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Toward a Mechanistic Understanding of False News Sharing: Which
Interventions Work Best, for Whom, and Why

Anton Gollwitzer" 2, Alan N. Tumpl’ 3. Cameron Martel*, Dominik Deffner"” * >, Mubashir Sultan'* ®,
Ralf H. J. M. Kurvers' ?, and Ralph Hertwig'

! Center for Adaptive Rationality, Max Planck Institute for Human Development, Berlin, Germany
2 Center for Democracy and Information Integrity, BI Norwegian Business School
3 Exzellenzcluster Science of Intelligence, Technical University Berlin
* Carey Business School, Johns Hopkins University
5 Department of Psychology, Marburg University
® Faculty of Life Sciences, Humboldt University of Berlin

False news—given its capacity to distort public opinion and erode trust—has prompted extensive research on
potential countermeasures. Yet, there has been no systematic, comparative, and computational investigation of
false news sharing and how best to curb it. To address this gap, we apply a semi-integrative experimental
approach that (a) compares multiple existing false news interventions, (b) examines how individual and news-
level factors predict false news sharing and shape intervention efficacy, and (c) uses drift-diffusion modeling
to uncover the decision-making processes underlying all these effects. We find warning labels and media
literacy tips to substantially improve news-sharing quality, whereas social norm cues exert a comparatively
modest effect, and accuracy prompts yield only subtle benefits. Although numerous individual factors
(e.g., age, political conservatism, social media use) predicted news-sharing quality, the observed intervention
effects remained broadly robust across these factors, proving effective even within at-risk populations.
Intervention outcomes were likewise robust to news-level variation, such as the believability, sensa-
tionalism, and political congruence of news content. Despite this robustness, we find each intervention to
operate via distinct decision-making pathways. Warning labels shift initial sharing intentions toward
sharing higher quality news, whereas media literacy tips operate later, enhancing the processing of news
content and increasing cautiousness before making sharing decisions. By applying a multicomponent
experimental framework, this work clarifies the risk factors and decision-making processes driving false
news sharing and pinpoints which interventions work best, how they operate at the process level, and in
which contexts they should be most effective.

Public Significance Statement

Though less common than misleading content, false news—deliberately and often blatantly false news
content—remains a persistent part of online sharing. These fabricated headlines do not just clutter
social media feeds; they shape beliefs, sway behaviors, and can do real damage, from undermining
public health to eroding democratic norms. In this study, we tested several leading strategies for
curbing false news sharing against one another—examining not just whether they worked, but for
whom they worked, when they worked, and why. By applying a broad experimental approach and
modeling the decision-making processes underlying news sharing, we uncover uniquely detailed
insights into the comparative effectiveness of interventions and the distinct ways they impact news
sharing. Doing so provides both practical guidance for reducing false news sharing and a deeper
psychological account of why—and in which contexts—false news interventions are likely to be more
or less effective.

Keywords: false news, false new sharing, semi-integrative design, misinformation, drift-diffusion modeling
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MECHANISTIC UNDERSTANDING OF FALSE NEWS SHARING

Policymakers, researchers, and the public alike are increasingly
alarmed by the spread of misinformation—and for good reason. False
news, typically defined as “news articles that are intentionally and
verifiably false, and could mislead readers” (Allcott & Gentzkow,
2017, p. 213), has been linked to a range of harmful outcomes. It
can undermine public health, as seen in its impact on vaccination
intentions (Allen et al., 2024; Loomba et al., 2021), and destabilize
democratic norms, as seen by the emergence of political violence
following false claims of election fraud (Gollwitzer et al., 2026;
Jacobson, 2023).

The problems associated with misinformation are unlikely to
diminish. Social media is an increasingly popular news source
(Shearer, 2021), while social media companies have faced increasing
public pressure to address false news on their platforms (Donovan,
2020), social media sites remain largely unregulated (Gottfried &
Shearer, 2016; Timmer, 2016). Although algorithms and professional
fact-checkers are adept at detecting false versus true news (e.g., X.
Zhang & Ghorbani, 2020; C. Zhang et al., 2019), these methods, as
well as more systemic regulations, face severe barriers such as
industry resistance and poor scalability (see Martel & Rand, 2023;
Stencel et al., 2021). As a result, researchers and practitioners have
developed a wide-ranging toolbox of psychologically informed in-
terventions that show promise in addressing gaps in the identification
and moderation of online misinformation (e.g., Kozyreva et al., 2024;
Lewandowsky & Van Der Linden, 2021; Roozenbeek et al., 2023;
Van Bavel et al., 2021).

Psychological factors play a significant role in misinformation
spread, including false news sharing (Ecker et al., 2022). Confirmation
bias and political polarization encourage people to share belief-aligned
news (Osmundsen et al., 2021), cognitive laziness leads to difficulties
in truth discernment (Pennycook & Rand, 2019), reward-based habits
encourage unreflexive sharing (Ceylan et al., 2023), and people believe
misinformation even after it has been debunked (Lewandowsky et al.,
2012). Nonetheless, intervention research has had some success at
tackling false news; for instance, applying warning labels to mis-
leading posts effectively reduces belief in and spread of misinfor-
mation (see Martel & Rand, 2023). Despite this, warning labels have
limitations; they require changing existing media environments and
an objective criterion to identify false news, such as manual fact-
checking. To address these limitations, researchers have developed
alternative interventions that focus on aiding or empowering in-
dividuals to make more accurate sharing decisions (e.g., nudging or
boosting interventions; Hertwig & Griine-Yanoff, 2017; Kozyreva
et al., 2024). Such interventions include, for instance, prompting
individuals to focus on the accuracy of information (e.g., Pennycook
& Rand, 2022), forewarning individuals that they might encounter
misinformation (inoculation and prebunking; e.g., Leder et al.,
2024; Lewandowsky & Van Der Linden, 2021; Roozenbeek, Van
Der Linden, et al., 2022), informing people of social norms against
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sharing false news (e.g., Andi & Akesson, 2020; Gimpel et al., 2021;
Pretus et al., 2022), and media literacy trainings (Guess et al., 2020).
Each of these interventions has been shown to increase truth dis-
cernment and reduce false news sharing (see Kozyreva et al., 2024,
for an overview).

Limited Insights

Despite significant research efforts, false news sharing remains
poorly understood in several ways. While prior work has identified
correlates of susceptibility, such as political congruence, cognitive
reflection, or social rewards for sharing (Ceylan et al., 2023;
Ecker et al., 2022; Pennycook & Rand, 2019), and tested numerous
interventions (Kozyreva et al., 2024; Lewandowsky & Van Der
Linden, 2021; Roozenbeek et al., 2023), these correlates and in-
terventions are often evaluated in isolation. The result is a literature
that tells us about a particular susceptibility factor and whether a
specific intervention “works” but rarely the reasons underlying
these effects, which cognitive processes are at play, which in-
terventions are most effective, and whether intervention effects
differ across individuals and types of news items. Without these
insights, a unified framework around false news sharing and how
to curb it remains elusive.

The Process Problem

On a theoretical level, false news sharing and false news-sharing
interventions have often been treated as “black boxes,” with the
decision-making processes underlying false news sharing left
unexplored (H. Lin et al., 2023). News sharing is a decision-making
process—one that unfolds over time with individuals’ initial sharing
inclinations being supplemented by accumulating and evaluating
information before choosing to share or not share a news item. This
yields a theoretical prediction: Susceptibility factors for false news
sharing are driven by decision-making processes underlying sharing
decisions, and interventions vary in contextual effectiveness as a
function of targeting components of the decision-making process.
For example, conservatism may link to greater false news sharing
(e.g., Guess et al., 2019) because it impacts individuals’ initial
intention to share, what individuals think about during the decision-
making process, or because it reduces the degree of information
search. This process-dependent account is equally pertinent for
interventions. Interventions focusing on salient cues, such as
warning labels, may shift individuals away from sharing even before
considering the news item’s content, while interventions focusing
on the details entailed in a news item, such as media literacy tips,
may alter what individuals think about during the decision-making
process and how much information individuals gather before
sharing.
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From this perspective, variance in false news sharing becomes
explainable, and previously inconsistent findings become theoreti-
cally interpretable. Identifying which decision parameters underlie
sharing—whether an initial intention to share, information processing
that culminates in sharing, or the degree of caution exercised before
sharing—should yield more precise predictions. These include pre-
dictions, for instance, about which settings amplify a predictor or
maximize an intervention's effectiveness (e.g., under time pressure, in
deliberative settings, in high-cost environments), which individuals
will respond most to varying interventions (e.g., conservatives, older
individuals, analytical thinkers), and which types of content are most
amenable to intervention (e.g., politically congruent or sensationalist
content).

The One-Shot Problem

Beyond a lack of insights into process-level variables, research
on false news also suffers from what is known as the “one-shot”
problem—a broad issue across psychology and the social sciences.
While initiatives to improve replicability and reproducibility have
strengthened the field (e.g., Nosek et al.,, 2022), studies often
remain narrow in scope, testing isolated effects with limited design
variation and little systematic integration (Almaatouq et al., 2024;
Muthukrishna & Henrich, 2019; Watts, 2017). This pattern holds
true for false news research. Most studies examine a single effectin a
single context and fail to consider effect heterogeneity. In turn, clear
answers to critical questions remain unknown: Which false news
interventions work best, for whom, and under what conditions? (see
Fazio et al., 2024 for one examination). Moreover, “one-shot”
practices can lead to inconsistent results. For instance, some findings
suggest that susceptibility to misinformation is primarily driven by
cognitive complacency (e.g., Pennycook & Rand, 2019), while
others emphasize ideological factors and identity-driven reasoning
(e.g., Van Bavel et al., 2021; Van der Linden, 2022). Such com-
peting narratives may arise from actual psychological variation, or
they may be artifacts of the fragmented nature of the research itself.
Without more integrative and unified approaches, these incon-
sistencies are likely to persist.

Adopting integrative experimental approaches offers a solution
for moving beyond the one-shot problem. Integrative approaches
emphasize the synthesis of diverse intervention strategies, theo-
retical mechanisms, and real-world heterogeneity into single, uni-
fied experimental designs (Almaatouq et al., 2024; Watts, 2011).
Rather than isolating variables in tightly controlled and narrow tests,
integrative experiments systematically combine multiple interven-
tions and contextual factors, such as methodological choices,
individual-level variability, and stimuli-level variability. Through
such integration, researchers can systematically map the conditions
under which experimental effects emerge or break down, offering a
detailed parameter space of how phenomena vary across meaningful
dimensions (Almaatouq et al., 2024; Larson, 2013). Thanks to ad-
vances in data collection, experimental infrastructure, and accessible
participant pools, such designs have become more feasible (e.g.,
Peterson et al., 2021). Recent examples include large-scale efforts
mapping the dynamics of moral judgment (Awad et al., 2018), risky
decision making (Bourgin et al., 2019), group problem-solving
(Almaatouq et al., 2021), and subliminal priming (Baribault et al.,
2018). Taken together, these integrative efforts provide a much more
detailed and in-depth picture of human behaviors (e.g., Watts, 2011).

GOLLWITZER ET AL.

A Semi-Integrative Approach to False News Sharing

To begin to address the “process” and “one-shot” problems
within existing false news research, we apply elements of inte-
grative approaches. Doing so is well-suited for false news research,
as both sharing decisions and interventions likely depend on a
dynamic interplay between decision-making processes, individual
differences, and news content. False news sharing is not a single
effect to be isolated but a behavioral pattern shaped by underlying
decision-making processes and multiple interacting factors, such
as individual-level attributes (e.g., age, political orientation,
analytical thinking) and news item features (e.g., political con-
gruence, sensationalism; Almaatouq et al., 2024; H. Lin et al.,
2023; Watts, 2011). To do so, we integrate three experimental
components—each well-established on their own but rarely
combined—into a unified framework that captures both baseline
sharing behavior and postintervention effects: (a) a multitreatment
design that directly compares the effectiveness of established false
news interventions; (b) analyses of individual- and item-level
heterogeneity to identify who shares and what is shared, and who
benefits from which interventions under which conditions; and (c)
computational modeling to uncover the decision-making processes
that interact with these variables to drive—and potentially
mitigate—false news sharing. This approach reveals not only who
is at risk and what works to reduce false news sharing but also
provides insights into why, for whom, and how these effects
emerge.

The present approach aligns with but also diverges from previ-
ously proposed and applied integrative approaches (e.g., Almaatouq
et al., 2024; Watts, 2011). A key distinction is the inclusion of
process-focused computational modeling, specifically drift-diffu-
sion models (DDMs), which uncover the decision-making processes
underlying a behavior or choice. Most existing integrative ap-
proaches do not incorporate this level of process-based analysis and
reveal little about potential mechanisms (e.g., Almaatouq et al.,
2024; Awad et al., 2018). Another distinguishing feature is that we
apply a semi-integrative design. Unlike fully integrative approaches
that include tens of thousands to millions of participants to exten-
sively cross between-participant factors (e.g., Awad et al., 2018), the
approach applied here does not systematically cross interventions or
manipulations with one another. While this reduces the dimension-
ality of the parameter space being mapped—for instance, preventing
us from identifying how interventions interact with one another—it
significantly lowers the required sample size and study costs, making
the approach more feasible.

We do not wish to overstate the novelty of the applied approach. Its
individual components—multitreatment designs, analyzing hetero-
geneity across individual- and item-level characteristics, and applying
computational modeling to capture process-level mechanisms—are
all well-established independent research practices (Bryan et al.,
2021; Fudenberg et al., 2020; Milkman et al., 2022; Ratcliff et al.,
2016). Yet studies that integrate all three components within a single
experimental design remain rare—despite their potential to provide
a more detailed mapping of the phenomenon of interest. For
example, Zhao et al. (2022) showed that simply integrating two of
these components—multiple behavioral interventions and decision-
making processes—can reveal nuanced insights into how consumer
and financial choice behavior varies across both individuals and
contexts.



[}
=
7
=
=
.
el
)

=
Q
>
)

(W)
=)

ghted by the Amer

This document is copyri

seminated broadly.

personal use of the indi

This article is intended solely for the

i technologies, are reserved.

g, and sin

All rights, including for text and data mining, Al training

MECHANISTIC UNDERSTANDING OF FALSE NEWS SHARING

Multi-Intervention Design

The first component of the applied semi-integrative approach is
a multitreatment, multiarm, or comparative intervention design (e.g.,
Milkman et al., 2022). By directly comparing the efficacy of several
established false news interventions, we reveal causal treatment ef-
fects (average treatment effects) while simultaneously determining
their relative impact. While the value of multitreatment experimental
approaches is well-recognized, such designs remain rare in false news
research—leaving a critical gap in our knowledge of which strategies
are more or less effective at reducing false news sharing (see Fazio et
al., 2024 for one large-scale comparison). Beyond this, the applied
multitreatment design also offers a theoretical contribution: it moves
beyond isolated estimates of efficacy toward a comparative theory of
intervention effectiveness—one that distinguishes between inter-
vention types (e.g., nudges vs. boosts, social vs. nonsocial; Hertwig &
Griine-Yanoff, 2017; Kozyreva et al., 2024) and highlights potential
trade-offs between intervention potency and scalability.

Mapping the Parameter Space

The second component of the applied approach reveals the
parameter space around news sharing and intervention effectiveness
by examining how theoretically grounded individual- and item-level
characteristics modify these effects—capturing effect heterogeneity
(e.g., Bryan et al., 2021). At the individual level, we identify who is
more or less susceptible to sharing false news, and how intervention
effectiveness varies across demographic, psychological, and media-
related profiles, supporting the development of more personalized or
fine-tuned interventions (e.g., J. H. Zhang et al., 2020). We include
individual characteristics theoretically and empirically linked to
news sharing and the decision processes underlying such sharing.
These span demographic (e.g., age, gender, education), psycho-
logical (e.g., cognitive style, political orientation), and media-
related factors (e.g., social media use, media literacy). See
Supplemental Table S1 for the theoretical and empirical rationale
for including each variable, the observed results, and inter-
pretations of those findings.

At the item level, we assess how specific features of news
items promote or weaken sharing behavior and alter intervention
efficacy, drawing on frameworks such as item response theory (Baker,
2001). Theoretically and empirically relevant news characteristics
include, for instance, a news item’s degree of sensationalism,
familiarity, and political congruence (with the decision-maker’s
political orientation). Examining effect heterogeneity—particularly
across established risk factors for false news sharing (e.g., political
conservatism, sensationalist news)—yields a more nuanced under-
standing of the drivers of sharing behavior and offers insights into
how interventions might be tailored to specific populations and
types of news.

Decision-Making Processes

The first two components of our approach—multitreatment
design and analysis of individual- and item-level heterogeneity (e.g.,
Baker, 2001; Bryan et al., 2021; Milkman et al., 2022; J. H. Zhang et
al., 2020)—extend beyond the scope of typical one-shot false news
studies by capturing the dynamic interplay between individual
differences, varying news content, and intervention efficacy. Yet
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even these components leave a central theoretical question unre-
solved: What are the underlying decision-making processes that
drive news sharing, and how do interventions exert their effects on
those processes? Addressing this “process” level—by opening the
black box of decision making—provides a far more informative
account of why people share low-quality news and how false news
interventions exert their influence.

To reveal the processes underlying news sharing, we apply DDM,
a well-validated computational framework that models the key
processes underlying a decision as it unfolds over time (Ratcliff et
al., 2016). Rather than treating sharing behavior as a static “share”
versus “not share” choice, DDM allows us to model how a news-
sharing decision occurs—derived from sharing decisions and
response times—through three core parameters: (a) Starting point
bias: a person’s initial intentions to share or not share news (i.e.,
predeliberative leaning toward a choice); (b) drift rate: the degree to
which a person’s processing of news content pushes them toward
sharing or not sharing (i.e., efficiency and direction of evidence
accumulation toward a choice); and (c) boundary separation: a
person’s cautiousness, reflected in the amount of information they
require before making a sharing decision (i.e., the evidence
threshold needed to commit to a choice).

This three-level mechanistic decomposition, as captured by the
drift-diffusion model (DDM), allows us to move beyond surface-
level behavior and ask which specific components of the decision
process drive news sharing—and how different interventions se-
lectively influence those components. For instance, this approach
can test whether individuals begin with a leaning toward or against
sharing news (i.e., a starting point bias), whether this bias shifts
across repeated decisions, and whether it varies as a function of
risk factors for false news sharing (e.g., political conservatives;
Guess et al., 2019). The DDM framework also reveals how specific
interventions exert their effects. For instance, an intervention may
reduce false news sharing by improving how news content is
processed (drift) or by increasing cautiousness, reflected in gath-
ering more information before deciding (boundary)—thinking
differently versus thinking more (H. Lin et al., 2023).

Consider several established false news interventions. Warning
labels—given their immediate salience—may shift people’s initial
sharing intentions away from sharing news (starting point) rather
than change the processing of news content itself (drift). Accuracy
prompts and social norm cues, on the other hand, may enhance the
processing of diagnostic features of false news items (drift) by
activating accuracy-oriented goals. Finally, media literacy tips, by
prompting individuals to consider a broader range of cues, may
prompt people to exercise greater caution, reflected in gathering
more information before making a sharing decision (boundary).
By mapping interventions onto these distinct cognitive mechanisms,
we bridge news-sharing behavior, false news interventions, and
theory—shedding light not just on which individual risk factors
predict false news sharing and which interventions work, but how
and why these variables and interventions shape sharing decisions.

Revealing the mechanisms underlying false news sharing and
intervention efficacy yields downstream theoretical and applied
contributions. By identifying the decision-making processes through
which demographic, psychological, media-relevant, and news con-
tent factors predict sharing behavior and intervention effectiveness,
we begin to uncover theoretical insights into how and why these
variables matter (H. Lin et al., 2023; Mulder et al., 2012). Doing so
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supports a framework for cognitive risk profiling, where vulnerability
to false news is defined not just by traits or beliefs but by combi-
nations of decision parameters, such as a high initial lean toward
sharing combined with poor processing of news content. As an
example, consider political conservativism—a well-established risk
factor of false news sharing (e.g., Grinberg et al., 2019; Pennycook &
Rand, 2019). It remains unclear whether conservatives’ lower quality
news sharing is driven by a greater initial intention toward sharing
news, how they process the contents of news items, or by a lack of
caution in terms of requiring less information before sharing.
Similarly, the decision-making processes driving the heightened
sharing of emotionally charged or sensationalist misinformation
remain unclear (e.g., Brady et al., 2017). Such content may disrupt
information processing in terms of accurately identifying cues that co-
occur with false news (drift), or it may decrease caution by increasing
arousal or outrage (boundary).

Integrating the decision processes underlying risk profiles of false
news sharing with those influenced by false new interventions offers
additional insights. For instance, if an individual risk factor (e.g.,
conservatism) links to false news sharing via a specific decision-
making mechanism—such as initial intentions toward sharing
news—then interventions targeting that mechanism (e.g., warning
labels) are likely to be particularly effective for this population. By
specifying which components of the decision process are impacted
by different interventions, the applied approach offers a potential
framework for tailoring interventions to both individual char-
acteristics (e.g., political orientation) and news content character-
istics (e.g., sensationalism) at the process level.

Finally, by examining the dynamic interplay between risk factors
of false news sharing, false news interventions, and decision-making
processes, our approach provides a theoretical scaffold around
matching interventions to contextual features, such as the degree of
time pressure, anonymity, or reputational costs in a sharing envi-
ronment. For instance, given that decisional starting points become
more influential under time pressure (Mulder et al., 2012), inter-
ventions that shift people’s initial intentions away from sharing may
be especially effective in fast-paced environments, where in-
dividuals often make snap judgments (e.g., TikTok). In contrast,
interventions improving information processing during the decision
process or increasing caution before deciding may be key for en-
vironments in which individuals’ motivated cognition is pro-
nounced (e.g., echo chambers), individuals lack prior knowledge
(e.g., when facing many novel false claims), or where false news is
difficult to discern from true news (e.g., Al-generated content that
appears highly believable). By mapping interventions to specific
decision-making processes, we provide theoretically motivated
predictions of which interventions are best suited for different
audiences and sharing contexts, ultimately leading to more precise
solutions for combating misinformation.

The Present Work

By simultaneously assessing multiple interventions, the hetero-
geneity of these interventions across individuals and news content,
and the decision-making processes underlying these effects, the
present work provides a more in-depth understanding of false news
sharing and how to mitigate this harmful behavior. To reveal the
comparative effectiveness of false news interventions, we sampled
from the three broad categories of individual-level strategies

GOLLWITZER ET AL.

identified in a comprehensive review—nudges, boosts/educational
interventions, and refutation strategies (Kozyreva et al., 2024). From
the nudge category, we selected two interventions that are widely
studied, straightforward to implement, and compatible with a
repeated-trials design: accuracy prompts and social norm cues (e.g.,
Andi & Akesson, 2020; Epstein et al., 2021; Gimpel et al., 2021;
Pennycook & Rand, 2021, 2022; Pennycook et al., 2020). By
relying on distinct psychological processes—accuracy prompts
activate epistemic motivation, while social norm cues operate
through social influence and conformity—these interventions
capture key sources of variation within nudge strategies.

From the boost category, we selected a concise media literacy
intervention (~1-2 min; Guess et al., 2020) that provided participants
with tips for critically evaluating online news—for example, checking
headlines, URLSs, sources, and images. This allowed us to incorporate
an educational strategy without the time demands of longer boosts
such as inoculation games (Roozenbeek & Van der Linden, 2019;
Roozenbeek, Maertens, et al., 2022) or lateral reading training
(Wineburg & Mcgrew, 2017), both of which typically involve
extended, interactive engagement. While the exclusion of inoculation
is a clear limitation—given the robust and well-replicated effects of
such interventions on misinformation sharing (Roozenbeek, Van Der
Linden, et al., 2022)—the selected media literacy intervention shares
the core goal of helping individuals recognize misinformation.
Moreover, although the media literacy tips intervention was longer
than the nudge interventions, its duration remained brief and practical
(~1-2 min).

From the refutation category, we selected warning labels—the
prevailing “standard of care” in content moderation (modeled after
those used on major platforms, such as Facebook and Instagram;
Martel & Rand, 2023, 2024). Together, these established and well-
replicated approaches span conceptual dimensions (content-specific
vs. content-neutral; Kozyreva et al.,, 2024), intervention targets
(news headline or individual decision-making skills; Hertwig &
Griine-Yanoff, 2017), and are expected to map onto different
decision-making processes in our DDM (e.g., warning labels
influencing starting point bias; media literacy influencing boundary
separation). See Supplemental Table S1 for a detailed overview of
the rationale for selecting these interventions over alternatives.

Our design involved both pre- and postintervention trials of true
and false news items. This design allowed us to not only examine the
comparative strength of several false news interventions but also the
role of individual-level modifiers, news-level modifiers, and deci-
sion-making processes in true and false news sharing at three
different levels of analysis: (a) baseline news sharing before the
interventions (preintervention), (b) the change in news sharing over
the course of the task (time effect), and (c) the influence of the
interventions on news sharing (intervention effect). Taken together,
the applied approach provides a broad, multilevel view of false news
sharing—revealing who is most likely to share false news, which
news features promote false news sharing, how those decisions are
made, and how interventions can shift these patterns.

Method
Participants

We planned to recruit 1,300 participants from the United States
via Prolific, aiming for at least ~200 participants per condition
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after exclusions. This sample size was chosen to reliably detect
effects of moderate or large magnitude. A sensitivity power
analysis indicated that our sample provided 93% power to detect
intervention effects of small to moderate size (0.35 on probit
scale; corresponding to 3—4 percentage points marginal effect)
and intervention-modifier effects of moderate size (0.3 on probit
scale; corresponding to ~3 percentage points marginal effect per
moderator SD). This analysis was conducted by simulating
data sets with varying effect sizes, each with 200 agents per
condition, and applying the below-described regression analysis
to determine effect detection (see the Power Analysis section in
Supplemental Material).

To avoid floor effects and intervene with habitual sharers of news
(e.g.,Ceylanetal., 2023; Guess et al., 2019), participants were asked
in a pretest to rate how often they share news articles, ranging from 1
(never)to 5 (always).] In line with standard intervention practices of
only including individuals who are at risk for a target behavior, only
participants who responded three or above were invited to the study
(n = 1,321; ~66%; from 1,989 respondents).

Participants were excluded if they failed an attention precheck
(n = 70), did not complete any part of the news-sharing task (n =
99),% completed only part of the news-sharing task (n = 4), re-
sponded unrealistically quickly on the news-sharing task (i.e.,
response time < 200 ms in more than half of trials; n = 4),
responded unrealistically slowly on the news-sharing task (i.e.,
response time > 30 s in more than half of trials; n = 1), or because
of missing individual-level characteristics data (n = 1). The drop-
out rate after starting the news-sharing task (<0.01%) was sub-
stantially lower than that observed in an alternate study examining
multiple false news-sharing interventions (~16.45%; Fazio et al.,
2024). We additionally excluded 14 participants who reported their
gender as neither male nor female, as this small sample size hinders
accurate effect estimation. The final sample included 1,128 par-
ticipants (Myge = 41.09, SD,g. = 14.19; 562 participants reported
their gender as female, 100 as male, and 10 as other). See Survey
Verbatim Materials file on the OSF at https://osf.io/42ytv/ for
verbatim demographic items.

Transparency and Openness

Data availability: All data, analysis, and code files are shared open-
source (OSF: https://osf.io/42ytv/; Tump & Gollwitzer, 2026). The
study was preregistered at https://aspredicted.org/blind.php?x=6HV _
3FD. Given the “bottom-up” nature of the study, the preregistration
did not include specific hypotheses. Additionally, while the pre-
registration outlined the analysis approach, it did not include specific
model formulas. All assessed measures, conditions, and data ex-
clusions are reported. Descriptive statistics can be found on the OSF
at https://osf.io/42ytv/ in the R Markdown output file.

Procedure

After reporting individual-level characteristics, participants
completed the news-sharing task. The five conditions (between
participants) were introduced at the halfway point of the task.
Estimates of news item-level characteristics (e.g., sensationalism,
familiarity) were sourced from independent research (Pennycook &
Binnendyk, 2022).
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Materials
Individual Characteristics

Our selection of individual characteristics—demographic, psy-
chological, and media-related variables—was guided by three cri-
teria: (a) theoretical and empirical relevance to false news sharing or
discernment, (b) theoretical and empirical relevance to specific
DDM parameters, and (c) feasibility of measurement within the
constraints of our study design. Analyses involving these variables
were conducted exploratorily, without preregistered hypotheses.
See Supplemental Table S2 for details on each variable’s theoretical
and empirical relevance to news sharing and DDM parameters, the
credible findings observed in our study, and interpretations of those
findings.

For demographics, we assessed age, gender, education, political
orientation, and political congruency, which captures the alignment
between a participant’s political orientation and a news item’s
political leaning. A four-item measure assessed participants’ social
media use (e.g., “How often are you on social media?”’). For
knowledge-based variables, we assessed media literacy by com-
bining two established measures, one assessing knowledge about
the Facebook algorithm (Sirlin et al., 2021) and the other a four-item
digital literacy quiz (e.g., Levin & Redmiles, 2021). Additionally,
political knowledge was measured using a four-item quiz on U.S.
politics (Tappin et al., 2021). Finally, for psychological variables,
we assessed participants’ degree of analytical thinking using the
cognitive reflection test (CRT; Thomson & Oppenheimer, 2016),
and their misplaced certainty—the tendency to feel certainty about
propositions that lack or oppose evidence (Gollwitzer et al., 2022;
Oettingen et al., 2022). See the Materials section in Supplemental
Material and the Survey Verbatim Materials file on the OSF at
https://ost.io/42ytv/ for verbatim measures and how specific vari-
ables were calculated.’

Item-Level Characteristics

We considered six characteristics of news items: positive valence,
sensationalism, perceived importance, familiarity, political leaning,
and absolute partisanship (distance from politically neutral). To
avoid bias from repeated exposure, these estimates were sourced
from independent research (Pennycook & Binnendyk, 2022).*
Because public judgments of item-level features can shift over time,
and following Pennycook and Binnendyk’s (2022) recommenda-
tion, we conducted our study (October 2022) soon after these
independent estimates were collected (January 2022). See the
Materials section in Supplemental Material for verbatim measures
and how specific variables were calculated.

! The scale of this measure was not ideal, as the meaning beyond the scale
endpoints is ambiguous. This limitation should be considered when inter-
preting our findings.

2 Failing to start the news sharing task could not have been impacted by
condition, as the interventions occurred in the middle of the task.

3 We also assessed when and on which platform participants use social
media, as well as several single exploratory items (e.g., “I am a gullible
person”). The former was excluded from the analysis due to its complexity.
The latter was excluded, as these single items were purely exploratory and
have unknown validity and reliability. We include all other measures.

4 Additional news item characteristics (e.g., negative valence) from
Pennycook and Binnendyk (2022) were excluded due to multicollinearity.
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News Item Sharing Task
Participants read:

In this task you will see a series of news headlines that previously
appeared on a social media feed (e.g., Facebook). For each news
headline, you will be asked whether you want to share that news
headline with other people. When doing so, please imagine that you
are sharing (or not sharing) these news headlines on a real media
profile you use.

After a practice round, participants were shown 40 unique head-
lines, with a break after 20 headlines. The intervention treatment
occurred during this break. The pre- and postintervention blocks
each included half true and half false news items, as well as half
pro-Democrat and half pro-Republican items (per block: five true
pro-Democrat, five true pro-Republican, five false pro-Democrat,
and five false pro-Republican). The order of trials within the pre-
and postintervention blocks was randomized. For each item,
participants decided whether to share or not by selecting “Do Not
Share” or “Share.”

The 40 news items were sourced from a validated database of 200
items (Pennycook, Binnendyk, et al., 2021). To account for potential
floor effects, we selected items with a higher likelihood of being
shared (as quantified by independent research; Pennycook &
Binnendyk, 2022). All news items were real news items that had
been shared on social media. All false news items were fact-checked
by reputable third parties. All true items were screened as true and
selected from mainstream publications (Pennycook, Binnendyk, et
al., 2021). See R Markdown output file on the OSF at https://osf.io/
42ytv/ for descriptive statistics.

Interventions

After the 20 preintervention trials, participants were randomly
assigned to a no-treatment control or one of four interventions:
an accuracy prompt (e.g., Pennycook & Rand, 2021, 2022;
Pennycook et al., 2020; Pennycook, Epstein, et al., 2021),
warning labels (e.g., Brashier et al., 2021; Martel & Rand, 2023,
2024; Mena, 2020; Pennycook et al., 2020; Pennycook, Epstein,
et al., 2021; Porter & Wood, 2022; Sharevski et al., 2022), social
norm information (e.g., And1 & Akesson, 2020; Epstein et al.,
2021; Gimpel et al., 2021), or media literacy tips (e.g., Guess et
al., 2020). See Supplemental Table S1 for a detailed overview of
these interventions and the rationale for selecting them over
alternatives.

The accuracy prompt intervention involved participants judging
the accuracy of a single news item with the goal of shifting
their attention toward accuracy when making sharing decisions
(Pennycook, Epstein, et al., 2021). The warning label intervention
consisted of a visual warning label overlaid on any false news
items (adapted from Facebook’s warning label; Martel & Rand,
2024). The social norm intervention, adapted from Epstein et al.
(2021) and Gimpel et al. (2021), conveyed the injunctive norm that
people should share only accurate news. The media literacy
intervention consisted of 10 tips for identifying and responding to
false news online (Guess et al., 2020). See the Study Design
section in Supplemental Material for details. See Supplemental
Figures S1-S4 for verbatim intervention materials.

GOLLWITZER ET AL.

Results
Overview

First, we examined participants’ news-sharing behavior through a
series of regression models. Second, we applied DDM to reveal the
decision-making processes underlying this behavior. Importantly,
within each of these analyses, we examined three levels of sharing
effects: (a) baseline news sharing (baseline), (b) change in news
sharing over the course of the task (time effect), and (c) the influence
of interventions on news sharing (intervention effect). Moreover,
within each of these effect levels, we examined the role of individual
characteristics, including demographics, psychological, and media-
related variables, and news item characteristics, such as the sen-
sationalism, believability, and valence of news items. Notably,
because several news characteristics exhibited high collinearity with
news veracity, for instance, highly sensationalist news was much
more likely to be false, news characteristics were examined sepa-
rately for true and false news. Finally, we directly examined news
sharing and intervention efficacy for two at-risk subpopulations:
older individuals and conservatives (e.g., Guess et al., 2019).

See Table 1 for a summary of the intervention effects, DDM
findings, and the theoretical insights gained by examining the
decision-making processes underlying news sharing and interven-
tion effectiveness. See Supplemental Table S2 for a detailed
overview of the individual characteristics examined and their cor-
responding results. The table outlines each characteristic’s prior
links to false news sharing and DDM parameters, identifies which
credible effects were observed, and provides interpretations of the
key findings.

Regression Models

We employed Bayesian generalized linear mixed-effect regres-
sion models to examine sharing behavior. In these models, we
treated sharing (“not share”/“share”) as a binary response variable
via a probit link function. To avoid conflating overall sharing with
sharing quality, and in line with recent recommendations (Guay
et al., 2023; Sultan et al., 2022), our analysis paralleled a signal
detection approach (Macmillan & Creelman, 2004). Critically, this
approach differentiates between overall sharing tendency (B
sharing across true and false news) and sharing quality (B,; sharing
true over false news), meaning that the intercept in our models
represents overall sharing tendency, while the coefficient of Item
Veracity (false = —0.5, true = 0.5) captures sharing quality. As
such, coefficients without Item Veracity represent overall sharing
tendency, while coefficients from an interaction with Item Veracity
represent sharing quality. Across our models, we accounted for
individual differences in sharing tendency and quality by including
participant ID as a random intercept and Item Veracity as a random
slope. To account for item-level differences, we additionally
included Item ID as a random intercept. See the Regression Models
section in Supplemental Material for all model structures.

To aid interpretability, all continuous individual and news item
characteristics were z-scored. We report 95% credible intervals and
consider an effect credible if the interval does not include zero. We
also report evidence ratios (ERs)—equivalent to one-sided Bayes
factors—to quantify the relative posterior probability of a directional
effect (e.g., increased sharing tendency) versus its alternative (e.g.,
no change or decreased sharing), providing a continuous measure of
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Summary of Regression and DDM Results in Terms of Sharing Tendency and Quality

Context/
intervention

Regression

DDM (starting point/drift/
boundary)

Insight from DDM

Baseline sharing

Time effects

Accuracy prompt

Warning labels

Social norm
information

Media literacy

Sharing tendency: |
Sharing quality: 1

Sharing tendency: |
Sharing quality: @

Sharing tendency: 1
1 Analytical thinking
Sharing quality: @

Sharing tendency: |
Sharing quality: 1 (large)
1 Lower education

Sharing tendency: @
1 Media literacy
Sharing quality: 1 (small)

Sharing tendency: @
Sharing quality: 1 (large)

Starting point (sharing ten-
dency): |

Drift (sharing tendency): |

Drift (sharing quality): 1
1 Education, political knowl-
edge, analytical thinking
| Conservative, misplaced
certainty

Boundary:
1 Age, media literacy
| Male, education, conservative,
social media use, political
congruency

Starting point (sharing ten-
dency): |
Drift (sharing tendency): |
Drift (sharing quality): @
1 Education, analytical thinking
Boundary: |

Starting point (sharing ten-
dency): @

Drift (sharing tendency): 1

Drift (sharing quality): @
| Education

Boundary: @

Starting point (sharing ten-
dency): |
Starting point (sharing quality): 1
1 Education
| Age, conservative
Drift (sharing tendency): @
Drift (sharing quality): @
1 Conservative, political
congruency
| Education
Boundary: @

Starting point (sharing ten-
dency): @
Drift (sharing tendency): @
Drift (sharing quality): 1
| Analytical thinking
Boundary: @

Starting point (sharing ten-
dency): @
Drift (sharing tendency): @

.

.

.

The DDM analysis helps uncover the decision-making
processes underlying previously identified predictors of
false news sharing.

Education, analytical thinking, political knowledge, being
liberal, and low misplaced certainty improve individuals’
processing of the content of news, thereby potentially
contributing to higher quality news sharing.

Age, media literacy, identifying as female, lower educa-
tion, being liberal, low social media use, and political
incongruency increase caution before sharing decisions,
thereby potentially contributing to higher quality news
sharing.

The well-documented link between conservatism and false
news sharing is driven by poor processing of news content
and reduced caution, rather than initial intentions toward
sharing news.

As people make repeated news-sharing decisions (over
time), their initial intentions against sharing news intensify,
and their processing of news content more strongly
discourages sharing.

Repeated news-sharing decisions do not improve proces-
sing of news content, helping explain why sharing quality
does not increase over time.

Education and analytical thinking predicted improved
information processing over time, suggesting these
populations learn from prior sharing experiences.

Over time, people become less cautious before making
sharing decisions.

Accuracy prompts lead processing of news content to
promote greater sharing but neither improve information
processing (toward sharing quality) nor increase cau-
tiousness before making sharing decisions.

Accuracy prompts improve information processing among
those less educated, suggesting potential benefits in
environments requiring enhanced deliberation (e.g., novel
news items, persuasive Al-generated news).

Warning labels improve sharing quality by shifting
individuals’ initial intentions away from sharing news and
toward sharing higher quality news.

Warning labels did not impact the processing of news
content.

Because warning labels shift people’s initial intentions
toward sharing high-quality news, they should be effective
in fast-paced settings (e.g., TikTok).

Among conservatives and those less educated, warning
labels had a weaker effect on initial intentions toward
sharing high-quality news and a stronger effect on
improving information processing. For these populations,
warning labels may be less effective in settings that
constrain information processing (e.g., fast-paced, cogni-
tively demanding, distracting settings).

Social norms improve sharing quality by improving
processing of news content rather than by altering initial
sharing intentions or cautiousness.

Social norms solely improve sharing quality through
information processing, likely limiting effectiveness in
environments that constrain such processing (e.g., fast-
paced, cognitively demanding, distracting).

Social norms improved information processing particularly
among intuitive thinkers, a risk-group for sharing low-
quality news.

Media literacy tips increase sharing quality via a dual
mechanism: They improve processing of news content and
cautiousness.

(table continues)
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Table 1 (continued)

GOLLWITZER ET AL.

Context/ DDM (starting point/drift/
intervention Regression boundary) Insight from DDM
Drift (sharing quality): 1 * Media literacy tips, by increasing cautiousness, should be
1 Political congruency effective in high-stakes settings (e.g., crises, nonanon-
| Education, analytical thinkers ymous, reputational costs), and may remain effective even
Boundary: in fast-paced environments (e.g., TikTok).

* Media literacy tips particularly improved information
processing of politically congruent news, suggesting
efficacy within partisan information environments (e.g.,
echo chambers).

* Media literacy tips particularly improved information
processing for those less-educated and intuitive thinkers,
groups at risk for low-quality sharing.

Note. This table summarizes how different interventions influence news-sharing decisions, drawing across both regression and drift-diffusion models. The

up arrow (1) indicates a credible positive effect or increase in the parameter. The down arrow (|) indicates a credible negative effect or decrease in the
parameter. The null symbol (@) indicates no credible effect or change. For brevity’s sake, we solely present the modifying effects of individual
characteristics on DDM parameters in terms of sharing quality (for sharing tendency, see Figures 7 and 8). DDM = drift-diffusion model.

evidence (Kass & Raftery, 1995). For predicted marginal effects of
the interventions, we report the median and the 95% highest pos-
terior density (HPD) interval. While intervention effects (average
treatment effects) can be interpreted causally, results involving
individual and news characteristics are observational, meaning
potential confounds cannot be ruled out (i.e., backdoor paths;
Hernan & Robins, 2016; Pearl et al., 2016).

Secondary analyses supported robustness. Setting aside mul-
ticollinearity concerns, correlations between individual char-
acteristics were small (Supplemental Figure S6). Supporting the
robustness of our inferences and addressing overfitting, simpler
models testing each of the individual and news characteristics as
separate predictors produced consistent results (Supplemental
Figures S7 and S8). Finally, visual inspection of the chains and
Rhat values (<1.01; Supplemental Tables S3-S14) confirmed
model convergence, including for the DDM models (described
later on). See the Regression Models section in Supplemental
Material for detailed robustness analyses.

Baseline News Sharing

We investigated baseline sharing tendency and quality by
examining news-sharing preintervention—during the first half of the
task (across conditions; Model 1). Participants shared 22% of news
items (across true and false news), indicating a general inclination
against sharing news (B, = —1.15, 95% CI [-1.26, —1.04], ER >
100; coefficients on a probit scale). Participants shared 30% of true
news and 14% of false news, indicating a clear preference for
accuracy in sharing decisions (B,q = 0.63, CI [0.44, 0.82], ER >
100). At baseline, neither sharing tendency nor sharing quality
differed between the no-treatment control and any of the intervention
conditions, confirming successful randomization (Supplemental
Figures S9).

Preintervention sharing tendency and quality varied as a function
of individual characteristics (12 credible effects; Figure 1A). For
instance, being male predicted a greater overall sharing tendency
(across true and false news; By = 0.16, CI [0.04, 0.27], ER > 100),
while higher analytical thinking linked to decreased sharing ten-
dency (Bs, = —0.14, CI [-0.20, —0.08], ER > 100). Additionally,
supporting the view that false news sharing is driven by cognitive

complacency and political ideology—rather than political myside
bias (e.g., Pennycook & Rand, 2019, 2021a; Roozenbeek, Maertens,
et al., 2022; Van Bavel et al., 2021; Van der Linden, 2022)—both
higher analytical thinking and a more liberal political orientation
credibly predicted greater sharing quality (B, = 0.09, CI[0.02, 0.15],
ER > 100; Byq = 0.11, CI [0.18, 0.04], ER > 100, respectively).
In contrast, the political congruency of the news item—whether it
aligned with participants’ political views—did not predict sharing
quality (Bsq = —0.01, CI[-0.07, 0.08], ER = 1.8). See Supplemental
Table S3 for all effects and coefficients. See Supplemental Figure S10
for the predicted influence of individual characteristics on sharing
decisions, expressed as percentage differences.

Time Effect on News Sharing

We examined the influence of time on sharing tendency and quality
(Model 2). The analysis was restricted to the no-treatment control to
avoid the confounding effects of the interventions (Figure 1B).
Participants shared less over time, with lower sharing rates in the
second half of the task compared to the first (B = —0.19, CI [-0.28,
—0.10], ER > 100). In contrast, sharing quality remained stable (Byq =
0.00, CI [-0.15, 0.16], ER = 1). These effects were generally
consistent across individual characteristics (Figure 1B; Supplemental
Table S4), with three exceptions: analytical thinking predicted a
greater decline in sharing tendency over time (85, = —0.09, CI[-0.17,
—0.01], ER = 90.7), and analytical thinking and higher education
predicted greater sharing quality over time (Byq = 0.16, CI [0.01,
0.31], ER = 56.8 and fyq = 0.17, CI [0.01, 0.33], ER = 47.1,
respectively).

Intervention Effects on News Sharing

We estimated average treatment effects by comparing changes in
sharing decisions from pre- to postintervention (time) for each
intervention relative to the no-treatment control (Model 3,
Supplemental Table S5). Intervention effects varied meaningfully
(see Figures 2—4). Figure 2 depicts sharing probabilities for true and
false news before and after each intervention (no-treatment control
included for comparison’s sake). Figure 3 depicts the change in
sharing tendency, sharing quality, and sharing of true and false news
from pre- to postintervention within each condition. Figure 4 depicts
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Figure 1
Baseline News Sharing, News Sharing Over Time, and These Effects as a Function of Individual Characteristics
(A) Pre-intervention (B) Time effect
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Note.

Coefficients of sharing tendency. Black dots: sharing quality. (A) Sharing preintervention. (B) Change in sharing over the course of the

experiment (limited to no-treatment control). Baseline: average effect irrespective of individual characteristics. Political orientation: liberal (L) to
conservative (C). CRT: cognitive reflection test, which assesses analytical thinking. Dots and error bars: means and 95% ClIs of posterior
distribution. * (°) = 95% (90%) CI does not overlap zero. CI = credible interval; F = female; M = male. See the online article for the color version

of this figure.

how individual characteristics modified each intervention’s effects
on sharing tendency and quality.

Accuracy Prompt. The accuracy prompt reduced overall
sharing tendency (sharing collapsed across true and false news) by
1.4 percentage points (% points), which was credibly smaller than
the reduction of 3% points observed in the no-treatment control
condition (B, = 0.12, CI[0.01, 0.24], ER > 51.1; coefficients: probit
estimates; Figure 3A). Individuals’ characteristics did not moderate
this effect, except for analytical thinking, which predicted a smaller
reduction in sharing tendency after the accuracy prompt (as com-
pared to the no-treatment control; s, = 0.14, CI[0.03, 0.26], ER >
100; Figure 4).

The accuracy prompt increased sharing quality (sharing true over
false news) by 1.4% points, which did not credibly differ from the
2% points decrease observed in the no-treatment control (g, = 0.08,
CI [-0.12, 0.27], ER = 3.4; Figure 3B). Individual characteristics
did not moderate this result (Figure 4).

Model-predicted marginal effects of the accuracy prompt:
1.3% increase in sharing tendency (95% HPD: —0.6% to 3.3%)
and 3.3% increase in sharing quality (95% HPD: —0.3% to 6.9%).
For the predicted moderation effects of individual characteristics
on sharing tendency and quality (in percentage terms), see
Supplemental Figure S11.

Warning Labels. Warning labels reduced sharing tendency by
4.3% points—a larger reduction than the 3% points reduction
observed in the no-treatment control (B, = —0.26, CI [-0.39,
—0.13], ER > 100; Figure 3A). Individual characteristics did not
moderate this effect (Figure 4).

Warning labels increased sharing quality by 8% points, which
credibly differed from the 2% points decrease observed in the no-
treatment control (Bsq = 0.78, CI[0.55, 1.00], ER > 100; Figure 3B).

Warning labels were particularly effective at increasing sharing
quality (compared to the no-treatment control) among less-educated
participants (B, = —0.25, CI[-0.46, —0.04], ER = 85.2; Figure 4).

Model-predicted marginal effects of warning labels: 3.2%
decrease in sharing tendency (95% HPD: —5.1% to —1.6%) and
7.44% increase in sharing quality (95% HPD: 3.8% to 11.3%). For
the predicted moderation effects of individual characteristics, see
Supplemental Figures S12.

Social Norm Information. The social norm intervention
reduced sharing tendency by 3% points, which did not differ from
the 3% points reduction observed in the no-treatment control (B =
—0.09, CI[-0.20, 0.03], ER = 13.1; Figure 3A). Participants high in
media literacy exhibited a smaller reduction in sharing tendency
after viewing the social norm information (compared to the no-
treatment control; B = 0.11, CI [0.00, 0.21], ER = 40; Figure 4).

Social norms increased sharing quality by 3.5% points, which
differed from the 2% points decrease observed in the no-treatment
control (Bq = 0.35, CI [0.16, 0.55], ER > 100; Figure 3B).
Individual characteristics did not moderate this effect (Figure 2).

Model-predicted marginal effects of social norm information: 1%
increase in sharing tendency (95% HPD: —2.9% to 0.8%) and 4.5%
increase in sharing quality (95% HPD: 1.3% to 8.0%). For the
predicted moderation effects of individual characteristics, see
Supplemental Figures S13.

Media Literacy Tips. Media literacy tips reduced sharing
tendency by 3.3% points—a larger reduction than the 3% points
reduction observed in the no-treatment control (B, = —0.11, CI
[-0.23, 0.01]; Figure 3A). Individual characteristics did not
moderate this effect (Figure 4).

Media literacy tips increased sharing quality by 13% points, which
differed from the 2% points decrease observed in the no-treatment
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Figure 2

GOLLWITZER ET AL.

Sharing Probabilities of True and False News Before and After Each Intervention
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Note. Sharing probabilities of true (green) and false (purple) news pre- and postintervention. Each panel depicts

sharing probabilities in the no-treatment control (circles; same across panels) and the respective intervention
(triangles). Circles and triangles: mean. Error bars: +2 standard error. See the online article for the color version of

this figure.

control (Bsq = 0.83, CI[0.62, 1.04], ER > 100; Figure 5B). Individual
characteristics did not moderate this effect (Figure 4).

Model-predicted marginal effects of media literacy tips: 2%
decrease in sharing tendency (95% HPD: —3.8% to —0.3%) and
11.7% increase in sharing quality (95% HPD: 8.0% to 15.6%). For
the predicted moderation effects of individual characteristics, see
Supplemental Figures S14.

Comparative Effect Sizes. We observed variation among the
interventions’ effects on sharing tendency (sharing collapsed across
true and false news). Warning labels led to a greater reduction in
sharing tendency than social norm information (s, = —0.18, CI
[-0.29, —0.07], ER > 100) and media literacy tips (Bsq = —0.15, CI
[—0.26, —0.03], ER = 60.1), which did not differ from one another
(Bsq =0.03, CI[-0.08, 0.13], ER = 2.0). The accuracy prompt led to
a smaller reduction in sharing tendency than all other interventions
(vs. warning label: By = 0.38, CI [0.27, 0.49], ER > 100; social
norm: B = 0.21, CI [0.11, 0.31], ER > 100; media literacy: By =
0.24, CI [0.13, 0.34], ER > 100).

Warning labels and media literacy tips led to a similarly sized
increase in sharing quality (Bq = —0.06, CI[-0.26, 0.15], ER =2.0)
and led to a greater increase in sharing quality than social norm
information (warning labels: By = 0.42, CI [0.23, 0.62], ER > 100;
media literacy: Byq = 0.48, CI [0.29, 0.66], ER > 100). Warning
labels, media literacy tips, and social norm information all led to a
greater increase in sharing quality than the accuracy prompt
(warning label: By = 0.70, CI[0.51, 0.90], ER > 100; social norm:
Psq = 0.28, CI [0.10, 0.45], ER > 100; media literacy: fyq = 0.76,
CI [0.58, 0.94], ER > 100).

Intervention Effects Over Time. Intervention effectiveness
may weaken over time, as participants continue making news-
sharing decisions and the intervention recedes into the background.
Supporting the short-term stability of the interventions, a time-trend
analysis did not reveal a change in sharing quality as participants
completed postintervention news trials (each intervention relative to
the no-treatment control; Supplemental Figures S15; Regression
Models section in the Supplemental Material).
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Figure 3
Condition Effects on Sharing Probabilities

(A) (B)

0.00+ T = . e

[%2]

o .5 Z*-g 0.154

2 =T

o 0 So

T2 g2

a2 >3 0.104

+ < -0.024 € c

2.4 R

[%2] 2]

= £

58 % 3 0.05-

% Q ce

S0 004 3

ge €2 000+ - - - -
c £ sBE

88 og

okl =

N — ; . . . = . . . .
Control  Accuracy Warning  Social Media literacy Control  Accuracy Warning  Social Media literacy
prompt label norm tips prompt label norm tips
Treatment Treatment
(©)
0.04 1

i

Change in sharing probabilities
from pre to post-intervention

News Veracity

. True
. False

2y

-0.08 1
-0.12 1 1 I 1
Control Accuracy Warning
prompt label
Treatment

Note.

true and false news. (B) Change in sharing quality from pre-

Media literacy
tips

T
Social
norm

(A) Change of sharing tendency from pre- to postintervention by condition; calculated as the sharing probability of both

to postintervention by condition; calculated via change in
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color version of this figure.

Drift-Diffusion Models

We conducted Bayesian mixed-effects DDMs. The model
parameters starting point, drift, and boundary separation were
estimated using a regression framework (Boehm et al., 2018;
Vandekerckhove et al., 2011) with the BRMS package (Biirkner,
2017), a well-established and reliable tool for estimating DDMs
(e.g., Cochrane et al., 2023; Donzallaz et al., 2023; H. Lin et
al., 2023).

We applied the model structures of the conducted non-DDM
models (Models 1-3) with respect to the three examined levels of
sharing effects—preintervention, time effect, and intervention
effect—with several changes. Following H. Lin et al. (2023), and
because inferring a news item’s veracity is constrained to the
information processing component of sharing decisions, we mod-
eled news Item Veracity solely on drift rate (e.g., one cannot
determine the veracity of a news item before deliberating on it). One
exception to this, however, was modeling Item Veracity onto the
starting point within the warning labels condition—because warning
labels are immediately perceived as salient signals, the veracity of a
news item can be inferred at the start of the decision process. Starting
point and boundary separation were estimated on a logit and log

scale. For model specifications, successful parameter recovery
analysis (Supplemental Figures S16), and posterior predictive
checks (Supplemental Figures S17-S18), see the DDM Analysis
section in Supplemental Material. See Supplemental Tables S6-S8
for posterior estimates. Table 1 provides summaries and inter-
pretations of the observed DDM effects.

Baseline News Sharing

We applied a DDM-adapted formula of Model 1 to examine the
decision-making processes underlying news sharing at baseline.
Participants began each sharing decision (starting point) with a
baseline tendency against sharing news items (collapsed across
true and false items; p = —0.23, CI [-0.27, —0.20], ER > 100;
Figure 5A). Participants’ information processing—their cognitive
processing of news items’ contents (drift rate)—reinforced this
tendency against sharing (p = —0.45, 95% CI [-0.49, —0.40], ER
> 100). Importantly, participants’ information processing con-
tributed to greater sharing quality—their cognitive processing of
news items’ contents (drift rate)—pushed them toward sharing
true over false news (f = 0.25, CI [0.17, 0.33], ER > 100;
Figure SA).
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GOLLWITZER ET AL.

Figure 4
Effects of Interventions on News Sharing as Compared to the No-Treatment Control as a Function of
Individual-Level Characteristics

Treatment effects
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Note. Orange dots: sharing tendency. Black points: sharing quality. Baseline: average effect of intervention irrespective of

individual characteristics compared with no-treatment control. Political orientation: liberal (L) to conservative (C). CRT:
cognitive reflection test, which captures analytical thinking. Dots and error bars: means and 95% Cls of posterior distribution.
*(°) = 95% (90%) CI does not overlap zero; F = female; M = male. See the online article for the color version of this figure.

The observed baseline DDM effects varied by individual
characteristics; for instance, older participants exhibited a greater
initial tendency to share news (collapsed across true and false
news) before the onset of each news trial (starting point; § = 0.10,
CI [0.07, 0.14], ER > 100; Figure 5A). The influence of infor-
mation processing (drift rate) against news sharing was especially
pronounced, for instance, among females (f = 0.06, CI [0.01,
0.11], ER > 100), liberal participants (§ = 0.09, CI [0.06, 0.11],
ER > 100), and politically noncongruent news (f = 0.19, CI1[0.17,
0.20], ER > 100). The influence of information processing (drift
rate) on promoting sharing quality was especially pronounced, for

instance, among liberal participants (p = 0.06, CI [0.03, 0.08],
ER > 100), those higher in analytical thinking (f = 0.04,
CI [0.01, 0.06], ER > 100), and those with greater political
knowledge (B = 0.07, CI [0.04, 0.09], ER > 100). Finally, older
participants (B = 0.07, CI [0.05, 0.09], ER > 100) and those
with higher media literacy ( = 0.03, CI [0.02, 0.05], ER > 100)
exhibited greater cautiousness and information gathered (boundary
separation) during sharing decisions (Figure 5A; Supplemental
Table S6). These results reveal meaningful individual differences
in the decision-making processes underlying baseline news-
sharing behavior.

Figure 5
The DDM Parameters at Baseline (Preintervention), the Effect of Time, and How Individual Characteristics Moderate These Effects
(A) Pre-intervention (B) Time effect
Start Point ‘ Drift Rate Boundary Separation ‘ Start Point Drift Rate Boundary Separation
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Note.

(A) DDM parameters at baseline (preintervention). (B) Changes in DDM parameters from the first half to the second half of the sharing task (limited to

no-treatment control). Baseline: average effect irrespective of individual characteristics. Boundary separation cannot be separated into sharing tendency and
quality. Political orientation: liberal (L) to conservative (C). CRT: cognitive reflection test, which assesses analytical thinking. Dots and error bars: means and
95% Cls of posterior distribution. * (°) = 95% (90%) CI does not overlap zero. DDM = drift-diffusion model; F = female; M = male; CI = credible interval;
CRT = cognitive reflection test, which assesses analytical thinking. See the online article for the color version of this figure.
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Time Effect on News Sharing

We examined how time affected the decision-making processes
underlying sharing (DDM-adapted formula of Model 2). The
analysis was restricted to the no-treatment control to avoid the
confounding effects of the interventions. Participants’ initial ten-
dency toward not sharing news (collapsed across true and false
news) increased over time (fp = —0.12, CI [-0.20, —0.05], ER >
100), as did the influence of information processing on reducing
sharing (p = —0.05, CI [-0.09, —0.02], ER > 100). Cautiousness
and the amount of gathered information decreased over time (f =
—0.06, CI [-0.10, —0.02], ER > 100). Information processing did
not improve over time—participants’ processing of news content
did not lead to higher quality sharing as the task progressed (p =
0.03, CI [-0.03, 0.08], ER = 5.6; Figure 5B). These findings
indicate that the decision-making processes underlying news
sharing lead to more selective but not more accurate sharing
over time.

Individual characteristics moderated the effects of time
(Supplemental Table S7). For instance, among politically knowl-
edgeable participants, the increase over time in participants’ initial
intentions not to share was especially pronounced (p = —0.13, CI
[-0.21, —0.05], ER > 100). Additionally, the increasing influence of
information processing in reducing sharing over time was especially
pronounced among analytical thinkers (f = —0.05, CI [-0.09,
—0.01], ER > 100). Finally, though information processing did not
overall improve over time, analytical thinkers’ and more educated
participants’ processing of news content led them to share higher
quality news as the sharing task progressed (f = 0.06, CI [0.01,
0.12], ER = 74.8 and p = 0.06, CI [0.01, 0.12], ER = 54.6,
respectively).

Intervention Effects on News Sharing

To examine the decision-making processes underlying the tested
interventions, we applied a DDM-adapted formula of Model 3 (see
Figure 6 and Supplemental Table S8; see the DDM Analysis section
of the Supplemental Material for Model Formula). See Table 1 for
summaries and interpretations of the DDM results.

Accuracy Prompt. The accuracy prompt did not impact par-
ticipants’ initial intentions to share news (starting point; § = 0.00, CI
[-0.10, 0.10], ER = 1, Figure 6A). While the accuracy prompt
shifted information processing toward sharing more news (drift rate;
p = 0.06, CI [0.01, 0.11], ER = 60.7), it did not shift information
processing toward sharing higher quality news, though the effect
directionally aligned with prior research (drift rate; f = 0.02, CI
[-0.05, 0.09], ER = 2.2; Figure 6B; H. Lin et al., 2023). The
accuracy prompt did not impact cautiousness and the amount of
information gathered before decision making (boundary; f = 0.02,
CI [-0.02, 0.07], ER = 5.3; Figure 6C). These process results align
with the noncredible effect of the accuracy prompt on sharing
quality.

Several individual characteristics modified the accuracy prompt’s
influence on initial sharing intentions and information processing
with regard to sharing tendency (e.g., social media use, analytical
thinking; Figure 6A and 6B). In contrast, the lack of the accuracy
prompt’s impact on improving information processing was largely
consistent across individual differences. The only exception was
less-educated individuals, whose processing of news content

1563

promoted greater sharing quality after the accuracy prompt (f =
—0.07, CI [-0.14, —0.00], ER = 42.9; Figure 6; Table 1).

Warning Labels. Warning labels shifted participants’ initial
sharing intentions further away from sharing news (f = —0.28, CI
[-0.38, —0.17], ER > 100; Figure 6A) and toward sharing higher
quality news (f = 0.39, CI [0.30, 0.47], ER > 100). In contrast,
likely due to their large impact on initial sharing intentions, warning
labels influenced neither information processing nor cautiousness
and information gathered before sharing decisions—despite the
news items and warning labels being present throughout the entire
decision-making process (§ = 0.04, CI [-0.05, 0.12], ER = 4.8, and
p = 0.00, CI [-0.04, 0.05], ER = 1.3, respectively; Figure 6B
and 6C).

Individual characteristics modified these effects (Figure 6;
Supplemental Table S8). For instance, among conservative and less-
educated participants, warning labels’ increase in sharing quality
was driven less so by initial sharing intentions (political leaning: § =
—0.16, CI[-0.24, —0.07], ER > 100; education: § = 0.12, CI[0.04,
0.20], ER > 100; Figure 6A), and more so by improved information
processing (political leaning: = 0.13, CI [0.05, 0.21], ER > 100;
education: f = —0.11, CI [-0.19, —0.04], ER > 100; Figure 6B).
Conservative and less-educated participants appeared to continue
processing news item content despite the clear warning labels
overlaid onto false news items. Finally, warning labels particularly
improved information processing among politically congruent news
items (f = 0.08, CI [0.01, 0.15], ER > 67.0; Figure 6B), suggesting
that they may be especially effective within ideological echo
chambers (Table 1).

Social Norm Information. Social norm information did not
change participants’ initial sharing intentions (f = —0.04, CI[-0.14,
0.06], ER = 3.5; Figure 6A) but did increase news-sharing quality
by improving information processing (f = 0.08, CI [0.02, 0.15],
ER > 100; Figure 6B). Intuitive thinkers exhibited a particularly
pronounced improvement in information processing (f = —0.09,
CI [-0.16, —0.02], ER > 100; Figure 6B), indicating that they
incorporate the normative information of the intervention when
considering the content of news items.

Media Literacy Tips. Media literacy tips, similar to social
norm information, did not change initial sharing intentions but did
increase sharing quality by improving information processing ( =
0.24, CI1[0.17, 0.30], ER > 100; Figure 6A and 6B). The observed
improvement in the processing of news content was especially
pronounced among intuitive thinkers (f = —0.07 CI [-0.14, —0.00],
ER =53.1) and politically congruent news items (p = 0.07, CI1[0.01,
0.13]; Figure 6B). Media literacy tips uniquely increased partici-
pants’ cautiousness and the amount of information gathered before
sharing decisions (f = 0.12, CI [0.01, 0.13], ER > 100; Figure 6C).

News Item Characteristics

We examined whether news characteristics—such as the sen-
sationalism, importance, and familiarity of news items—predict
news sharing and intervention effectiveness (Models 4-6). We
reconducted the individual characteristics models (Models 1-3) but
with several changes. First, news characteristics replaced individual
characteristics as predictors. Second, the model outcomes were true
and false news sharing (instead of sharing tendency and quality) due
to high multicollinearity between several news characteristics
and news veracity (Supplemental Figures S19-S21). Third, for the
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Figure 6

GOLLWITZER ET AL.

Effects of Interventions on DDM Parameters as Compared to the No-Treatment Control and How Individual Characteristics Moderate

These Effects
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(A) Effects on starting point. News veracity can modify the starting point in the presence of warning labels—an immediate and salient signal. (B) Effects

on drift. (C) Effects on boundary separation, which cannot be separated into sharing tendency and quality. Baseline: Average effect irrespective of individual-
level characteristics. Political orientation: liberal (L) to conservative (C). CRT: cognitive reflection test, which assesses analytical thinking. Dots and error bars:
means and 95% Cls of the posterior distribution. * (°) = 95% (90%) CI does not overlap zero; DDM = drift-diffusion model; CI = credible interval; F = female;

M = male. See the online article for the color version of this figure.

DDM analyses, we only modeled news characteristics onto the drift
rate because inferring and incorporating news characteristics is
distinctly part of information processing (e.g., one cannot determine
a news item’s familiarity before examining its content; see Yang &
Krajbich, 2023). For model descriptions, see the DDM Analysis
section in Supplemental Material.

At baseline (preintervention), news characteristics neither pre-
dicted true nor false news sharing (Figure 7A; Supplemental Table S9
and Figure S22), with the exception of Republican leaning (vs.
Democrat-leaning) false news being shared a greater amount (f =
0.06, CI [0.01, 0.12], ER = 79). News characteristics also did not
meaningfully predict sharing as a function of time (Figure 7B,
Supplemental Table S10), nor did they moderate the effects of any
intervention (Figure 7C; Supplemental Table S11). Two exceptions
included warning labels more effectively reducing sharing among
Republican leaning and highly partisan false news (B = —0.24, CI
[-0.44, —0.04], ER = 83.3; § =-0.17, CI[-0.31, —0.03], ER > 100;

Figure 7C). Setting aside concerns about model specification and
overfitting, and as was true for the individual characteristics models,
simpler models testing each news characteristic separately revealed
consistent findings (Supplemental Figures S8). The DDM analyses
found that news characteristics had minimal influence on information
processing—at baseline (Figure 8A; Supplemental Table S12), over
time (Figure 8B; Supplemental Table S13), or in moderating inter-
vention effects (Figure 8C; Supplemental Table S14).

Tailoring Interventions to Vulnerable Subpopulations

The semi-integrative framework applied in this study can reveal
at-risk populations for low-quality news sharing and pinpoint the
decision-making mechanisms that contribute to this vulnerability.
For instance, we replicate the well-documented tendency of con-
servatives to share low-quality news (e.g., Garrett & Bond, 2021;
Figure 1) and find that this trend is characterized by specific decision
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Figure 7
News Sharing as a Function of News Item Characteristics and Veracity
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(A) Sharing preintervention. (B) Change in sharing over the course of the sharing task (limited to no-treatment control). (C) Intervention effects on

sharing. Baseline: average effect irrespective of individual- and item-level characteristics. True and false items analyzed separately due to multicollinearity.
Political leaning: democratic leaning (D) to Republican leaning (R). Dots and error bars: Means and 95% Cls of the posterior distribution. * (°) = 95% (90%)
CI does not overlap zero. CI = credible interval. See the online article for the color version of this figure.

pathways. Specifically, conservatives’ sharing of low-quality news
appears to stem from poorer processing of news content and reduced
cautiousness during news-sharing decisions, rather than from a
heightened initial intention to share news (Figure 5A; Table 1).
The applied framework additionally reveals which interventions
effectively improve news-sharing quality within at-risk groups and
the decision-making processes through which these improvements
operate. These insights enable theoretical predictions about the
interplay between vulnerable populations, intervention types,
and different sharing environments. For instance, while warning
labels effectively improved sharing quality among conservatives
(Figure 4), they were less effective at shifting conservatives’ initial
sharing intentions toward higher quality news and more effective
at shifting conservatives’ information processing toward sharing
higher quality news (Figure 6A and 6B; Table 1). These findings
suggest that conservatives continue to engage with news content
even when clear warning labels are present, and that warning labels
may be less effective for conservatives in contexts that promote

rapid sharing and limit information processing—such as fast-paced,
cognitively demanding, or highly distracting sharing environments.

In line with data-as-public-good (e.g., Vlasceanu et al., 2024), we
created an open-source Shiny app (https://alan-tump.shinyapps.io/
DSIA/) that allows researchers and policymakers to examine the
comparative efficacy of the tested interventions and their underlying
decision-making processes for specific subgroups (e.g., older
conservatives; Figure 9). Though the app can guide the design of
target-specific intervention strategies, its output is purely descrip-
tive: it visualizes patterns present in our data set and does not
generate out-of-sample predictions.

Discussion

The present research provides a multilevel, process-based account
of false news sharing by synthesizing three well-established but often
separately studied research approaches: First, we compare the relative
effectiveness of multiple interventions in a single experimental design


https://alan-tump.shinyapps.io/DSIA/
https://alan-tump.shinyapps.io/DSIA/
https://alan-tump.shinyapps.io/DSIA/
https://alan-tump.shinyapps.io/DSIA/
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Figure 8

GOLLWITZER ET AL.

Drift-Diffusion Model Parameters as a Function of News Item Characteristics and Veracity
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(A) Preintervention. (B) Change over time. (C) Intervention effects. Starting point and boundary separation: estimated independent of news veracity

(gray). Drift rate: estimated separately for true (green) and false (purple). Baseline: average effect irrespective of individual and news characteristics. Political
leaning: Democratic leaning (D) to Republican leaning (R) news. Dots and error bars: means and 95% Cls of the posterior distribution. *(°)=95% (90%) CI
does not overlap zero. CI = credible interval. See the online article for the color version of this figure.

(e.g., Milkman et al., 2022). Second, we investigate whether and how
individual differences and varying news features shape news sharing
and moderate intervention efficacy (e.g., Baker, 2001; Bryan et al.,
2021). Third, we apply computational modeling to uncover the
“mental machinery” that underlies these effects—pinpointing the
precise decision-making processes that underlie news-sharing deci-
sions (H. Lin et al., 2023; Mulder et al., 2012). This integrated
framework not only illuminates the primary risk factors and decision-
making processes that give rise to false news sharing but also
identifies which interventions work best, for which populations they
are most effective, and how they exert their influence at a pro-
cess level.

Key Findings

Warning labels and media literacy tips reliably improved sharing
quality, while social norm interventions were less effective, and
accuracy prompts lacked a credible effect. Although individual
characteristics such as conservatism predicted poorer sharing quality
(e.g., Garrett & Bond, 2021), intervention efficacy remained largely
robust across individual differences. Likewise, news characteristics—
such as a news item’s degree of sensationalism, believability, and
alignment with individuals’ political orientation—did not modify
intervention effectiveness. Existing false news interventions appear to
cast a very wide protective net, offering benefits even for at-risk

populations and politically congruent news. These findings sup-
port the broad applicability of such interventions in reducing false
news sharing—and, potentially, in mitigating its downstream
consequences, such as misinformed political activism (Jacobson,
2023), poor health decisions (Loomba et al., 2021), and even
violence (Lewandowsky et al., 2013; though see Altay et al., 2023).

DDM revealed that the examined interventions operate via
distinct decision-making processes. Warning labels, for instance,
shifted participants’ initial intentions toward sharing both less
news and higher quality news at the outset of the decision process.
In contrast, social norm information and media literacy tips
enhanced sharing quality further downstream by influencing how
participants processed the content of news items. These process-
level distinctions deepen our understanding of how interventions
mitigate false news sharing, providing insights into how inter-
vention effectiveness may vary as a function of different sharing
environments (e.g., fast-paced, cognitively demanding, or high-
reputational-cost settings). See Tables 1 and 2.

Comparing False News Interventions

A key strength of the present work involves testing and com-
paring multiple interventions in a single study (Fazio et al., 2024;
Milkman et al., 2022). Replicating prior research, warning labels,
social norm cues, and media literacy tips all improved sharing
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Open-Source Shiny App Allowing Researchers and Policymakers to Examine Comparative Intervention Efficacy

Plotting options
Show intervention

Yes

Intervention type

Media literacy tips ¥

=)

— Control
- Intervention

o

on sharing choices [%]

Estimated intervention effect
=)

Characteristics

Reset to average participant

Gender

True news False news

Political Knowledge

Note. Open-Source Shiny app. Example: input values set to older conservatives. The panel on the far right depicts the efficacy of the selected intervention as

a function of selected individual characteristics. The central panel depicts information processing (drift) as estimated by the drift-diffusion model. Example:
information processing within older conservatives promotes not sharing true news in the no-treatment control (green solid arrow); media literacy tips shift this
trend toward sharing true news (green dashed arrow). Information processing within older conservatives promotes not sharing false news in the no-treatment
control (solid purple arrow); media literacy tips increase this trend (dashed purple arrow). These effects are amplified by media literacy tips increasing
cautiousness and information gathered before sharing, depicted by the larger boundary separation (dashed horizontal lines at the top and bottom) compared to
the no-treatment control (solid horizontal lines). D = Democratic leaning; R = Republican leaning; L = liberal; C = conservative; CRT = cognitive reflection

test. See the online article for the color version of this figure.

quality (e.g., And1 & Akesson, 2020; Guess et al., 2020). Accuracy
prompts, in contrast, did not yield credible improvement. Although
this null result appears to conflict with prior findings (e.g.,
Pennycook, Epstein, et al., 2021), studies with much larger sample
sizes have revealed that accuracy prompts’ influence on news-
sharing quality is quite small (H. Lin et al., 2023); our relatively
modest sample size and single-headline accuracy prompt (multi-
headline prompts yield stronger effects; Epstein et al., 2021; Fazio et
al., 2024) may have been insufficient to detect this subtle effect. That
said, the practical significance of small intervention effects remains
an open question (e.g., Pretus et al., 2022).

Critically, the tested interventions can be compared head-to-head.
Warning labels and media literacy produced similar gains in
sharing quality—both outperforming social norm cues, which
exceeded accuracy prompts. Of note, media literacy proved as
effective as highly salient warning labels (Guess et al., 2020) and
uniquely increased true news sharing (Figure 3C). Additionally,
media literacy tips qualify as a “boosting” strategy—a self-directed
cognitive skill that functions across contexts and irrespective of
external fact-checking efforts (Hertwig & Griine-Yanoff, 2017).
Yet, media literacy tips have practical trade-offs. In contrast to
warning labels, they require much more time and effort from users,
raising scalability and efficacy drop-off concerns. Encouragingly,

we did find that media literacy tips remain effective across a span of
20 news-sharing decisions; yet, these findings cannot speak to
longer time periods. Similarly, warning labels have trade-offs.
Warning labels require costly and labor-intensive platform-directed
initiatives (Martel & Rand, 2023; Stencel et al., 2021), though once
applied, they provide ongoing cues irrespective of user recall,
presumably reducing time-based decay. The trade-offs associ-
ated with media literacy tips and warning labels should be
weighed in light of specific sharing environment features—such
as users’ tolerance for cognitive effort, the degree of autonomy
expected in decision making, and the credibility or neutrality
of platform-based fact-checking. Moreover, in light of these
trade-offs, approaches combining multiple interventions may be
particularly worthy of future examination and application (Bode
& Vraga, 2021).

A number of well-established interventions were not included
in the present study. For instance, inoculation (“prebunking”)
interventions—which have demonstrated robust and lasting effects
across a wide range of contexts (Roozenbeek, Maertens, et al.,
2022)—build resistance to false news by exposing individuals to
weakened forms of misinformation and explaining the deceptive
strategies involved (Roozenbeek & Van der Linden, 2019). From
a theoretical perspective, and similarly to media literacy tips,
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MECHANISTIC UNDERSTANDING OF FALSE NEWS SHARING

inoculation may influence both information processing and cau-
tiousness during sharing decisions: it should enhance processing by
increasing individuals’ sensitivity to manipulative content and
strengthen cautiousness by encouraging more skeptical evaluation
of news content. This dual engagement may help explain the
consistently strong performance of inoculation interventions.

Individual and News Characteristics

Our approach revealed which individual and news character-
istics predict news sharing. At baseline (before any interventions),
numerous demographic, psychological, and media-related vari-
ables predicted sharing tendency and quality. Identifying as male,
conservatism, and intuitive thinking, among other factors, pre-
dicted sharing more news (across true and false news). Replicating
past work, intuitive thinking predicted sharing lower quality news
(e.g., Pennycook & Rand, 2019), as did conservatism (e.g., Guess
etal., 2019), lower education level, and lower political knowledge
(Mazepus et al.,, 2023). Additionally, the negative impact of
intuitive thinking and lower education level on sharing quality
increased over the course of the task (akin to scrolling through a
newsfeed). In contrast, news characteristics, such as the valence or
sensationalism of a news item, largely failed to predict sharing—
except for Republican leaning false news being shared more
(Figure 7). Additionally, and surprisingly, the degree to which
news items aligned with participants’ political orientation (political
congruence) did not impact sharing quality. Taken together, these
findings support the view that cognitive complacency and
political identity—rather than political myside bias—drive lower
quality news sharing (e.g., Pennycook & Rand, 2019, 2021a;
Roozenbeek, Maertens, et al., 2022; Van Bavel et al., 2021; Van
der Linden, 2022).

Despite individual characteristics explaining substantial variance
in news sharing, such characteristics had a minimal role in mod-
erating intervention effectiveness—suggesting limited potential for
personalized intervention strategies (e.g., J. H. Zhang et al., 2020).
Of 40 possible moderation effects, only four were marginal and
just one was robust—warning labels were more effective for less-
educated individuals (Figure 4). Similarly, news characteristics did
not modify intervention outcomes (Figure 7). Our statistical power
to detect moderate-sized moderation effects (Supplemental Figure
S5B) raises the possibility that smaller effects exist, though they may
not be practically meaningful. Taken together, we find a strikingly
broad applicability of the tested false news interventions: the most
effective strategies—warning labels and media literacy tips—
improved sharing quality even among at-risk groups, such as
conservatives, and across key news types, including sensationalist
and highly politicized content.

Decision-Making Processes

DDM illuminated the decision-making processes underlying
participants’ news-sharing decisions—making the present work
among the first to systematically examine the choice processes
behind news sharing (H. Lin et al., 2023; Orchinik et al., 2023).
Extending previous findings, we observed substantial, informa-
tive variation among these processes both as a function of
individual characteristics and the tested interventions.

1569

Sharing Tendency

We find that, in the absence of interventions, people’s intentions
at the start of sharing decisions lean against sharing news (across
true and false news), with this reluctance increasing as they evaluate
each news item’s content. Individual differences predict meaningful
variance among these decision processes. Younger participants
display greater initial reluctance to share news, liberals are more
likely to reject sharing as they process a news item’s content, and
older adults exhibit greater cautiousness before making sharing
decisions (Figure 5A).

Sharing Quality

People’s cognitive processing of news content generally shifted
their sharing toward higher quality news (sharing true over false
news; Figure 5A). Notably, this effect was magnified among parti-
cipants with stronger analytical thinking, politically liberal orienta-
tions, higher education levels, and greater political knowledge. These
results help clarify why individuals who lack such attributes—
particularly those prone to intuitive thinking—are more susceptible to
sharing false news (Pennycook & Rand, 2019); their poor sharing
decisions stem from insufficient or inaccurate processing of an
item’s content, rather than from initial intentions to share more news
or the amount of information they considered before deciding to share
(H. Lin et al., 2023).

The influence of information processing on sharing quality re-
mained steady as participants viewed more news items (Figure 5B),
indicating that repeated exposure does not lead to sharing higher
quality news. Yet this null effect varied by individual attributes.
Higher analytical thinking and education predicted greater sharing
quality over time, suggesting that these cognitive attributes become
increasingly advantageous with repeated exposure—a common
feature of online newsfeeds.

Intervention Effects

We find false news interventions operate through distinct deci-
sion-making processes. In line with their salience, warning labels
strongly deterred overall sharing while also improving sharing
quality early in the decision-making process (Figure 6A). Yet,
among conservatives and those less-educated, the effect of warning
labels emerged later during the processing of news content
(Figure 6B), potentially leading these groups to override fact-check
labels if they perceive news content as subjectively credible. In
contrast to warning labels, social norm information and media
literacy tips primarily improved sharing quality by altering how
participants processed news content (Figure 6B). These effects were
stronger among individuals prone to intuitive thinking—a key risk
factor for sharing false news—suggesting that social norm cues and
media literacy tips either foster analytical processing or improve the
accuracy of intuitive judgments during sharing decisions (H. Lin et
al., 2023; Pennycook & Rand, 2019). Media literacy tips, unlike the
other interventions, increased people’s cautiousness and the amount
of information they gathered before sharing decisions (Figure 6C).
The dual impact of media literacy tips—improved information
processing and increased information gathering, that is, carefully
weighing more information—can help explain this intervention’s
strong efficacy.
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Our process-level analysis reveals not only how interventions
work but also which may be complementary. For instance, warning
labels and media literacy tips may have additive benefits, as they
target different stages of the decision process: warning labels
shape initial sharing intentions, while media literacy tips influence
the processing of news content. Understanding these underlying
mechanisms allows for concrete predictions about intervention
effectiveness across real-world contexts. Warning labels may be
especially effective in fast-paced environments that constrain
content processing (e.g., TikTok), whereas media literacy tips
may perform better in cognitively demanding and high-stakes
environments—such as those with high rates of believable false
news, informational echo chambers, or significant reputational
risks. See Tables 1 and 2 for detailed predictions linking inter-
vention mechanisms to features of sharing environments.

Populations at Risk for False News Sharing

The applied methodological approach identifies which popula-
tions are at particular risk for sharing lower quality news—and why.
As in prior work, we find conservatives to be vulnerable (Guess et
al., 2019; Figure 1). Critically, our findings reveal that this vul-
nerability stems from both poor news content processing and
reduced caution and information gathering during sharing decisions,
rather than from generally greater intentions to share news (Figure
5A). Building on these results, we find that media literacy tips
should offer particular benefits for conservatives by enhancing
content-based processing and increasing cautiousness and infor-
mation gathering (Figure 6B). In contrast, though warning labels
were similarly effective across political orientations, they had a less
direct impact on conservatives—conservatives continued to process
news item content despite salient warning labels, possibly reflecting
greater distrust of fact-checking (Robertson et al., 2020).

To enable researchers and policymakers to examine specific
populations, for example, older conservative or less-educated lib-
erals, we developed an open-source Shiny app (https://alan-tump.shi
nyapps.io/DSIA/) that provides interactive visualizations of inter-
vention effects based on individual characteristics (Figure 9;
Vlasceanu et al., 2024). The app dynamically updates a DDM-based
representation, depicting the effects of each intervention on news
sharing and the underlying decision-making processes within
selected populations. Although purely descriptive and constrained
by our sample and design, this tool offers a structured way to explore
potential targeted intervention strategies, contributing to the broader
data-as-public-good movement (Vlasceanu et al., 2024).

Semi-Integrative Approaches as Experimental Methods

Alongside other examples (Zhao et al., 2022), our work illustrates
the value of semi-integrative experimental methods: systematically
combining multiple analysis levels or methodologies, such as
multipronged interventions, effect heterogeneity mapping, and
cognitive process tracing, within a unified framework. Semi-inte-
grative methods help cost-effectively address the “one-shot”
problem in research areas, wherein studies often test isolated
hypotheses, focus on limited parameters, and rely on narrowly
selected designs (Almaatouq et al., 2024; Watts, 2017). While semi-
integrative methods cannot match the full breadth of fully inte-
grative studies that cross multiple between-subjects factors

GOLLWITZER ET AL.

(Almaatouq et al., 2021; Awad et al., 2018; Baribault et al., 2018;
Bourgin et al., 2019), they deliberately balance analytical depth and
feasibility. For example, our sample (~1,200 participants) provided
sufficient power to detect moderate-to-large main effects and
heterogeneity, including ~3—4 percentage point improvements in
sharing quality. Semi-integrative designs offer a scalable and
efficient way to understand human behavior across multiple levels
and domains—whether moral, economic, or otherwise (Zhao et
al., 2022).

Constraints on Generalizability

While our sample exhibited substantial individual variability
across key demographics (e.g., age, political orientation, educa-
tion), it was not strictly representative of the U.S. population.
Additionally, sharing decisions in our study reflected immediate
sharing intentions in a controlled setting, which differs from real-
world social media environments in which factors like reputational
concerns influence actual sharing behavior. While lab-based
sharing measures are widely used as proxies in false news research,
relatively few studies have assessed how well they map onto real-
world behavior. Supporting their external validity, willingness to
share political news in online surveys correlates meaningfully with
actual social media sharing (Mosleh et al., 2020).

Although our task assessed immediate sharing decisions in a
controlled environment, several aspects of our findings align with
patterns observed in real-world social media behavior and suggest
which effects may generalize. First, the intervention that influences
early-stage decision processes—warning labels—has been found to
be effective in fast-paced, low-attention platforms where users rely
heavily on initial impressions (e.g., Martel & Rand, 2023, 2024).
Second, interventions that improve content-based processing and
cautiousness—such as media literacy tips—may generalize more
effectively to contexts involving complex or ambiguous informa-
tion, or where reputational stakes are high. Third, the broad absence
of moderation by individual or news characteristics suggests that
these interventions can benefit a wide range of users and news types,
including politically congruent and sensationalist content. Together,
these points indicate that while laboratory-based sharing tasks
simplify real-world dynamics, the underlying cognitive mechanisms
uncovered here map onto known features of online environments,
supporting the practical and policy relevance of our findings.

No single experimental approach can capture all parameters.
For instance, we did not examine the role of data collection
platforms (e.g., Lucid vs. Prolific; Martel & Rand, 2023), different
true-to-false news ratios (Orchinik et al., 2023), the effects of
combining interventions (Awad et al., 2018), variations in sharing
environments (e.g., audience size, follower demographics), and
variations in intervention formats in terms of length, specific
wording, and degree of repetition (e.g., multiheadline vs. single
accuracy prompt; Fazio et al., 2024). Expanding the parameter
space to refine, optimize, and generalize intervention strategies
remains a key direction for future research.

A substantial share of misinformation is spread by well-known,
verified, and highly influential users (e.g., DeVerna et al.,
2022; Grinberg et al., 2019). Although our sample only
included individuals who reported actively sharing news, it likely
did not include such high-profile users. Additionally, the tested
interventions likely elicit varying levels of resistance and attrition
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in real-world settings. Media literacy tips, for example—despite
their potential for lasting impact (e.g., Kozyreva et al., 2024)—
demand more time and cognitive effort, which may limit their
adoption. It also remains unclear how often media literacy tips
must be repeated to remain effective and whether their impact is
driven by specific tips or only emerges when the tips are presented
as a collective set. Given these uncertainties, caution is warranted
in generalizing our findings to broader real-world contexts.
Scaling these interventions may be difficult, particularly in en-
vironments where misinformation is shaped more by structural and
algorithmic forces than by individual choices.

We centered on low-plausibility false news (Pennycook,
Binnendyk, et al., 2021), rather than misleading but technically
accurate content, which can actually draw more attention than outright
falsehoods (Allen et al., 2024). Although highly implausible stories
may seem inconsequential, they still circulate widely (Vosoughi et
al., 2018)—possibly because people endorse the “gist” rather than the
literal accuracy (Langdon et al., 2024)—and can influence behavior
once viewed (Allen et al., 2024). Future research should test how
interventions perform against both blatantly false and more subtly
misleading content, reflecting the varied plausibility of real-world
misinformation.

Conclusion

Despite extensive research on false news sharing, no study has
yet provided a systematic, comparative, and process-based anal-
ysis of this behavior and the interventions designed to mitigate it.
We address this gap by applying a semi-integrative experimental
approach to news sharing. This multicomponent approach reveals
the comparative efficacy of multiple false news interventions,
whether and how individual and news item characteristics shape
false news sharing and intervention effectiveness, and the deci-
sion-making processes underlying these effects. In doing so, we
uncover key insights into low-quality news sharing, such as that
existing interventions appear effective across a wide range
of individual and news item characteristics—including among
significantly at-risk populations, such as political conservatives.
While these insights contribute to ongoing efforts to reduce false
news sharing, intervention-based strategies are unlikely to be
sufficient alone. Substantial changes in the information ecosystem,
such as the automated removal of false content and stricter
enforcement against repeat offenders, are likely necessary to
meaningfully reduce false news spread and influence.
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