience belief in political information
and fake news (Sundar, Molina, and Cho 2021; Wittenberg
et al. 2021). This context, together with our findings, high-




