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Abstract

Authentic information is vital for a society’s ability to make
rational decisions. Fabricated and manipulative information
can be harmful to society as seen in cases of threatening
events that were consequences of foreign propaganda and
radical ideologies. While past research has studied dis- and
misinformation on social media platforms, the study of pro-
paganda has received much less attention. This study explores
the sharing intentions of propaganda on social media plat-
forms and develops an intervention to help detect it. In a ran-
domized controlled trial setting, we added indicators to so-
cial media posts that used propaganda techniques to advance
an agenda, including techniques that rely on fallacious rea-
soning, emotional rather than logical reasoning, etc. We then
asked our participants (n=1,187) about their intention to en-
gage with these posts. We found that participants were sig-
nificantly (2.4 times) less likely to share these posts with in-
dicators. We also found that participants’ political affiliation
moderated their sharing intentions. We believe our findings
provide valuable insights for the study of propaganda on so-
cial media platforms.

Introduction
Jowett & O’Donnell (2006) define propaganda as “the delib-
erate, systematic attempt to shape perceptions, manipulate
cognitions, and direct behavior to achieve a response that
furthers the desired intent of the propagandist”. Propaganda,
along with disinformation and misinformation, has prolifer-
ated on social media platforms, becoming a great source of
concern for truth and democracy (Guess and Lyons 2020).
While researchers and platforms have explored providing in-
dicators that a post is false or lacks context to combat misin-
formation and disinformation (Geeng et al. 2020; Roth and
Pickles 2020; Morrow et al. 2022; Janmohamed et al. 2021;
Yaqub et al. 2020; Papakyriakopoulos and Goodman 2022),
the usage of indicators to combat propaganda is less studied.

Prior research on tackling propaganda, in general, sug-
gests improving propaganda literacy (Graham 1939; Booth;
1940; Hollis; 1939). This can be achieved by teaching peo-
ple to recognize common propaganda techniques like name-
calling (“giving an idea a bad label and therefore rejecting
and condemning it without examining the evidence”), and so
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on (Lee and Lee 1939). In this study, we design three indi-
cators that inform users of propaganda techniques associated
with a social media post and examine their impact on users’
sharing intentions.

This paper considers the following research questions:

• RQ1: Do propaganda indicators on social media posts
affect information-sharing behavior? Through a ran-
domized controlled trial experiment, we examined if
users in the treatment group (group of people exposed
to propaganda indicators) showed different sharing inten-
tions than users in the control group (group of people not
exposed to propaganda indicators).

• RQ2: How does revealing the rhetorical devices of
propaganda used in posts affect information-sharing
behavior compared to an indicator that does not? Re-
search in the misinformation literature has shown that
indicators that contained contextual information were
preferable to generic indicators with little to no detail
about the tag (Sharevski et al. 2022; Epstein et al. 2022).
We designed three indicators to explore this phenomenon
in the context of propaganda: a standard indicator with a
generic propaganda warning text, a contextual indicator
that contains information on the rhetorical devices of pro-
paganda used in the post, and a warning+contextual indi-
cator that combined certain warning elements along with
the contextual information. We then analyzed the perfor-
mance difference between the three treatment groups to
understand if one was more effective than the other.

• RQ3: Do factors such as age, gender, political affil-
iation, and social media usage levels moderate user
engagement? Past research has shown that factors such
as political affiliation influence how individuals react to
credibility indicators (Pennycook et al. 2020). We in-
cluded political affiliation as well as factors such as age,
gender, and social media usage levels to see if these vari-
ables moderated user engagement intentions.

To answer these questions, we conducted an online ex-
periment with 1,187 human subjects recruited from Prolific,
where they were randomly assigned to either a control con-
dition or one of three treatment conditions that tested three
types of propaganda indicators. Our findings indicate that
exposure to propaganda indicators is effective in reducing
users’ intention to share such posts on social media plat-
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forms. We found that users were 2.4 times less likely to share
such posts on social media when they came with an indica-
tor. We also found that the impact of these indicators varies
across political groups as well as with changes in user con-
cordance with the post’s partisan slant. Our results show ev-
idence that propaganda indicators can help tackle the spread
of propaganda on social media platforms.

Related Work
Content Labeling
As the circulation of problematic information, such as disin-
formation, misinformation, and propaganda, increases daily
on social media platforms (Forum 2022), techniques such
as content labeling are used by platforms to moderate the
circulation of such information. The concept of attaching la-
bels to content for additional information has roots in infor-
mation labeling practices, such as food labels, prescription
drug labels (Morrow et al. 2022), and privacy “nutrition” la-
bels (Kelley et al. 2009).

While various content labels exist, two of the most com-
mon types are veracity labels and contextual labels (Morrow
et al. 2022). The former gives information on the veracity
of the content. An example of this would be Twitter’s labels
for misleading content (their labels for misleading/disput-
ed/unverified claims) (Roth and Pickles 2020). On the other
hand, contextual labels are labels that give additional infor-
mation about the context of the content and can be further
categorized into source labels, claim-specific labels, and so
on (Morrow et al. 2022). Examples of source-specific labels
can be seen on Twitter where they attach labels to govern-
ment accounts, state-affiliated media accounts, and individ-
uals associated with state-affiliated media (Center 2020).

Effects of Content Labeling Previous studies have ex-
amined the effect of some of these labeling techniques on
user engagement and news-sharing behavior on social me-
dia platforms, particularly around COVID-19 misinforma-
tion (Janmohamed et al. 2021). For example, Geeng et
al. (Geeng et al. 2020) found that these warnings were more
helpful when post-specific messages (such as “False Infor-
mation”) were used rather than generic messages such as
Twitter’s “Know the facts” message or Instagram’s “Help
prevent the spread of Coronavirus” message when searching
for COVID-19 terms.

Similarly, outside of the scope of COVID-19, Clayton
et al. (Clayton et al. 2020) studied the impact of general
misinformation messages such as Facebook’s “tips for spot-
ting fake news” (A. 2016), versus specific warning messages
such as “Disputed” or “Rated False” on users’ perceived ac-
curacy of social media posts. They found that specific warn-
ing messages significantly reduced perceived accuracy.

In another experimental study, Yaqub et al. (Yaqub et al.
2020) studied the effects of credibility indicators on users’
news-sharing behavior on social media. Also looking at
the effect of the entity disputing the post, they found that
credibility indicators were the most effective when a fact-
checking journalist disputed it. Being least effective when
an AI system was involved in disputing it. However, in their
work on AI-crowd-generated credibility indicators, Epstein

(a) Standard Propaganda Indicator

(b) Contextual Propaganda Indicator

(c) Warning+Contextual Propaganda Indicator

Figure 1: The different propaganda indicators used in
our study. (a) The standard indicator is a generic propa-
ganda warning text. (b) The contextual indicator reveals
the propaganda techniques used in the post. (c) The warn-
ing+contextual indicator adds warning elements to the con-
textual indicator.

et al. (Epstein et al. 2022) found that adding a more descrip-
tive explanation of the process by which these indicators
were generated increased such indicators’ effectiveness.

Papakyriakopoulos et al. (Papakyriakopoulos and Good-
man 2022) studied the effect of Twitter’s veracity labels
as well as contextual labels and found that contextual la-
bels were useful especially when there was textual and top-
ical overlap between the label and the tweet. Sharevski et
al. (Sharevski et al. 2022) similarly found that providing
additional contextual information to warning messages was
preferable to generic warning indicators in the misinforma-
tion context. Kreps et al. (Kreps and Kriner 2022) further
studied the same under the COVID-19 context and found
generic warnings to be of limited efficacy. They found that
adding more contextual information on why the post was
flagged significantly helped alter beliefs as well as reduce
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the sharing of these posts.
Looking at state-sponsored propaganda Liang et al.

(Liang, Zhu, and Li 2022) found Twitter’s practice of label-
ing state-affiliated media reduced the news-sharing intent as-
sociated with labeled content on Twitter. On YouTube, Nas-
setta and Gross (Nassetta and Gross 2020) found similar re-
sults for state-affiliated media when labels were noticeable.

We base our study on the understanding that users prefer
post-specific and contextual information over generic warn-
ing messages.

Impact of Cognitive Processes and Truth Discernment
Pennycook et al. (Pennycook and Rand 2019b) found that
analytical thinking skills have a direct impact on truth dis-
cernment abilities. They found that lack of such skills made
people more susceptible to fake news than partisanship
per se. Similarly, in another study of credibility indicators,
Arechar et al. (Arechar et al. 2022) looked at cognitive pro-
cesses such as analytical thinking and their relationship to
accuracy discernment. They showed that strong analytical
skills enhance accuracy discernment, influencing both truth
discernment and sharing behavior. However, there was a dis-
connect between truth discernment and sharing intentions
and users needed to be reminded to consider accuracy when
presented with an article to enhance sharing discernment.
They found that a digital literacy message with critical think-
ing tips also improved sharing discernment. These studies
informed our design of an indicator that highlights propa-
ganda techniques (a propaganda literacy message) used in
posts to improve discernment and sharing behavior.

Propaganda and its Devices
Although traditional media sources like newspapers de-
clined as propaganda tools after World War II (Jowett and
O’Donnell 2018), the digital age has created a new, eas-
ily accessible medium for spreading propaganda. Mareš
and Mlejnková (Mareš and Mlejnková 2021) studied secu-
rity threats that emerged from online propaganda, includ-
ing Russian interference in foreign elections and the global
white nationalist movement and far-right-led attacks. The
increasing calls for research into countering propaganda
and enhancing information integrity by government institu-
tions (Committee 2017; IIRD IWG 2022) speaks volumes
about why this is an evolving security threat.

Propagandists often use rhetorical devices based on log-
ical fallacies, emotional appeals, and psychological tactics,
such as “glittering generalities” which involve associating a
message with positive words to gain acceptance without ev-
idence. During the “golden age” of propaganda in the 1930s
and 1940s, organizations like the Institute for Propaganda
Analysis (IPA) worked to educate the public on identifying
these techniques (Lee and Lee 1939).

Following the works of (Lee and Lee 1939), Martino et
al. (Da San Martino et al. 2019) derived 18 propaganda
techniques commonly found in modern journalistic articles.
Some of these techniques include - “bandwagon” (when a
person tries to convince someone to accept or do some-
thing simply because everyone else is doing it), and “flag-
waving” (statements that play on strong national feelings).

They collaborated with media professionals to create an an-
notated dataset of these techniques and developed the Tanbih
API (QCRI 2021), a tool capable of identifying propaganda
techniques in articles with moderate accuracy. In our study,
we use some of these techniques to highlight the use of pro-
paganda in social media posts, aiming to provide contextual
information to users.

Science Denialism Research shows that technique rebut-
tal, which refutes argument flaws and rhetorical techniques,
is effective against science denialism (Schmid and Betsch
2019). Science denialism shares traits with propaganda, as
both use tactics like false logic, fake experts, and appeals to
false authorities.

Methods
Procedure
Participants were randomly assigned to one of four groups
- one control and three treatment groups, with each treat-
ment group testing a different indicator type. Across all four
groups, we exposed participants to a series of both propa-
ganda and non-propaganda posts. There were 12 propaganda
and 6 non-propaganda posts that were shown in all groups.

Participants in the control group saw propaganda posts
without any propaganda indicators. Participants in treatment
group 1 saw propaganda posts with a standard propaganda
indicator (Figure 1a) that had a generic warning message.
Participants in treatment group 2 saw propaganda posts ac-
companied by a contextual indicator (Figure 1b) that con-
tained information on the rhetorical devices of propaganda
used in the post. Participants in treatment group 3 saw pro-
paganda posts with a warning+contextual indicator (Fig-
ure 1c) that combined certain warning elements along with
the rhetorical devices of propaganda used in the post.

In all four groups, the non-propaganda posts did not have
an indicator. After each post, the participant was asked about
their intention to share the post on social media platforms.
The order of the posts was randomized in all four groups.

At the end of the 18 posts, participants were asked ques-
tions on demographics and political affiliation (See Ap-
pendix for questionnaire).

Materials
Post Selection Our post collection included an even mix
of posts that leaned toward Left, Independent, and Right
political ideologies in the US since engagement intentions
are influenced by how well the information aligns with the
user’s beliefs (politically) (Kahan 2012; Pennycook et al.
2020). We also included an even mix of well-known and
lesser-known narratives given the influence of topic popu-
larity on sharing intentions (Wong and Burkell 2017).

Media Bias/Fact Check (MBFC) is an online platform
that rates over 5,500 news sources based on bias and fac-
tual accuracy (Check 2022a). Its categories include pseu-
doscience conspiracy and questionable sources among oth-
ers such as left-biased, right-biased, left-centered, and right-
centered biases. They define questionable sources as sources
that promote propaganda and/or conspiracy theories (Check
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2022b). We studied the websites that were listed under this
category such as occupydemocrats.com, naturalnews.com,
rt.com, and so on.

To obtain politically-oriented excerpts (social media
posts), we utilized MBFC’s bias categories from within the
questionable source category i.e. to gather right-leaning pro-
paganda posts, we looked at right-biased sources that were
simultaneously also under the questionable source category.
We then looked up the popularity of these narratives on
Google to check if popular news websites such as CNN, Fox
News, and NY Times covered the same narrative, for pop-
ularity categorization purposes. We retained a post as long
as it exhibited the use of at least two propaganda techniques
mentioned in Martino et. al. (Da San Martino et al. 2019).

Furthermore, we aimed to explore the potential interac-
tion between misinformation content in some of these posts
and how that could influence sharing intention. When ap-
plicable, we looked up the veracity of the statements used in
these posts on Politifact, making sure to avoid unwanted bias
and/or skewness towards either side of the political spec-
trum.

For non-propaganda excerpts (posts), we referred to web-
sites with high scores on MBFC’s factual reporting scale
such as reuters.com, excluding those listed under question-
able sources. Furthermore, three of the authors manually
checked these narratives to validate this categorization.

We accumulated over 42 such propaganda posts and 24
non-propaganda posts. We then ran a small-scale experiment
(n=84) where we presented participants with a random set of
posts and asked them about their sharing intention for each.
This was done in a stratified random manner ensuring that
each post was seen by an equal number of participants across
all 3 political subgroups. The most shared posts (12 propa-
ganda and 6 non-propaganda posts) among these were then
shortlisted for use in the main experiment.

We acknowledge that real-world social media feeds typi-
cally mix highly engaging content with less-viral posts from
users’ local networks. Therefore, selecting only the most
shared posts may not fully capture this diversity. However,
our approach was intended to reduce experimental noise by
choosing to focus on posts that participants are relatively
more likely to share since posts with less shares provide lit-
tle to no informative variation regarding the effects of our
interventions. Moreover, we also believe that this procedure
mimics social media algorithms, which tend to amplify posts
that receive higher engagement.

Pretest Taking inspiration from Pennycook et al. (Pen-
nycook et al. 2020), we conducted a pretest (n=193) on the
shortlisted posts to validate their political orientation. Par-
ticipants were randomly assigned to one of two groups that
saw either propaganda or non-propaganda posts. In both
groups, they were asked to rate the posts on a scale of 1 to
7 with 1 being Democrat-favorable and 7 being Republican-
favorable.

For the propaganda posts, the right-leaning posts (M=5.7)
differed significantly in orientation from the left-leaning
posts (M=1.9). Both right-leaning and left-leaning posts
also significantly differed from independent-leaning posts

(M=3.9). Independent-leaning posts did not differ from the
center of the scale (4). Furthermore, the right-leaning and
left-leaning posts were equally partisan (differed equally
from the center of scale; p > 0.05).

For the non-propaganda posts, the right-leaning posts
(M=4.5) differed significantly in orientation from left-
leaning posts (M=2.3). Both right-leaning and left-leaning
posts also significantly differed from independent-leaning
posts (M=4.2). The independent-leaning posts, however, dif-
fered from the center of the scale (p = 0.008), making it
slightly skewed to the right.

This pretest validated our post-selection process with re-
spect to political leaning. It also validated the inclusion of an
even mix of posts corresponding to all political subgroups in
the US. We further controlled for user’s partisan lean versus
post’s partisan lean ((dis)concordance) by coding up a “con-
cordance” (political concordance) variable that had value=1
if the participant’s partisan lean matched the post’s partisan
lean and 0 otherwise.

Indicator Design We designed three indicators to under-
stand the dissemination of propaganda on social media.

For the first type, a standard indicator, we replicated the
generic warning message used by Yaqub et al. (Yaqub et al.
2020), where a claim is accompanied by a broad statement
such as “disputed by fact-checkers” (A. 2016). Platforms
like Facebook and Twitter frequently used such warnings be-
tween 2016 and 2020 to curb misinformation. Several stud-
ies (Yaqub et al. 2020; Pennycook et al. 2020; Sharevski
et al. 2022; Pennycook and Rand 2019b; Clayton et al. 2020)
have since explored their effects on sharing behavior and
perceived accuracy, highlighting issues such as the backfire
effect (Nyhan and Reifler 2010) and the implied truth ef-
fect (Pennycook et al. 2020).

On the other hand, to make warning messages more in-
formative and interpretable, our second indicator, a contex-
tual indicator, draws inspiration from Twitter’s Commu-
nity Notes (Center 2022) feature, providing detailed con-
text about a post. Contextual indicators are generally well-
received (Sharevski et al. 2022; Geeng et al. 2020; Kreps and
Kriner 2022). We designed this indicator to appear below the
post in a non-disruptive manner, with a bold title and a gray
background. To enhance clarity and help participants visu-
ally distinguish among the eight propaganda techniques, we
randomly assigned each technique one of eight colors and
ensured consistent technique-color pairings in this group.

Given that minimal warnings can go unnoticed (Kaiser
et al. 2021), we designed a third, more explicit indicator
which we call our warning+contextual indicator. While in-
terstitial warnings may cause user friction (Kaiser et al.
2021), they significantly improve noticeability, which is key
to effective intervention (Nassetta and Gross 2020; Kaiser
et al. 2021). This indicator type included a warning sign, the
phrase ”Propaganda Warning” and a color palette incorpo-
rating red to signal danger (Silver et al. 2002). Because the
goal here was to improve noticeability, we deliberately used
the color red to highlight one randomly chosen technique in
each post. For the remaining techniques, we selected from
green and blue to provide additional contrast.
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To control for the effect that the source or publisher infor-
mation would have on users’ engagement intentions, these
were redacted in all the posts across all groups. However,
we acknowledge that in real-world settings, source informa-
tion can influence engagement decisions (Thompson, Wang,
and Daya 2019).

Propaganda Techniques For the contextual and warn-
ing+contextual indicator, we used 8 of the 18 propaganda
techniques mentioned in Martino et al. (Da San Martino
et al. 2019). These include:

1. Name-Calling: “Labeling the object of the propaganda
campaign as either something the target audience fears,
hates, finds undesirable or otherwise loves or praises”

2. Loaded Language: “Using words or phrases with strong
emotional implications to influence an audience”

3. Doubt: “Questioning the credibility of someone or some-
thing”

4. Appeal to Fear: “Seeking to build support for an idea
by instilling anxiety and/or panic in the population to-
wards an alternative, possibly based on preconceived
judgments”

5. Flag-Waving: “Playing on strong national feeling (or
with respect to a group, e.g., race, gender, political pref-
erence) to justify or promote an action or idea”

6. Black-and-white fallacy: “Presenting two alternative op-
tions as the only possibilities, when in fact more possi-
bilities exist”

7. Bandwagon: “Attempting to persuade the target audience
to join in and take the course of action because ‘everyone
else is taking the same action’ ”

8. Causal oversimplification: “Assuming one cause when
there are multiple causes behind an issue OR the transfer
of blame to one person without investigating the com-
plexities of an issue”

Annotation To annotate the techniques present in the so-
cial media posts, we used a multi-stage annotation process
where two authors annotated techniques and a third au-
thor served to mitigate disagreements. Similar to Ogren et
al. (Ogren et al. 2008), we subdivided a larger set of posts
into trial and experimental sets where the trial set was used
as an exercise tool for the annotation task and the experi-
mental set contained posts for the main experiment.

In stage 1, the trial set and an initial annotation guide-
line were used by the two annotators to annotate posts in-
dependently. At the end of stage 1, the annotators came to-
gether to resolve disagreements and to update the annotation
guideline for further clarity. The Inter-Annotator Agreement
(IAA) score was used as a metric for annotation reliabil-
ity. Two types of IAA scores were calculated (F-measure
and token-level Cohen’s Kappa (Deleger et al. 2012)) be-
cause of the inherent difficulty in calculating Cohen’s Kappa
for entity recognition tasks (Hripcsak and Rothschild 2005;
Deleger et al. 2012).

In stage 2, the annotators annotated the experimental set
using the updated guideline, reaching an IAA score of 0.63
for F-measure and 0.52 for token-level Kappa, indicating

moderate agreement. At the end of stage 2, the annotations
were consolidated by the third author who helped establish
the final set of annotations that were used for the main ex-
periment. For the final annotations, annotations where both
annotators agreed (both span and technique), were consid-
ered and only three techniques were shown per post. In the
case of disagreements in the technique, the consolidator’s
judgment was considered. The annotated propaganda posts
as well as the non-propaganda posts used in this study can
be found in our repository.1

Recruitment and Ethical Considerations
Throughout the study, ethical standards were in place to pro-
tect the rights of the research participants. An informed con-
sent form was provided to participants at the beginning of
each experiment. The informed consent form contained de-
tails about the study, estimated time, compensation, and con-
fidentiality of data. No personally identifiable information
was collected.

Participants were recruited via Prolific, limited to U.S.-
based individuals aged 18+, with 50+ completed surveys and
a 95% approval rating. The post-selection and pretest stud-
ies lasted 10 minutes with $1.50 compensation, and the main
experiment took 12 minutes with $1.80 compensation (both
$9/hr). To ensure data quality, we used reCaptcha, fraud/du-
plicate detection, commitment requests, attention checks,
and time-out mechanisms. The study was approved by our
institution’s Institutional Review Board (IRB).

Participant Demographics We recruited 1,290 partici-
pants for the main experiment and 305 participants for post-
selection and pretest experiments. Participants who com-
pleted the study too slowly/quickly (outside 3 standard devi-
ations), failed to consent or did not meet initial commitment
request were asked to return the study. Data was discarded
for failing attention checks, bot/duplicate checks, or incom-
plete surveys. The final sample included 1,187 participants
for the main experiment and 277 for sub-experiments.

Our sample was representative of the social media pop-
ulation (OBERLO 2023; Dixon 2023). 32% of the partic-
ipants said they identified as Democrats, 30% as Republi-
cans, and 38% as Independents. The gender group had 47%
females, 51% males, and 2% who marked their gender as
“Other”. The participant age group had a mean of 41 and a
median age of 38. 52% of them said they used social me-
dia for less than 2 hours, while 48% said they used it for
over 2 hours. 20% had no college degree, 64% had an asso-
ciate’s/undergraduate degree, 14% had a graduate-level de-
gree and 2% preferred not to say.

Group sizes for the main experiment: control (299), treat-
ment with standard indicator (294), treatment with contex-
tual indicator (295), and treatment with warning+contextual
indicator (299).

Analysis
Across all four groups, we exposed participants to propa-
ganda and non-propaganda social media posts and asked

1Repository containing social media posts https://doi.org/10.
6084/m9.figshare.24274639
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Figure 2: Propaganda and non-propaganda post shares (non-
propaganda posts had no indicator)

about their intention to share the post (yes/no) on social
media. Given the nature of this experiment, we used a bi-
nary mixed effects logistic regression model to model our
data. Our independent variables included participant’s polit-
ical affiliation, political concordance, age, gender, and social
media usage levels and our dependent variable was the shar-
ing intention (dichotomous). To account for repeated mea-
sures, we added participant ID and post ID as random effects
to the model.

We used a step-wise approach to add variables to the
model to systematically evaluate which demographic and
contextual variables significantly contributed to the model’s
explanatory power. We used the likelihood ratio test using
chi-square for significance testing and we retained a vari-
able as long as it showed significance. We acknowledge that
stepwise procedures are sensitive to the order in which the
variables are added. To address this issue, we tested differ-
ent orders of entry to confirm that variables retained in the
final model showed consistent performance without any sig-
nificant deviations in results (see Table 3 in Appendix for re-
sults of each step of the step-wise model). We also tested for
relevant interactions in each step. To comprehend the signif-
icant interaction effects between the independent variables,
we used Tukey’s Honest Significance Test (HSD) as a post-
hoc test. Tukey’s HSD allows for pairwise comparisons of
differences in means (Stoll 2017) and returns corrected p-
values (Dillon 2016).

For RQ1, we hypothesized that propaganda indicators do
affect information-sharing behavior on social media. We
compared differences in sharing intentions between con-
trol and all the treatment groups combined. For RQ2, we
intended to understand how the three types of indicators
contrasted with each other so we compared sharing inten-
tions between control and treatment groups independently as
well as differences between the three treatments. For RQ3,
we analyzed the demographic/contextual variables, checked
for significant interaction effects, and used Tukey’s HSD to
comprehend these effects.

Figure 3: Odds ratio of sharing intentions across indicator
groups by political affiliation (higher odds ratio indicates
greater indicator impact)

Results
Non-Propaganda Posts
In all four groups, we exposed participants to non-
propaganda posts. Research suggests that there exists an
implied truth effect wherein the presence of indicators on
posts causes people to think of the posts without indica-
tors as more true in comparison to a control (Pennycook
et al. 2020). However, as seen in Figure 2, we did not ob-
serve significant differences in sharing intentions for non-
propaganda posts across the control and treatment groups
combined (β = 0.078, SE=0.135, p=0.564) as well as con-
sidered individually - control and standard (β = −0.039,
SE=0.166, p=0.816), control and contextual (β = 0.034,
SE=0.165, p=0.837), and control and warning+contextual
(β = 0.232, SE=0.164, p=0.158). Similar patterns were also
found in studies exploring credibility indicators (Yaqub et al.
2020; Clayton et al. 2020).

Propaganda Posts
Our study found that exposing participants to propaganda
indicators had an impact on their propaganda-sharing be-
havior. As seen in Figure 2, participants in the treatment
group (all groups combined) shared 13.8% of the propa-
ganda posts, whereas participants in the control group shared
22.4% of the propaganda posts. As seen in Table 1, partici-
pants in the treatment group (all groups combined) were 2.4
times less likely to share propaganda posts when compared
to the control condition (p < 0.0001).

Analysis of the treatment (indicator) groups showed sim-
ilar reductions in sharing intentions. Participants exposed to
the standard indicator were 2.6 times less likely to share pro-
paganda posts (p < 0.0001), those shown the contextual in-
dicator were 2.3 times less likely (p < 0.0001), and those
shown the warning+contextual indicator were 2.4 times less
likely (p < 0.0001) to share propaganda on social media.
However, the differences between the indicator groups were
insignificant (corrected p = 0.875 for standard vs. con-
textual, p = 0.878 for standard vs. warning+contextual,
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Variable Reference Level Odds Ratio Lower CI Upper CI p
Group Control Indicator 0.417 0.323 0.539 2.167e-11***
Group Control Standard 0.384 0.278 0.530 6.132e-09***

Group Control Contextual 0.443 0.322 0.608 5.114e-07***

Group Control Warning+Contextual 0.425 0.310 0.584 1.284e-07***

Concordance Discordant Concordant 2.900 2.597 3.238 9.573e-80***

Political Affilia-
tion

Democrat Independent 1.025 0.770 1.364 0.865

Political Affilia-
tion

Democrat Republican 1.718 1.279 2.308 0.000327***

Social Media Us-
age

Low High 1.826 1.449 2.302 3.434e-07***

Gender Female Male 1.952 1.539 2.475 3.385e-08***

Gender Female Other 1.257 0.511 3.093 0.619

Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05

Table 1: Logistic Regression model showing the odds of sharing a propaganda post

p = 1.0 for contextual vs. warning+contextual), as indicated
by the overlapping confidence intervals in Table 1.

Political Affiliation Our study found that participant’s
political affiliation moderated sharing intentions. As seen
in Table 1, Republicans were 1.7 times more likely than
Democrats and 1.5 times more likely than Independents to
share propaganda (p < 0.0001 and p = 0.007, respectively),
aligning with previous misinformation research (Yaqub et al.
2020).

Upon analyzing the impact of the indicators (all groups
combined), Republicans were 2.7 times less likely to
share propaganda, Independents 2.4 times less likely, and
Democrats 1.9 times less likely (all p < 0.01). As seen
in Figure 3, Republicans exposed to the standard indicator
were 3.9 times less likely to share these posts whereas Inde-
pendents who saw this indicator were 2.8 times less likely to
share these (both p < 0.0001). This effect was insignificant
for Democrats (p = 0.514).

For the contextual indicator, Democrats were 2.5 times
less likely to share these posts (p = 0.007), Republi-
cans 2 times less likely, and Independents 2.2 times less
likely (p = 0.038 and p = 0.008 respectively). The warn-
ing+contextual indicator made Republicans 2.5 times less
likely (p = 0.004) and Independents 2.3 times less likely
(p = 0.004), but the effect was insignificant for Democrats
(p = 0.083). Thus, the standard indicator reduced sharing
for Republicans and Independents, while adding context re-
duced sharing across all groups. Including a warning ele-
ment further reduced sharing for Republicans and Indepen-
dents.

Political Concordance Previous studies suggest that po-
litical concordance (alignment of the post’s political leaning
with the user’s) impacts the effectiveness of credibility indi-
cators (Pennycook and Rand 2019a; Pennycook et al. 2020).
We modeled political concordance as a binary variable with

a value 1 if the post’s leaning matched the user’s, and 0 oth-
erwise. For Independents, concordance was 1 if the post had
a neutral rating (4) on the pretest.

As seen in Table 1, participants were 2.9 times more likely
to share politically concordant propaganda posts than dis-
cordant posts (p < 0.0001). Both Democrats and Republi-
cans shared concordant posts significantly more than discor-
dant posts (p < 0.0001) (See Table 4 in Appendix). Inde-
pendents, however, shared discordant posts 2.35 times more
than concordant posts (p < 0.0001, Table 4).

Figure 4 illustrates a significant three-way interaction
among concordance, political affiliation, and treatment. The
standard indicator significantly reduced sharing intentions in
both cases of dis/concordance for Independents and Repub-
licans (all p < 0.05), but was insignificant for Democrats
(discordant p = 0.309, concordant p = 0.816). The con-
textual indicator significantly reduced sharing intentions in
both cases of dis/concordance for Independents (p = 0.018
and p = 0.023 respectively) and for discordant posts
among Democrats and Republicans (p < 0.0001 and p <
0.05). The warning+contextual indicator significantly re-
duced sharing in all groups except concordant Democrats
(p = 0.296). Table 2 summarizes the findings of the three-
way interaction visually. See Appendix for Tukey’s HSD test
exploring the three-way interaction in detail.

Gender We included Gender in the final model because
it has been shown to influence sharing decisions (Yaqub
et al. 2020). As seen in Table 1, men were 2 times more
likely to share propaganda posts than women (p < 0.0001).
All three indicators significantly reduced sharing intentions
across both groups. The percentage change (reduction) in
sharing for men was 44% for standard indicator, 33% for
contextual indicator, and 39% for warning+contextual indi-
cator (all p < 0.0001). The percentage change (reduction) in
sharing for women was 32% for standard indicator, 41% for
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(a) Concordant Propaganda (b) Discordant Propaganda

Figure 4: Odds Ratio of sharing intentions across indicator and political subgroups with respect to concordance (higher odds
ratio indicates greater indicator impact)

contextual indicator, and 35% for warning+contextual indi-
cator (all p < 0.05).

Social Media Usage We included Social Media usage in
the final model because it has been shown to influence shar-
ing decisions and engagement levels (Yaqub et al. 2020).
As seen in Table 1, participants with higher social me-
dia usage were 1.8 times more likely to share propaganda
posts than participants with lower levels of social media
usage (p < 0.0001). All three indicators significantly re-
duced sharing intentions across both groups. The percentage
change (reduction) in sharing for the low usage group was
44% for standard indicator, 34% for contextual indicator,
and 36% for warning+contextual indicator (all p < 0.01).
The percentage change (reduction) in sharing for the high
usage group was 34% for standard indicator, 41% for con-
textual indicator, and 38% for warning+contextual indicator
(all p < 0.0001).

Discussion
Through this study, we established a comprehensive un-
derstanding of how propaganda indicators affect users’
information-sharing behavior on social media. Unlike many
fact-checking studies, our research delves into the nu-
anced nature of propaganda. Evidence of backfire effects
in the misinformation and fact-checking literature (Nyhan
and Reifler 2010; Flynn, Nyhan, and Reifler 2017) and
the promising potential of contextual indicators (Kreps and
Kriner 2022; Sharevski et al. 2022) prompted us to design
informative indicators. Our indicators highlight specific pro-
paganda characteristics, aligning with Spradling et al.’s call
for more descriptive labeling practices to combat misinfor-
mation (Spradling, Straub, and Strong 2021). These indica-
tors equip users with detailed content information, enabling
them to make more informed decisions.

Our study found that propaganda indicators significantly
impact users’ information-sharing behavior on social me-
dia platforms (RQ1). Overall, participants were significantly
(2.4 times) less likely to share propaganda posts when ex-
posed to propaganda indicators, with all three types effec-
tively reducing sharing. We found no evidence for back-

fire effects at the indicator, concordance, or political affili-
ation levels. To that extent, our study adds to the growing
evidence for the lack of backfire effects (Wood and Porter
2019; Schmid and Betsch 2019), wherein the presence of
indicators caused users to share (and believe) these posts
more (Nyhan and Reifler 2010).

While RQ2–how does revealing the rhetorical devices of
propaganda used in posts affect information-sharing behav-
ior compared to an indicator that does not?—remains in-
conclusive, we found insightful observations into how dif-
ferent political subgroups responded to each indicator, en-
hancing our understanding of political reactions to propa-
ganda interventions. We believe these insights fill a signif-
icant gap in existing research, as there is limited work ex-
ploring how diverse groups react to these interventions with
this level of detail in the complex landscape of propaganda.

For RQ3, we examined demographic factors such as age,
gender, and social media use. We found that men were more
likely to share propaganda than women, aligning with find-
ings from (Yaqub et al. 2020), possibly due to men’s ten-
dency to share more political news (Fractl 2016).

In this study, we used 18 posts as stimuli similar to past re-
search studying the effect of fact-checking and misinforma-
tion warnings (Pennycook et al. 2020; Sharevski et al. 2022;
Pennycook and Rand 2019b). This number was chosen for
several reasons. First, it helps to minimize information over-
load and participant fatigue, ensuring that the provided re-
sponses are reliable and of high quality. Second, utilizing
a controlled number of stimuli allows for a more focused
examination of the immediate effects of exposing users to
these propaganda indicators. To understand the generaliz-
ability of our results, we tested for interaction effects be-
tween post ID and indicator conditions. We did so to under-
stand if — a) our main effect was being driven by a specific
post (or a subset of them) and b) the observed effects would
still hold in an experiment with a larger sample of stimuli.
The interaction term turned out insignificant (see Appendix
for details on the statistical analysis), suggesting that the ef-
fect of the indicator on the outcome does not differ signifi-
cantly across posts. Notably, this insignificant interaction be-
tween post ID and treatment group supports the robustness
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Affiliation T1 (Std) T2 (Ctx) T3 (W+C)
Dis. Con. Dis. Con. Dis. Con.

Democrats ✗ ✗ ✓∗∗∗ ✗ ✓∗ ✗
Independents ✓∗∗∗ ✓∗ ✓∗ ✓∗ ✓∗ ✓∗∗

Republicans ✓∗∗∗ ✓∗∗∗ ✓∗ ✗ ✓∗∗ ✓∗

Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05

Table 2: Three-way Interaction between Political Affiliation,
Concordance (Con./Dis.), and Indicator Condition (T1–T3).
A check mark indicates a significant effect (reduced sharing
intention); a cross mark indicates no effect. Std (Standard),
Ctx (Contextual), W+C (Warning+Contextual).

of using this limited set of stimuli in our study, by show-
ing that the results are not dependent on the particular set of
posts used in this study. This supports the notion that if we
were to use a larger set of posts, the overall effect is likely
to hold. However, future research could extend our study by
using a larger set of stimuli in a more ecologically valid,
real-world environment to validate our findings.

Implications
Our study aligns with Sharevski et al.’s findings that
Democrats prefer contextual indicators, while Republicans
“prefer minimum intervention and distraction” (Sharevski
et al. 2022). The standard indicator had the most impact
on Republicans (both concordant and discordant posts),
while the contextual indicator had the greatest impact on
Democrats, particularly for discordant posts. However, un-
like Sharevski et al., who found that adding a “red flag”
to the contextual indicator further minimized the indicator’s
impact for Republicans, our warning+contextual indicator,
which included a threat sign, did not reduce its effect on Re-
publicans (see Table 2).

Users’ propaganda-sharing behavior when exposed to the
standard propaganda indicator slightly differed from Yaqub
et al.’s (Yaqub et al. 2020) findings on how users react to
these in the fake-news setting. Similar to our finding, they
found that Republicans and Independents were more likely
to share these in the first place compared to Democrats.
They observed that such indicators were most effective for
Democrats, then Independents, and least for Republicans. In
our study, generic indicators worked best for Republicans,
followed by Independents and Democrats, possibly because
Republicans prefer minimal intervention (Sharevski et al.
2022). This difference may stem from our study’s tighter
control (and rightly so) over ensuring the inclusion of posts
representing different political leanings.

Overall, the indicators in our study were equally effec-
tive on both concordant and discordant posts, unlike Penny-
cook et al.’s (Pennycook et al. 2020) finding that warnings
work better on politically concordant fake news or with the
postulate that identity-protective cognition plays a key role
in how people process (mis)information (Kahan 2017). To
that extent, our results align with the findings of Clayton et
al. (Clayton et al. 2020), where political congeniality does
not interact with indicator conditions in such settings.

While many studies focus on dis- and misinformation,

our study examines propaganda, which is a more nuanced
part of the disinformation landscape. Although these terms
are often used interchangeably due to their similarities, they
have key differences, especially in intent and the veracity
of claims being made (Libraries 2023). Misinformation is
the unintentional spread of false information, disinforma-
tion is the intentional spread of fake news, and propaganda
is a deliberate attempt to mislead, using statements that may
or may not be based on facts (Libraries 2023). Therefore,
responses to indicators targeting these forms may differ.
Decoupling these forms can help in understanding partic-
ipant responses; however, this becomes challenging when
one form is used as a tool for another (e.g., using disinforma-
tion as propaganda). Establishing the veracity of propaganda
is more difficult since it may contain factual elements while
still relying on misleading, emotional reasoning.

A key question is whether labeling content as “propa-
ganda” is effective at scale, given the challenge of identify-
ing propaganda techniques across numerous posts. By shift-
ing the focus from “true vs. false” to analyzing propaganda
techniques shows a meaningful evolution in warning design
by highlighting why something has been flagged as mis-
leading, rather than simply flagging it. Our findings show
that incorporating propaganda techniques in the indicator
was effective across all three major U.S. political subgroups,
whereas the lack of such techniques was received negatively
by Democrats. This result supports the notion that moving
away from black-and-white fact-checking practices toward
providing more context on the flagged content can improve
the effectiveness of such warnings in reducing the spread
of propaganda online (Kreps and Kriner 2022; Sharevski
et al. 2022; Spradling, Straub, and Strong 2021; Epstein
et al. 2022). Platforms such as Twitter have turned to using
such nuanced approaches to increase indicator effectiveness
through their Community Notes feature (Center 2022). In
our study, we systematically investigate how different polit-
ical subgroups respond to such indicators especially when
presented with political content. We offer insights into what
works for whom and provide an explanatory framework for
intervention. Our results suggest that, besides flagging mis-
information and debunked posts, social media platforms can
also flag propaganda to reduce its spread. While our results
do not point to a definitive best indicator to use for flagging
propaganda, we present multiple options based on prior re-
search on contextual and standard warning indicators. Now
that we know these approaches can have tangible effects,
collaborations with content moderation teams could use this
knowledge to integrate rhetorical cues at scale, potentially
through NLP and machine-learning systems, such as those
demonstrated in SemEval Task 11 (2020) for propaganda
detection (Da San Martino et al. 2020).

While designing measures to counter propaganda, it is
crucial to respect freedom of expression. With censorship
and removal of content, press freedom can take a hit. Pro-
ponents of the Counterspeech Doctrine argue that the best
response to negative news is to counter it with positive
news (Hudson 2009). Since propaganda lacks a universally
agreed-upon definition (Laskin 2019), a logical course of ac-
tion then would be to explain why the content was flagged as
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propaganda which would in turn help enhance transparency
around content moderation practices. Contextual indicators
like ours provide users the agency to make informed de-
cisions. While counterspeech might not always be suitable
(e.g., in cases of incitement to violence), it remains a valu-
able supplemental technique.

Limitations
Propaganda favors one side of an argument and political po-
larization in the US amplifies its impact. However, two-fifths
of the US population do not align with the two dominant po-
litical parties in the US (Anonymous 2019), suggesting that
the influence of politically motivated speech may be less for
this group. Studying the impact of propaganda interventions
on Independents is challenging. We assumed that Indepen-
dents would prefer non-polarizing content regarding the two
main parties but might engage with polarizing content re-
lated to national, foreign, or bipartisan issues. The propa-
ganda posts that received a rating of “4” (neither Democrat
nor Republican favorable) on a scale of 1 to 7 on the pretest,
were coded as politically concordant for Independents.

We acknowledge that this assumption can be contested,
given that a majority of Independents do in fact lean towards
either one of the parties (Anonymous 2019) leaving poten-
tial implications unaccounted for. This is partly reflected in
our results where Independents were 2.35 times more likely
to share right/left-leaning posts than the “neutral” posts (p <
0.0001). However, they shared significantly fewer right/left-
leaning posts compared to Republicans/Democrats (Table 4
in the Appendix with p < 0.0001). Future research could ex-
plore more systematic ways to model political concordance
for Independents.

In this study, the visual presentation of the propaganda
techniques was an important aspect of the intervention.
However, one design feature that requires further discus-
sion is the role of color in the presentation of these tech-
niques. In the contextual indicators case, the eight tech-
niques were highlighted using eight randomly selected col-
ors, with within-group technique-color consistency. In the
warning+contextual case, however, because the goal was to
enhance the prominence of the propaganda message, red was
deliberately introduced (as explained in the methods section)
to highlight one random technique per post, alongside two
additional colors (green and blue). We acknowledge that this
difference in color assignment between the two groups intro-
duces a variable that may affect outcomes beyond textual or
contextual information alone. Future studies could system-
atically manipulate colors to disentangle the effect of colors
from those of textual information.

Although using a limited set of only 18 posts aligns
with prior work on fact-checking and misinformation warn-
ings (Pennycook et al. 2020; Sharevski et al. 2022; Penny-
cook and Rand 2019b) and our analysis showed an insignif-
icant interaction effect between post ID and indicator group,
our study focused on immediate effects. In real-world sce-
narios, as social media users get exposed to a vast array of
information and repeated interventions, these repeated ex-
posures could lead to habituation, potentially diminishing
the effectiveness of such indicators. Future studies should

therefore extend our work by using a larger set of stimuli to
investigate the longitudinal effects of using such indicators.

Furthermore, while contextual indicators show promise,
they may lead to information fatigue. Future work could
explore designs that minimize overload, such as by using
hover-over elements or click-through expanded texts.

As is the case with online survey experiments, our Pro-
lific sample may not capture the full variety of social media
users. Future work could expand on these findings through
field experiments to enhance ecological validity. We also ac-
knowledge that our study focuses on the US political land-
scape which may or may not map directly to other sociopo-
litical contexts. While cultural differences exist in the inter-
pretation of “propaganda”, our study shows that describing
the strategies behind misleading and persuasive content can
be beneficial. Replicating this study in different sociopoliti-
cal and cultural environments will be valuable in establish-
ing broader applicability.

On a related note, our Prolific study description specifi-
cally mentioned the term “propaganda”, which likely made
participants more vigilant. A future study without such
cues would better mimic real-world scenarios, though evi-
dence suggests that such demand effects are often exagger-
ated (Mummolo and Peterson 2018). Our investigation into
demand effects yielded insignificant results (see Appendix
for details).

Finally, our study does not account for the impact of social
dynamics or peer influence (such as exposure to celebrities’
or close friends’ sharing behavior) on sharing intentions.
Furthermore, it is also possible that the impact of the indi-
cator depends on the source of the post. Future work could
integrate these factors to better understand how these cues
shape sharing intentions.

Conclusion
This study demonstrates that propaganda indicators effec-
tively reduce the sharing of propaganda on social media. In-
dicators revealing rhetorical devices of propaganda used in
posts led to decreased sharing, with effects moderated by
user partisanship and post concordance. Our findings sup-
port efforts to develop detection systems for propaganda
techniques (Da San Martino et al. 2019, 2020; Gupta et al.
2019), highlighting the importance of countering propa-
ganda as a key challenge for social media platforms today.
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Appendix
Survey Instrument
Following the consent form and prolific ID collection (for
compensation purposes), participants in all groups were pre-
sented with a commitment request. If the answer “No, I will
not” was selected, the participant was redirected to the end
of the study.

1. We care about the quality of our survey data. For us to
get accurate measures of your information sharing be-
havior on social media platforms, please respond to the
questions as you would in real life. Do you commit to
responding to this survey thoughtfully?

• Yes, I will
• No, I will not
• I can’t promise either way

Participants were then presented with 18 posts (12 pro-
paganda and 6 non-propaganda). While the posts remained
the same across all four groups, participants in the treatment
groups saw posts with corresponding indicators and partic-
ipants in the control group saw posts without any indicator.
Under each of the 18 posts, the following questions were
asked.

1. Would you share this post on social media?

• Yes
• No

If ‘Yes’ was selected, the following question was shown

1. Why did you choose to share the post?

• I agree with the contents of the post
• I find it interesting
• The information in the post is true
• Other. Please specify:

If ‘No’ was selected, the following question was shown

1. Why did you choose NOT to share the post?

• I don’t agree with the contents of the post
• I don’t find it interesting
• The information in the post is not true
• Other. Please specify:

An attention check question was also asked.

1. Please click ’strongly agree’ to show you are paying at-
tention to this question.

• Strongly Agree
• Agree
• Disagree
• Strongly Disagree

Participants were finally asked questions on demograph-
ics.
1. What is your year of birth?
2. Which is your gender identity?

• Female
• Male
• Other. Please Specify:

3. Generally speaking, do you consider yourself a Republi-
can, a Democrat, or an Independent?
• Democrat
• Independent with a lean toward the Democratic party
• Independent
• Independent with a lean toward the Republican party
• Republican

4. What is the highest level of education you have com-
pleted? (If currently enrolled, highest degree received.)
• Less than high school
• Some college
• Prefer not to say
• Professional degree after college (e.g., law or medical

school)
• Vocational training
• High school graduate
• Doctoral degree
• High school diploma
• College graduate (B.S., B.A., or other 4 year degree)
• Master’s degree
• Other. Please specify:

5. How much time do you spend on social media per day?
• Less than 2 hours
• More than 2 hours

Social Media Posts
The posts can be found at:
https://doi.org/10.6084/m9.figshare.24274639.

Demand Effects
To test for the effects of demand characteristics in our pri-
mary experiment, we conducted a short experiment that ma-
nipulated the indicators. In a randomized controlled trial
experiment, we assigned participants to either a control or
treatment group. The control group (n=199) saw 1 propa-
ganda post with an indicator and 1 non-propaganda post
without an indicator, randomly from a pool of 6 propaganda
and 6 non-propaganda posts. The treatment group (n=200),
on the other hand, saw 1 propaganda post without an indi-
cator and 1 non-propaganda post with an intentionally false
indicator, again, randomly from a pool of 6 propaganda and
6 non-propaganda posts. Our hypothesis was that, if the in-
dicator effect was driven by demand effects, then we would
expect to see a similar effect size (reduction in sharing) for
the non-propaganda posts that were falsely flagged as pro-
paganda.
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We analyzed sharing behavior for propaganda posts us-
ing a logistic regression model comparing “indicator” vs.
“no indicator” (coefficient=0.365, SE=0.372, p=0.327) cor-
responding to an odds ratio of 1.440 (95% CI [0.694,2.988]).
Since p > 0.05, this effect size is insignificant. We then
repeated this analysis for non-propaganda posts compar-
ing “false indicator” vs. “no indicator” (coefficient=-0.544,
SE=0.358, p=0.129) corresponding to an odds ratio of 0.580
(95% CI [0.287,1.172]). Since p > 0.05, this effect size was
also insignificant. Hence, in both cases, we observed no sta-
tistically significant reduction in sharing under the presence
of an indicator. Due to this lack of significance, the results
remain inconclusive: it is possible that no meaningful de-
mand effect exists, or that our study did not have enough
power to detect an effect. Had both effects been significant,
we would have compared their magnitudes to understand if
they were similarly reducing shares, indicating a demand ef-
fect. However, the insignificant findings precluded this step.
We believe that a more thought-out experiment such as the
one suggested in (Mummolo and Peterson 2018) would be
more appropriate to investigate this, even though the very
same study proves that most studies are robust to such de-
mand effects.

Post-Specific Variation in Indicator Effects
In this study, we used 18 posts (12 propaganda and 6 non-
propaganda posts) to understand the effectiveness of the dif-
ferent indicator types used in this study. This sample size of
stimuli helped us minimize participant fatigue, thereby en-
suring that responses were of high quality, a practice also
observed in prior fact-checking and misinformation warn-
ing literature (Pennycook et al. 2020; Sharevski et al. 2022;
Pennycook and Rand 2019b). We acknowledge that, in real-
world settings, social media users encounter far more con-
tent, leading to “information and intervention fatigue” where
repeated exposure to these can influence people’s sharing in-
tentions. While our smaller set of posts cannot fully model
this complexity, it helped us investigate the immediate ef-
fects of these indicators.

To determine if any single post or a subset of posts drove
our main effect, we examined the indicators’ effectiveness
across posts. First, we fitted a random-slopes model (where
each post has a different slope for the different indica-
tor groups) and compared this model to a simple random-
intercepts model (which assumes uniform indicator effect
across posts). To test for significance, we used the likelihood
ratio test which gave us χ2 = 9.11, p = NaN , and showed
signs of overfitting (singular estimates), indicating that the
random-slopes model was too complex for the given data.
Moreover, the random-slope model’s AIC value (10772) was
higher than the random-intercepts model (10763), indicat-
ing poor overall fit. Consequently, we removed the random-
slopes term and used the random-intercepts model instead
to better explain the data, suggesting no strong evidence that
the indicators’ effects varied across posts.

To further strengthen this analysis, we investigated a
fixed-effects interaction approach where we analyzed the
interaction term, GroupxPost ID. The likelihood ratio test
gave us χ2 = 44.58, p = 0.085, again indicating no statis-

tically significant interaction between specific posts and in-
dicator groups. In other words, within the set of propaganda
posts that we used, there is no strong evidence that the effect
of the indicators depends on any specific post among these.

We believe that these analyses support the conclusion that
our indicators are effective independent of the posts being
flagged, even though we acknowledge that a larger sample
of posts could further strengthen the ecological validity.

Ethical Considerations
This study was carried out with the intent of designing ef-
fective indicators to curb propaganda on social media plat-
forms and to increase transparency regarding how these in-
dicators affect sharing intentions online. All annotated posts
included in the study were collected from publicly available
websites. We provide access to these via a link to facilitate
transparency and further research. However, we acknowl-
edge that the techniques, assets, and findings might be mis-
used, for example, to manipulate public opinion. We there-
fore emphasize that the insights from this study be used eth-
ically and in ways that encourage informed public discourse
rather than serve as tools for political manipulation.
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Step Variable Reference Level Odds Ratio Lower CI Upper CI p

Step 1: Group
Group Control Standard 0.394 0.290 0.535 2.480e-09***

Group Control Contextual 0.445 0.328 0.602 1.5714e-07***

Group Control Warning+Contextual 0.444 0.328 0.601 1.377-07***

Step 2: Concordance Group Control Standard 0.377 0.274 0.519 2.405e-09***

Group Control Contextual 0.428 0.312 0.587 1.5344e-07***

Group Control Warning+Contextual 0.427 0.586 0.601 1.307-07***

Concordance Discordant Concordant 2.864 2.581 3.178 0.0***

Step 3:
Political Affiliation

Group Control Standard 0.382 0.278 0.524 2.565e-09***

Group Control Contextual 0.433 0.316 0.593 1.725e-07***

Group Control Warning+Contextual 0.43 0.315 0.588 1.263-07***

Concordance Discordant Concordant 2.877 2.592 3.192 0.0***

Political Affiliation Democrat Independent 1.093 0.831 1.439 0.524

Political Affiliation Democrat Republican 1.794 1.349 2.387 5.898e-05***

Step 4:
Social Media Usage

Group Control Standard 0.387 0.283 0.53 3.151e-09***

Group Control Contextual 0.435 0.319 0.594 1.585e-07***

Group Control Warning+Contextual 0.431 0.316 0.587 1.000-07***

Concordance Discordant Concordant 2.877 2.592 3.193 0.0***

Political Affiliation Democrat Independent 1.169 0.89 1.537 0.262

Political Affiliation Democrat Republican 1.912 1.439 2.539 7.670e-06***

Social Media Usage Low High 1.718 1.373 2.151 2.260e-06***

Step 5: Gender Group Control Standard 0.384 0.278 0.530 6.132e-09***

Group Control Contextual 0.443 0.322 0.608 5.114e-07***

Group Control Warning+Contextual 0.425 0.310 0.584 1.284e-07***

Concordance Discordant Concordant 2.900 2.597 3.238 9.573e-80***

Political Affiliation Democrat Independent 1.025 0.770 1.364 0.865

Political Affiliation Democrat Republican 1.718 1.279 2.308 0.000327***

Social Media Usage Low High 1.826 1.449 2.302 3.434e-07***

Gender Female Male 1.952 1.539 2.475 3.385e-08***

Gender Female Other 1.257 0.511 3.093 0.619

Note: Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05.

Table 3: Step-wise logistic regression results showing the odds of sharing a propaganda post. The table shows the sequential
addition of predictors, starting with the treatment groups in step 1 and subsequently adding concordance, political affiliation,
social media usage, and gender to illustrate how each variable contributes to the overall model.
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Group 1 Group 2 Odds Ratio Lower CI Upper CI p-value

Democrat, Discordant Democrat, Concordant 0.077926 0.052707 0.115095 0.000***

Democrat, Concordant Independent, Discordant 0.371948 0.233167 0.593333 0.000***

Democrat, Discordant Independent, Concordant 0.493615 0.307586 0.792154 0.000***

Independent, Discordant Independent, Concordant 2.356082 1.614459 3.438379 0.000***

Republican, Discordant Republican, Concordant 0.137106 0.093201 0.201493 0.000***

Republican, Concordant Independent, Discordant 0.265272 0.165630 0.424433 0.000***

Republican, Discordant Independent, Concordant 1.217744 0.767974 1.930927 0.828

Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05

Table 4: Tukey’s HSD test showing interaction effects between Political Affiliation and Concordance

Group 1 Group 2 Odds Ratio Lower CI Upper CI p-value
Control, Democrat, Discordant Control, Democrat, Concordant 0.108392 0.051767 0.226955 0.000***
T1, Democrat, Discordant T1, Democrat, Concordant 0.082413 0.037328 0.181954 0.000***
Control, Democrat, Discordant T1, Democrat, Discordant 1.743684 0.760332 3.998823 0.313
Control, Democrat, Concordant T1, Democrat, Concordant 1.325779 0.580422 3.028296 0.817
T2, Democrat, Discordant T2, Democrat, Concordant 0.039203 0.015252 0.100761 0.000***
Control, Democrat, Discordant T2, Democrat, Discordant 4.957988 2.007721 12.25580 0.000***
Control, Democrat, Concordant T2, Democrat, Concordant 1.793197 0.779580 4.124728 0.272
T3, Democrat, Discordant T3, Democrat, Concordant 0.078316 0.034218 0.179424 0.000***
Control, Democrat, Discordant T3, Democrat, Discordant 2.437566 1.047074 5.668928 0.034*
Control, Democrat, Concordant T3, Democrat, Concordant 1.761208 0.767206 4.043053 0.297
Control, Independent, Discordant Control, Independent, Concordant 2.401275 1.225072 4.702056 0.001**
T1, Independent, Discordant T1, Independent, Concordant 1.624175 0.742301 3.550186 0.843
Control, Independent, Discordant T1, Independent, Discordant 3.511348 1.643783 7.500727 0.000***
Control, Independent, Concordant T1, Independent, Concordant 2.372632 1.087629 5.181010 0.023*
T2, Independent, Discordant T2, Independent, Concordant 2.452235 1.185304 5.073343 0.002**
Control, Independent, Discordant T2, Independent, Discordant 2.272771 1.104066 4.683286 0.018*
Control, Independent, Concordant T2, Independent, Concordant 2.323327 1.084371 4.972884 0.023*
T3, Independent, Discordant T3, Independent, Concordant 3.257630 1.548056 6.855148 0.000***
Control, Independent, Discordant T3, Independent, Discordant 2.127612 1.030455 4.392946 0.037*
Control, Independent, Concordant T3, Independent, Concordant 2.886371 1.331092 6.265134 0.002**
Control, Republican, Discordant Control, Republican, Concordant 0.158341 0.078787 0.318223 0.000***
T1, Republican, Discordant T1, Republican, Concordant 0.103312 0.044600 0.239308 0.000***
Control, Republican, Discordant T1, Republican, Discordant 5.328128 2.341988 12.10961 0.000***
Control, Republican, Concordant T1, Republican, Concordant 3.476409 1.502304 8.044591 0.001**
T2, Republican, Discordant T2, Republican, Concordant 0.114406 0.052392 0.249573 0.000***
Control, Republican, Discordant T2, Republican, Discordant 2.549762 1.139968 5.708750 0.015*
Control, Republican, Concordant T2, Republican, Concordant 1.842273 0.799315 4.246096 0.237
T3, Republican, Discordant T3, Republican, Concordant 0.159613 0.074125 0.343695 0.000***
Control, Republican, Discordant T3, Republican, Discordant 2.664456 1.208041 5.870853 0.008**
Control, Republican, Concordant T3, Republican, Concordant 2.685857 1.171166 6.153371 0.012*
Significance codes: *** p < 0.001, ** p < 0.01, * p < 0.05

Table 5: Tukey’s HSD test showing interaction effects between Political Affiliation, Concordance, and Treatment
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