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A B S T R A C T

Our ability to recognize fake news is flawed, with serious negative consequences for individuals, organizations, 
and society. Researchers and practitioners have developed different interventions against fake news, such as 
warnings and additional information, with mixed results. Yet social media users remain vulnerable to fake news 
because they consume information hedonically. To design more effective interventions, we must better under
stand how social media users process information cognitively. Drawing on dual process theory, we hypothesize 
that the sequence of exposure to information matters, and that it is beneficial to present interventions with 
warnings and additional information after exposure to fake news rather than before. We argue that questioning 
false information typically requires more cognitive resources than users are willing to allocate during casual 
browsing. In a two-week multiphase experiment, participants were exposed to fake news and interventions in 
different sequences. We compared the results across groups and multiple time points through statistical testing. 
The results show that introducing an intervention after a fake news story leads to a lower adoption of fake news 
into social media users’ mental models and that the fake news’s believability is then lowest. However, the effect 
fades over time without repeated exposure to interventions. Our findings offer new insights into how timing and 
cognitive effort influence the effectiveness of fake news interventions. For practitioners, we provide recom
mendations for designing effective interventions against fake news.

1. Introduction

Knowledge is power. The phrase attributed to Francis Bacon in 1597 
remains more relevant than ever. People continue to seek knowledge, 
often by consuming news from a variety of sources. In recent years, 
however, the ways in which news is produced and consumed have 
changed fundamentally. Most importantly, social media platforms have 
become essential to both the dissemination and consumption of infor
mation [67]. However, in the absence of robust quality control mecha
nisms, these platforms remain susceptible to the spread of 
disinformation and fake news. For example, following the recent 
restructuring of X (formerly Twitter), the EU warned that the social 
network’s existing measures against fake news and hate speech are 
inadequate to meet the requirements of EU law [46].

Under the Digital Service Act, the EU requires social media providers 
to remove illegal content or face the possibility of severe financial 
penalties [71]. However, unlike other harmful content types, fake news 

is not always clearly illegal. As a result, social media platform providers 
are often faced with the difficult task of determining whether to remove 
such content or to regard it as protected under the principle of freedom 
of expression. Moreover, the scope of the Digital Service Act is limited to 
the EU, which complicates enforcement across global social networks.

The increasingly negative influences of fake news are evident in 
public discourse on social and political events [21,55]. Fake news refers 
to demonstrably false information that is explicitly used to deceive 
consumers [54,68]. Its spread may lead individuals to accept inaccurate 
information as true, which has been shown to influence opinions and 
actions [3,25]. There are numerous prominent examples of the 
real-world consequences of disinformation campaigns [52,63]. The 
spread of fake news is expected to continue to increase, and its influence 
is therefore expected to grow – increasingly affecting individuals, or
ganizations, and society.

A key factor contributing to the rise of fake news is the popularity 
and widespread use of social media platforms [28]. In traditional media 
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environments, journalists function as gatekeepers and are tasked with 
upholding the standards for the quality of information published in 
official media outlets. In contrast, social media enables users to create 
and disseminate information without adhering to journalistic principles 
or editorial oversight. As a result, large volumes of unverified and 
potentially misleading information circulate on social media platforms 
[65].

The trend is particularly problematic because the human ability to 
detect fake news is flawed. Individuals tend to accept fake news as true 
without critical scrutiny [38]. Moreover, confirmation bias leads users 
to perceive content as more credible when it aligns with their preexisting 
beliefs, opinions, and mental models [19,25,32]. Additional factors – 
such as previous exposure [59], rhetorical devices [9,45], familiarity 
[18], cognitive laziness [60], affective engagement [42], or mood [18] – 
have further negative impacts on our ability to evaluate fake news. 
Owing to these vulnerabilities, social media platforms have a re
sponsibility to assist users in navigating the high volume of fake news.

Social media platform operators and researchers have recognized the 
growing threat of this problem, promoting the development and eval
uation of different intervention types. These interventions are designed 
to support users in verifying information and to provide additional in
formation surrounding the fake news stories. Although initial positive 
effects of such interventions have been observed, their overall effec
tiveness remains unclear [55]. For instance, previous research has 
shown that users frequently disregard warnings of fake news and source 
credibility ratings due to confirmation bias [19,34,49]. Further, Burel 
et al. [13], Wang et al. [74], and Pal and Banerjee [57] suggest that 
corrective information (such as fact-checks and the rebuttal of rumors) 
to reduce the spread of disinformation has limited effectiveness. Yet, 
other studies indicate that warning labels are effective in fighting fake 
news. Such labels can increase user skepticism during exposure to fake 
news [38]. Also, the inclusion of additional verified information can 
draw attention to the deceptive elements of a fake news story [11]. To 
better understand what makes these interventions effective against fake 
news, further research into how social media users process information 
is necessary.

Individuals use personal mental models to represent complex phe
nomena and events internally [38]. Research suggests that novelty and 
timing of information exposure are key factors influencing the formation 
of mental models. For instance, users tend to adopt new information – 
whether fake or accurate – into their mental models [11,38]. While 
browsing through social media, users tend to minimize cognitive effort 
and rarely engage in critical evaluation of the content they see. This is 
because social media are often used primarily as entertainment media 
that confront users with high volumes of information. Such conditions 
are problematic, as correcting previously accepted information as cor
rect requires substantial cognitive effort [38]. In sum, social media users 
tend to adopt information as true easily and subsequently struggle to 
revise their existing mental models. This highlights the importance of 
the sequences in which individuals encounter information and its in
fluence on mental model formation.

Theoretical arguments on the timing of interventions generally fall 
into two camps. The first is grounded in inoculation theory [39,40]. 
Inoculation theory posits that information presented before exposure to 
fake news can serve as a cognitive “vaccine,” making users more resis
tant to disinformation. Interventions – such as warnings or additional 
information – are most effective when presented before exposure to a 
fake news story. This is because the first piece of information encoun
tered serves as an anchor that influences subsequent judgments [33]. 
This approach aims to foster skepticism toward false information [39].

In contrast, the second camp draws on research into the misinfor
mation effect [15], which suggests that presenting fake news first, fol
lowed by an intervention, may be more effective. According to this view, 

newer information is more readily retrieved and can overwrite earlier 
memories [15].

To ensure the effective use of interventions against fake news, it is 
essential to understand the underlying information processing behavior 
and its possible consequences better – particularly over time and in 
terms of its long-term effectiveness. Yet, to date, such empirical research 
contributions are missing. This is congruent with a recent call for lon
gitudinal empirical IS research into interventions against fake news 
[24]. Thus, we ask

RQ1. What influence does the order of information presented to social 
media users as part of an intervention against fake news have on their 
immediate perceptions of fake news and how do these perceptions 
evolve over time?

RQ2. What is the impacts of the order of information on the integra
tion of fake news and verified information into users’ mental models?

To answer these questions, we combined two intervention strategies 
(warnings and verified information) and investigated whether the order 
in which they were presented influenced information processing and 
mental model formation. Building on existing research, we derived 
theoretical hypotheses and tested them through a longitudinal online 
study. Our results reveal that the order of interventions significantly 
influences the perception of fake news. Specifically, presenting a 
warning and verified information after exposure to fake news leads users 
to assess the false information as less believable and to adopt fake news 
less into their mental models. Further, when verified information is 
presented after the exposure to fake news, the verified information tends 
to persist longer in social media users’ mental models. However, our 
results indicate that the effectiveness shrinks over time as users tend to 
forget the information that was displayed to them.

Our findings contribute to both research and practice. For re
searchers, we provide new insights on the underlying information pro
cessing processes during interventions against fake news. In contrast to 
previous studies (e.g., [58]), which have typically focused on immediate 
effects or single intervention types, our work adopts a longitudinal 
perspective to investigate how different sequences of interventions in
fluence the persistence of information over a two-week period. For 
practitioners, our results provide evidence-based recommendations for 
designing more effective interventions against fake news. By demon
strating the benefits of combining warning messages with verified in
formation and highlighting the importance of intervention orders’ 
long-term effects, we present actionable strategies than can help miti
gate the spread and negative consequences of fake news for individuals, 
organizations, and society.

2. Theoretical background

2.1. Fake news and how users create mental models

Two key characteristics define fake news: inauthenticity and 
deception [23]. Fake news contains verifiably false information that is 
deliberately spread [68]. Disinformation is essentially the same as fake 
news, as both involve the deliberate spread of false information in order 
to deceive [2]. Unlike misinformation, which is incorrect information 
shared without an intention to deceive, fake news is crafted to mislead 
[2]. Rumors are potentially unverified pieces of information that spread 
informally and may not have an explicit intention to deceive [57]. Un
like a lie, which typically involves a single statement or claim, fake news 
encompasses entire stories, articles, or reports designed to appear 
legitimate [68]. Over time, fake news can lead to enduring myths and 
false beliefs becoming embedded in culture [66].

Fake news can take various forms, including texts, images, audio 
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files, and videos that have been altered or taken out of context [26,54,
68]. A sensation-oriented design often attracts potential readers’ 
attention [65]. A significant problem with fake news is that users believe 
it without recognizing that it is not based on facts. For instance, we tend 
to accept information when no contradictory information is available 
[38]. Even when contradictory information is presented, as Pal et al. 
[57] demonstrated in their study on online health rumors, users are 
more likely to believe a rumor than a counter-rumor.

To understand the processes through which fake news becomes 
ingrained in a user’s memory, mental models must be understood. “A 
mental model is an internal representation or simulation that people 
carry in their minds of how the world works” ([35], p. 16). Mental 
models are cognitive constructs that are built dynamically and are based 
on a person’s memory and the current context in which they operate 
[29]. Mental models go beyond merely retaining isolated facts—they 
represent interconnected, dynamic cognitive structures that enable in
dividuals to interpret information, draw conclusions, and make pre
dictions [29,35]. While information retention refers to the ability to 
recall specific details, mental model formation involves actively pro
cessing and organizing this information into a coherent framework [38]. 
This distinction is crucial, as an effective intervention against fake news 
should not only enhance information retention but also facilitate the 
restructuring of mental models.

However, owing to the constraints of working memory and vari
ability between personal experiences, these models are often functional 
but may lack precision or completeness [35]. Further, mental models are 
influenced by the information that individuals can access at the time of 
use, which can further impact their accuracy and completeness [35]. 
Thus, contact with fake news often leads to false information becoming 
part of a person’s current and future mental model. Questioning or 
correcting mental models involves substantial cognitive effort [38]. 
Recent research shows that interventions that encourage deeper cogni
tive engagement – beyond just clicking – help users reconsider false 
beliefs [70].

Dual process theory distinguishes between two cognitive systems 
used for information assessment. System 1 processes are fast, automatic, 
effortless, emotionally charged, and heuristic. In contrast, System 2 
processes are slower, reflective, controlled, efficient, and rational [30]. 
However, because our cognitive abilities are limited [36], we primarily 
use System 1 thinking in our daily lives [72]. This is especially true for 
social media, as the high information density in social media (many 
posts with different information in brief intervals) would otherwise 
result in high use of cognitive resources [44]. This explains our tendency 
not to evaluate fake news in social media properly, but to accept it 
directly into our mental models [38].

Reliance on System 1 thinking may also explain why users are more 
likely to hold on to a rumor, even when they are exposed to both a rumor 
and a counter-rumor [33,57]. The fast, automatic processing of infor
mation often makes us easy to influence, owing to rhetoric’s persuasive 
and manipulative elements [53], such as the original rumor. Question
ing false information usually uses more cognitive resources than we are 
willing to allocate.

2.2. Interventions against fake news

The problem of fake news has already been recognized in research 
and practice, and different intervention measures have been presented. 
Ng et al. [55] identified three classes of measures. First, 
community-level measures motivate users to identify fake news and stop 
its spread [55]. For instance, Gimpel et al. [23] showed that social media 
platforms can use social norms to encourage users to report fake news. 
Second, account-level measures stop the spread of fake news by limiting 
possible actions by malicious user accounts [55]. This includes blocking 

accounts [37] or disabling the function of sharing content [21]. Third, 
content-level measures highlight information or provide additional 
corrective information about fake news [55]. There has been research 
into different warning label types (e.g., [50,51]), ratings of sources (e.g., 
[32]), fact-checking [13], the rebuttal of rumors [13], and additional 
information (e.g., [22]).

In particular, flagging with warning labels has been studied widely 
[21]. This approach seeks to nudge people to engage more deeply with 
suspect content rather than relying on heuristics. For instance, Garrett 
and Poulsen [20], as well as Moravec et al. [49], showed that flagging 
can reduce belief in and intention to share fake news. However, the 
overall research results have been mixed. While Arendt et al. [5] showed 
that warning labels reduce the perceived accuracy of fake news among 
politically left-leaning individuals, they could not demonstrate this ef
fect for politically right-leaning individuals. Ross et al. [64] and Mor
avec et al. [51] also failed to show a significant effect of flagging with 
warning labels on perceptions of fake news. While they demonstrated 
that warning labels can increase cognitive activity, they could not 
observe any effect on perceived believability owing to confirmation bias 
[51]. Further, warning labels can backfire. For instance, research shows 
that exposure to warning labels can increase general skepticism, making 
even truthful news more likely to be viewed as manipulated [64].

Another approach is to provide additional verified information and 
related articles to help people assess the accuracy and correct possible 
misconceptions. Qualified institutions, such as fact-checking organiza
tions, can manually provide verified information [43]. Another com
plementary approach focuses on behavioral strategies: Prompting users 
to form implementation intentions, specific “if–then” plans, has been 
shown to increase fact-checking before sharing content significantly [6]. 
The use of artificial intelligence to identify fake news [17,62] and sub
sequent extraction of verified information from related articles from 
credible sources is also an option [79]. Gimpel et al. [22] showed that 
the additional provision of related articles improves users’ identification 
of fake news in social media.

In contrast, however, studies have also shown that corrections can 
have a negative effect and can make us more likely to believe fake news, 
as preference-incongruent information can lead us to develop arguments 
in favor of our own opinions, strengthening our beliefs [56].

In sum, research has provided no clear evidence of the effectiveness 
of interventions against fake news. While the research has contributed 
greatly to our understanding of different interventions’ effectiveness, 
including a recent systematic review by Hartwig et al. [27], we need to 
deepen our understanding of the cognitive processes that influence user 
perceptions.

2.3. Combining the flagging of fake news with additional verified 
information

We use mental models to process complex situations and events. 
Mindlessly scrolling (i.e., processing in System 1 instead of reflecting 
critically on the provided information) leads to the phenomenon that 
false information can be falsely and subconsciously adopted and 
accepted into mental models [11,38]. While fake news warning labels 
can increase attention in the short term [48], social media users cannot 
form a correct mental model of a situation by receiving only a warning 
label and no other information. Thus, we are forced to form a mental 
model based on false information and to tag it with a negation tag [38]. 
When we later access our mental model on the issue, we can only 
retrieve the false information and the negation tag. However, the 
memory of the negation tag can be lost over time because it is less 
frequently reinforced and is processed as secondary information, 
compared with the original false information. The initial false infor
mation is encoded more strongly owing to its higher salience, while the 
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negation tag is more vulnerable to cognitive biases and less robust 
reinforcement, making it easier to forget [24,38]. Thus, only the false 
information remains in the mental model, and it may be perceived as the 
truth. For interventions to be successful and sustainable, it is necessary 
to enable individuals to build a correct mental model.

We further drew on the results of research into propaganda. In our 
context, the psychological inoculation process describes two key ele
ments: First, a warning label increases people’s attention and caution 
and puts them in a state of resistance [40]; second, additional verified 
information allows them to compare false information with verified 
information [39]. It is crucial to combine these two elements, because a 
warning label increases caution and motivates us to process information 
actively, that is, to use System 2 thinking to create a correct mental 
model based on verified information.

3. Hypothesis development

3.1. The influence of information sequence on information processing

In addition to the informational content itself, the order in which 
information is presented plays a crucial role in information processing. 
From a cognitive consistency perspective, new information that con
tradicts existing knowledge leads to inconsistencies in processing in
formation [38]. Resolving these inconsistencies requires comparing the 
prior information with the new input and deriving new meaning – a 
laborious process that consumes cognitive resources and requires user 
motivation [38]. Consequently, System 1 thinking often leads in
dividuals to dismiss the new, contradictory information in favor of 
maintaining cognitive consistency. This tendency to reject conflicting 
information reinforces and perpetuates confirmation bias.

In contrast, research on misinformation suggests that individuals 
often adopt incorrect new information over the accurate details they 
initially encountered: “participants tended to report incorrect new in
formation rather than the correct information they originally witnessed” 
([15], p. 585). This phenomenon highlights that new information is 
cognitively more readily available and can overwrite old information [7,
12]. Multiple studies [40,78] have demonstrated this effect, empha
sizing how information processing is susceptible to recent 
misinformation.

Previous research suggests that when we encounter information that 
does not fit existing information, a state of cognitive dissonance is 
created [41]. “Cognitive dissonance occurs when users are presented 
with two pieces of conflicting information that both cannot be true” 
([51], p. 10). Cognitive dissonance creates a conflict, which requires 
cognitive effort to resolve [35,38]. Since we use social media primarily 
for entertainment and pleasure [48], and therefore mainly use System 1 
thinking, we try to avoid cognitive effort [41]. We apply a mental 
shortcut [80]. Thus, if users first see warning labels and verified infor
mation and then fake news, they engage less with the differences be
tween the fake news and the verified information. Since we receive the 
correct information first, there is no motivation to compare the false 
content and to resolve contradictions. The willingness to use System 2 
thinking is reduced in order to save cognitive resources, and the wrong 
information can become an undifferentiated part of our mental model 
[47,80].

An alternative would be to first display fake news, followed by 
warning labels and verified information. In this sequence, individuals 
first process false information and then see warnings and alternative 
information. This order is theorized to induce cognitive dissonance, 
prompting users to evaluate and engage more deeply with the conflict
ing information; thus, they will engage in analytical System 2 thinking 
[47]. Zúñiga et al. [80] emphasize that interventions enhancing 

cognitive engagement can help mitigate the spread of fake news. Simi
larly, Mirhoseini et al. [47] showed that encouraging users to process 
information more analytically reduces their susceptibility to fake news. 
Alon et al. [4] demonstrated that critical thinking lowers the perceived 
accuracy of fake news and influences subsequent online behavioral in
tentions positively. Analytical thinking is therefore necessary to prevent 
the integration of false information into mental models. In contrast, 
when verified information is presented first, users may lack motivation 
to scrutinize subsequent false content and have no incentive to resolve 
the potential conflict. Further, a negation tag can be lost over time [24,
38], diminishing users’ ability to distinguish between verified and false 
information.

However, the cognitive dissonance from receiving fake news first 
nudges us to invest cognitive effort [51]. This process facilitates the 
identification of fake news and encourages prioritization of verified in
formation, thereby decreasing the fake news’ believability. We therefore 
hypothesize

H1a. Providing an intervention with warning labels and verified 
alternative information directly after fake news reduces the fake news’s 
believability during exposure compared to providing an intervention 
before the fake news.

H1b. Providing an intervention with warning labels and verified in
formation directly after fake news reduces the fake news’s believability 
over time compared to providing an intervention before the fake news.

Successful interventions against fake news should reduce its believ
ability during exposure and protect against the long-term believability 
of the fake news. For this purpose, it is necessary to establish a correct 
mental model. At first glance, intervening after fake news seems coun
terintuitive, as research has shown that it is hard to correct an existing 
mental model [38]. Yet research also indicates that the more pro
nounced a mental model is, the harder it is to correct [73]. On social 
media, where news articles often consist of aggregated and concise in
formation (e.g., 280 characters for nonsubscription users of X), the time 
between exposure to fake news and exposure to an intervention is 
typically a few seconds at most.

We suggest that the time available during initial exposure to fake 
news is insufficient to build a stable mental model that would require 
later correction. Instead, the information is processed together with 
additional verified information to build a mental model. The effect of 
more intensive System 2 thinking triggered by a discrepancy between 
fake news and verified information activates higher cognitive resources 
for conflict resolution. This leads users to engage longer and more 
intensively with the verified information, enabling them to identify 
problematic aspects of fake news stories. We therefore propose that the 
System 2 thinking (triggered by showing verified information after fake 
news) fosters the adoption of verified information instead of the fake 
news. As a result, information processed through System 2 thinking 
contributes to the formation of robust and enduring mental models that 
can be retrieved more reliably over time. We therefore hypothesize

H2a. Providing an intervention with warnings and verified informa
tion after exposure to fake news results in less integration of fake news into 
the mental model than intervening before exposure to fake news.

H2b. Providing an intervention with warnings and verified informa
tion after exposure to fake news leads to more integration of verified in
formation into the mental model than providing the intervention before 
exposure to fake news.

Fig. 1 summarizes the hypotheses in relation to the respective un
derlying theories.
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4. Method

We conducted a longitudinal online study to investigate our hy
potheses in two phases. In phase 1, we exposed the participants to fake 
news in combination with different interventions and measured short- 
term effects. Phase 2, which took place two weeks later, examined the 
effects over time. We conducted a pre-test with nine participants before 
phase 1. We used the feedback to evaluate the comprehensibility of the 
instructions, the material, and the procedure, and revised them 
accordingly.

4.1. The participants

For phase 1, we recruited participants from the United States via 
Amazon Mechanical Turk (MTurk) in August 2022. We chose MTurk for 
its broad accessibility and ability to recruit a diverse sample swiftly, 
ensuring reliable data collection when appropriate screening measures 
were applied [1]. The participants received $3.50 in monetary 
compensation. Phase 2 took place two weeks later. The two-week gap 
was chosen to assess the longer-term effects and the retention of the 
intervention. This timeframe represents a “stable and generalizable es
timate of social life” ([76], p. 287) and has been used in previous IS 
studies concerned with the long-term impacts of stimuli [10,14]. In 
contrast, the immediate effects were captured after a five-minute in
terval in phase 1, consistent with IS studies on short-term reactions to 
stimuli [75]. The participants received another monetary compensation 
($2.00) for their participation.

To ensure high data quality, we selected experienced and reliable 
workers (based on a worker’s approval rating and the number of 
approved tasks) and implemented several attention checks. First, a 
question at the start of the survey contained an instruction in the text not 
to select any answer to the question. If the question was answered, the 
study was terminated. Second, the participants described how they 
evaluated news believability in an open-text question. The first author 
reviewed the participants’ responses to filter out invalid or nonsensical 

responses (e.g., good study). We removed three participants owing to 
invalid responses. Third, we checked which participants were already 
familiar with the general topics and news stories provided in the survey 
and were therefore unsuitable as participants (because they already 
possessed mental models of the subject).

We excluded 23 participants who did not meet the initial criteria and 
focused on those with no prior knowledge of the general topics relating 
to the fake news stories. We also removed 60 responses from participants 
who indicated familiarity with at least one of the presented fake news 
stories. Ten participants who had never used social media were also 
excluded. Ultimately, we included only those who participated in both 
phases 1 and 2. The initial sample consisted of 622 participants. After 
the attention checks, the final sample comprised 484 participants, with 
287 in the main treatments and 197 in the additional control treatments. 
All participants were from the United States. The sample mostly com
prises employees (n = 307) and self-employed individuals (n = 89), with 
an average age of 44.60 years. Of the participants, 52 % were female (n 
= 254) and 45 % were male (n = 218); 3 % preferred not to disclose (n =
12); 56 % (n = 272) self-rated politically as rather liberal and 44 % (n =
212) as rather conservative. More details are provided in Appendix A.

An institutional review board evaluated the study’s ethical aspects 
and confirmed that the study does not affect the participants’ physical or 
psychological integrity.

4.2. The tasks

In phase 1, we exposed the participants to news stories, of which 
three were fake. The fake news stories were self-developed to ensure that 
the participants were unfamiliar with the stories and did not yet have a 
mental model. We checked whether all the news was new to the par
ticipants and excluded individuals who claimed to already know at least 
one story. After each article, we measured the news’s perceived 
believability. Asking about a story’s believability after each article could 
prime the respondents to be more critical of the next story. To address 
this, we randomized the order of the news articles. After a filler task 

Fig. 1. Schematic presentation of the development of the hypotheses.
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(lasting about 5 min), we asked them questions about the news content 
and what they believed happened in each story. This step measured the 
information that entered the participants’ mental models. In phase 2, the 
participants were asked again, after two weeks, what they believed 
happened in each story, to measure the interventions’ impacts on their 
mental models over time.

4.3. The treatments

We confronted the participants with two fake news interventions and 
varied their orders to observe differences in the perceived believability 
and the emerging mental model. To test our hypotheses, we used a 
between-subjects design with three main treatments: 

(1) Control treatment: No intervention.
(2) Ex ante intervention: The participants were first shown the 
warning label and verified information, and then the fake news story.
(3) Ex post intervention: The participants were first shown the fake 
news story, and then the warning label and additional information.

We randomized the assignment of participants to the treatments. The 
number of participants per treatment varied slightly between 92 and 
100. To exclude the influence of other variables on the results, we tested 
for the structural equality of the three treatments. We performed an 
ANOVA (for age, political orientation, and social media usage) and χ2 

tests (for gender, education, and occupation). At a significance level of 5 
%, no differences between the treatments can be observed; thus, we 
assume structural equality. Appendix B contains the results regarding 
the structural equality of treatments.

We used two additional control treatments with only warning labels 
and no verified information to isolate the verified information’s in
fluences. Since these effects were not the focus of this work, we 
considered only the control treatment and the interventions with veri
fied information (i.e., the three main treatments), as follows. (A 
description of the additional treatments appears in Appendix C.)

4.4. The material

We developed 21 social media posts. We based the design on the 
most popular social media platform, Facebook, to increase realism and 
create a familiar environment. The posts consisted of source, image, 
headline, and lead sentence. However, as in previous studies [34], we 

blacked out the source to make the respondents focus on the content. 
Similarly, we excluded other confounding factors, such as the number of 
likes and comments.

The social media posts were split into three categories. In social 
media, fake news does not occur in isolation but between private and 
real news. We first developed three neutral posts, each containing a 
short video to simulate private posts from the users’ social environment. 
The videos were of cats (length: 30 s), a sunset (length: 30 s), and a time- 
lapse of growing plants (length: 19 s). Second, we created 12 news ar
ticles with correct and verified information from authentic news sour
ces. The posts of these two categories served as the environment in 
which we distributed fake news. Third, we developed six fake news 
articles, two in each of three categories: politically conservative, polit
ically liberal, and without political content. Each participant was 
randomly shown one conservative, one liberal, and one neutral fake 
news story. The fake news articles were self-developed to avoid partic
ipants’ prior knowledge. We also controlled for participants’ prior 
knowledge of all news articles. Appendix D contains all the posts.

In addition to the social media posts, we developed different inter
vention elements. First, we designed a warning label following the ex
amples of Moravec et al. [49] and Grady et al. [24]. We used a stop icon 
to draw each participant’s attention to the potential threat of fake news 
and showed a text explaining that the information in the article was 
false. Thus, we communicated clearly to the participants that this was 
fake news. Second, we implemented verified information for the events 
in each fake news article, following Gimpel et al.’s [22] design. Thus, 
three more news headlines were displayed with an image, again with the 
sources blacked out. A caption that indicated that the articles contained 
verified information was also displayed to avoid confusion.

Finally, we varied the order in which the interventions were dis
played in accordance with our treatments. For ex ante interventions, we 
followed Grady et al.’s [24] approach. The fake news article was blur
red, and the intervention was displayed as an overlay. Further, to make 
it clear that the upcoming news article contained false information, the 
participants had to actively confirm that they had acknowledged the 
warning label and the verified information and that they still wanted to 
see the fake news articles. Without this acknowledgment, the partici
pants could not proceed with the study. The fake news article was dis
played first for the treatments with ex post interventions, with the 
warning label and the verified information displayed below it. Fig. 2
contains an overview of the materials in the different treatments.

Fig. 2. Overview of the intervention design in each treatment.
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4.5. Independent variables and controls

Prior knowledge and familiarity with topics: To better understand how 
different intervention styles affect the mental model formation, we first 
ensured that the participants did not have a mental model by measuring 
their familiarity with the study topics. We adapted a five-point Likert 
scale for self-reporting on Internet know-how by Kang et al. to our 
content topics [31]. Across all measures, we used the original Likert 
scales in order to remain consistent with prior research. We measured 
how familiar the participants were with the topics by providing five 
discrete answers: (1) I’ve never heard of it; (2) I’ve heard of this but I 
don’t know what happened or is happening; (3) I know what happened 
or is happening, but I don’t know any specifics; (4) I generally know 
about it and know some of the specifics; and (5) I am very well informed 
about it.

Familiarity with the topics: In addition to familiarity with the topics, 
we measured whether the participants already knew the specific news 
articles to rule out the presence of an existing mental model. We used 
Grady et al.’s scale [24] to track the recognition of news articles, with 
the available answers being yes and no.

Confirmation bias: To measure confirmation bias, we used the 
approach suggested by Kim and Dennis [32], which consists of impor
tance and position. We measured the perceived importance of the news 
article for the participant along a seven-point item (Do you find the issue 
described in the article important?) (1 = not at all to 7 = extremely) and 
multiplied it by the participant’s position (–3 = extremely negative to 
+3 = extremely positive). The resulting scores varied between –21 and 
+ 21 [32].

Political orientation: We assessed political orientation using the cor
responding scale by Wohl and Branscombe [77] based on an eight-point 
item (Politically, I would say I am … [1 = very liberal to 8 = very 
conservative]).

Social media usage: To measure the regularity of social media use, we 
used the corresponding scale by Gimpel et al. [23] based on a six-point 
item (How often do you use online social networks (e.g., Facebook, 
Twitter, or Instagram) in your everyday life? [1 = never to 6 = several 
times a day]).

4.6. Dependent variables

Believability: To measure the perceived believability of each news 
story, we used the established seven-point Likert scale by Kim and 
Dennis [32], which consists of three items.

Mental model: A mental model can be a complex and multifaceted 
construct. However, we controlled the participants’ lack of mental 
models. To measure which of the information shown during the study 
participants had in their mental models, we used a simplified recogni
tion test analogous to the one used to study the misinformation effect 
[69]. To assess mental model formation, we did not merely measure the 
participants’ ability to recall specific information, but also examined 
how they connected different pieces of information and integrated them 
into a consistent mental framework.

After exposure to the fake news and the various interventions, we 
asked the participants to respond to a simulated conversation. The 
response options were designed to differentiate between mere retention 
of facts (e.g., I heard that…) and the integration of verified knowledge 
into a coherent narrative. This approach allowed us to analyze whether 
the participants had simply remembered individual pieces of informa
tion, or whether they had constructed a mental representation of the 
event. By distinguishing between information retention and mental 
model, we gain deeper insights into the long-term effectiveness of in
terventions against fake news. To increase realism, we formulated them 
like questions from another person, simulating a conversation on the 
topic (e.g., I heard that a hydrogen train was recently introduced. Do you 
know how the presentation went?). We provided five response options, in 
random order: (1) with the content from the verified information, (2) 

with the content from the fake news story, (3) and (4) with new fictional 
content that was not previously shown, and (5) a response that no 
credible information was received. Thus, we could distinguish whether 
participants had adopted fake news stories, verified information, or 
neither into their mental models.

Recognition of the articles: To measure which parts of an article and an 
intervention were remembered after exposure, we developed a custom 
five-point Likert scale to capture how well they remembered the article, 
the warning label, and the verified information (e.g., Do you remember 
seeing a warning message [during the first session] stating the infor
mation in this article was found to be false? [1 = definitely no to 5 =
definitely yes]). We report all the scales in Appendix E.

4.7. The procedures

4.7.1. Phase 1
In step 1 in phase 1a, we informed the participants that they were 

participating in a study on social media behavior. We deliberately did 
not mention fake news. We then asked them about their previous 
knowledge of the news articles’ topics. They then underwent a tutorial 
in which we explained the individual components of a social media post. 
Depending on the treatment, we provided them with an explanation of 
the included intervention elements. The tutorial sought to ensure that 
participants understood which information types they would see during 
the study.

Step 2 was exposure to news. Here, we showed the participants nine 
news articles in random order: six real news articles and three fake ones. 
After every third news article, we showed one of the short videos. 
Depending on the treatment, the posts contained interventions. After 
seeing each post, we asked the participants about the article’s believ
ability and their potential confirmation bias.

Step 3 was a filler task. The participants had to solve a 7 × 4 memory 
game in under five minutes. To increase their cognitive effort, the goal 
was to find the corresponding solution to simple mathematical equations 
(e.g., 25 – 8 and 17). After five minutes, the participants could continue 
even if they had not finished the task yet. Such filler tasks are used in 
research to empty participants’ short-term memory and to simulate the 
passage of time [73]. This procedure allowed us to observe the in
terventions’ short-term effects.

Fourth, in phase 1b, we measured the mental model for three real 
and the three fake news stories. The adjustment from six to three real 
news stories between the phases was made to reduce the experiment’s 
complexity while ensuring that the primary focus remained on evalu
ating the interventions’ impacts on the fake news over time. While the 
participants were not incentivized to provide specific or socially desir
able responses, they were informed that, during the mental model 
measurement, they could receive a small bonus of $0.10 per correct 
answer. This incentive was introduced solely to encourage engagement 
with the content during the mental model measurement and did not 
influence the participants’ initial responses during exposure to news and 
other measurement steps. We also ensured that they would not receive 
the information regarding their achieved individual bonus until the end 
of phase 2 (regardless of participation), so that they could not draw any 
conclusions regarding the news articles.

Fifth, through article recognition we checked how the believability 
had changed and whether the participants could remember the original 
articles and interventions. For this purpose, we showed them the three 
fake news articles again and three real news articles in random order. 
Here, the articles were shown in a reduced form (i.e., without pictures), 
so that the participants would focus only on the content and would not 
recognize the pictures. We also added six new real news articles. As in 
step 2, we asked the participants about each news article’s believability. 
Thus, we asked them if they remembered the exact article, the warning 
label, and the verified information.

Phase 1 ended with a short survey on demographic characteristics.

C. Olenberger et al.                                                                                                                                                                                                                             Information & Management 63 (2026) 104256 

7 



4.7.2. Phase 2
We followed Grady et al.’s [24] example, using a two-week period to 

observe long-term changes in the interventions’ effects. We informed the 
participants via e-mail about possible participation before the start of 
phase 2. In phase 2, the renewed measurement of the mental model 
began directly after a brief introduction, followed by the article recog
nition test. The procedure was identical to that in phase 1. Fig. 3 sum
marizes the study design.

5. Results

5.1. Descriptive data analysis

An initial descriptive analysis revealed a clear distinction between 
the treatment groups. Fig. 4 illustrates the mean believability of the fake 
news per treatment across different points in time for each participant. 
The intervention groups had a lower average perceived believability of 
fake news. The descriptive data suggest that this difference is 

particularly pronounced during exposure to fake news and decreases 
over time. Regarding the order of interventions, the ex post intervention 
consistently had the lowest believability. The results show that this ef
fect decreases over time. Appendix F contains a detailed descriptive 
analysis, while Appendix G contains a descriptive overview of the data.

Fig. 5 visualizes the measurements of the mental models. We 
considered the number of fake news stories adopted into each partici
pant’s mental model, in other words, the number of fake news stories 
selected by the participants as answers in a conversation on the topic. 
This yielded a value between zero (no fake news story was adopted into 
their mental model) and three (all fake news stories were adopted into 
their mental model). The descriptive results reveal that the participants 
who had received interventions reported less fake news. Conversely, 
several control treatment participants more often reported two or three 
fake news stories. Further, the ex post intervention treatment shows the 
best results.

Comparing these results with phase 2, we see that the difference 
became smaller, but we observe the same order. In sum, examining how 

Fig. 3. Summary of the procedure of the study.

Fig. 4. Comparisons of the mean believability of the fake news at different points in time. The mean value of the distribution is shown as a horizontal line.
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many participants have taken the verified information into their mental 
models, we see, in phases 1 and 2, that the ex post intervention treat
ment yielded the highest reporting of the verified information.

5.2. The testing of the hypotheses

5.2.1. The effects of the order of the interventions on believability
To test the effects of intervention order during exposure to fake news 

(H1a) and after such exposure (H1b) on believability, we compared the 
different treatments along believability. The Shapiro–Wilk test and the 
Anderson–Darling test [61] suggest that the data were not normally 
distributed. We therefore used a one-sided nonparametric Wilcox
on–Mann–Whitney pairwise comparison. Table 1 contains an overview 
of the results, while Appendix H contains a detailed report of the results.

To test H1a, we compared the average believability of the three fake 
news articles during exposure. The average believability with ex post 
intervention was lower than with ex ante intervention and in the control 
treatment. Compared with the control treatment, both the ex post 
intervention (p-value < 0.001) and the ex ante intervention (p-value <

0.001) show a significant positive effect. Further, we see a much 
stronger positive effect on believability of the ex post intervention than 
of the ex ante intervention (p-value < 0.001), supporting H1a.

To examine the intervention orders’ effects over time, we look at the 
average perceived believability in phases 1b and 2. Phase 1b’s results 
show that both the ex post and the ex ante interventions led to signifi
cantly lower believability (p-value < 0.001 for both tests) than the 
control treatment. At the same time, the data show that the ex post 
intervention had a significantly larger positive effect on the fake news’s 
believability than the ex ante intervention (p-value = 0.005). This effect 
decreased over time. Phase 2′s results still show a reduction in believ
ability in the ex post and the ex ante interventions compared with the 
control treatment (p-value = 0.002 and p-value < 0.001). Two weeks 
after the exposure, we also observe a significant difference between the 
intervention types (p-value = 0.049), confirming H1b.

5.2.2. The effects of intervention order on the formation of mental models
To test the effects of the order of intervention on the mental models, 

first, we compared how many fake news stories were adopted by the 

Fig. 5. Overview over the mental model measurement per treatment at different points in time. Numbers vary from zero (the participant adapted no fake news story/ 
verified information into their mental model) to three (they adapted all fake news stories/verified information into their mental model).

Table 1 
Results of the one-sided Wilcoxon-Mann-Whitney pairwise believability comparisons.

Believability Mean Standard deviation p-values (Wilcoxon–Mann–Whitney)

Control Ex ante intervention Ex post intervention

Phase 1a 
(H1a)

Control 4.569 1.024 — < 0.001 *** < 0.001 ***
Ex ante intervention 2.785 1.280 ​ ​ — < 0.001 ***
Ex post intervention 2.220 1.176 ​ ​ ​ ​ —

Phase 1b 
(H1b)

Control 4.972 1.174 — < 0.001 *** < 0.001 ***
Ex ante intervention 3.512 1.469 ​ ​ — 0.019 *
Ex post intervention 3.022 1.509 ​ ​ ​ ​ —

Phase 2 
(H1b)

Control 4.743 1.404 — 0.002 ** < 0.001 ***
Ex ante intervention 4.050 1.604 ​ ​ — 0.049 *
Ex post intervention 3.766 1.521 ​ ​ ​ ​ —

+ p < 0.1.
* p < 0.05.
** p < 0.01.
*** p < 0.001.
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participants into their mental models. Second, we compared how many 
verified information stories were adopted. The Shapiro–Wilk test and 
the Anderson–Darling test [61] revealed that the data were not normally 
distributed. We therefore used a one-sided nonparametric Wilcox
on–Mann–Whitney pairwise comparison. Tables 2 and 3 summarize the 
results.

To test the ex post intervention’s effects on fake news integration into 
the mental models, we considered the number of fake news stories 
adopted by the participants into their mental models in phase 1b The 
evaluation of the Wilcoxon–Mann–Whitney pairwise comparison with 
the control treatment shows that both treatments led to less fake news in 
a participant’s mental model (p-value < 0.001 for both tests). However, 
a direct comparison of the intervention types shows no significant short- 
term reduction of fake news in the mental model (p-value = 0.102).

Further, we considered the results from two weeks later (phase 2). 
Both interventions continued to have significant positive effects (p-value 
< 0.001 for both tests) compared with the control treatment. A direct 
comparison of the intervention types shows a significant positive effect 
of the ex post intervention on the integration of fake news stories into 
the mental models over time (p-value = 0.017), partially supporting 

H2a.
To examine the effects of the ex post intervention on the adoption of 

the verified information into the mental model, we considered the 
number of verified information stories recalled in the mental models. We 
observe in phase 1b that participants in the ex post intervention treat
ment were able to recall the verified information in the mental model 
more often than in the ex ante intervention treatment. Thus, a 
Wilcoxon–-Mann–Whitney pairwise comparison shows a statistically 
significant difference (p-value = 0.012). However, the effect decreased 
over time. In phase 2, we see more verified information adopted into the 
mental model in the ex post intervention treatment compared to the ex 
ante intervention, but the effect was not statistically significant (p-value 
= 0.069), partially supporting H2b. Table 4 summarizes all the empirical 
results.

To complement our analysis, we conducted an exploratory exami
nation of demographic influences on the perception of fake news (see 
Appendix I). While gender, age, occupation, and education showed no 
significant effects, political orientation was consistently associated with 
higher believability ratings, and social media usage showed a significant 
positive relationship in the later study phase. These findings suggest that 
individual differences, particularly political orientation and social 
media usage, may influence how fake news is perceived. However, as 
this was not our primary focus, these results should be interpreted with 
caution. The additional analysis (detailed in Appendix I) provides 
further context, but does not establish causal relationships. Researchers 
are encouraged to explore these factors in greater depth to better un
derstand their role in the processing of misinformation. A supplemen
tary analysis of potential outliers, which does not affect the results, can 
be found in Appendix J.

6. Discussion

The empirical results confirmed our hypothesis that intervention 
with a warning message and verified information after the exposure to 

Table 2 
The results of the one-sided Wilcoxon–Mann–Whitney test comparing the fake news adoption into the mental model.

Number of fake news articles adopted into their mental models Mean Standard deviation p-values (Wilcoxon–Mann–Whitney)

Control Ex ante intervention Ex post intervention

Phase 1b 
(H2a)

Control 1.889 0.891 — < 0.001 *** < 0.001 ***
Ex ante intervention 0.696 0.835 ​ — 0.102 ​
Ex post intervention 0.573 0.830 ​ —

Phase 2 
(H2a)

Control 1.434 1.042 — < 0.001 *** < 0.001 ***
Ex ante intervention 0.925 0.837 ​ — 0.017 *
Ex post intervention 0.725 0.871 ​ —

+ p < 0.1.
* p < 0.05 

** p < 0.01.
*** p < 0.001.

Table 3 
Results of the one-sided Wilcoxon–Mann–Whitney test comparing the adoption of the verified information into the mental models.

Number of verified information adopted into their mental models Mean Standard deviation p-values (Wilcoxon–Mann–Whitney)

Control Ex ante intervention Ex post intervention

Phase 1b 
(H2b)

Control 0.192 0.420 — < 0.001 *** < 0.001 ***
Ex ante intervention 1.000 1.119 — 0.012 *
Ex post intervention 1.375 1.172 —

Phase 2 
(H2b)

Control 0.313 0.547 — < 0.001 *** < 0.001 ***
Ex ante intervention 0.935 0.953 — 0.069 +

Ex post intervention 1.133 1.032 —

Notes: The control treatment contained no verified information.
+ p < 0.1.
* p < 0.05 

** p < 0.01.
*** p < 0.001.

Table 4 
Overview of the hypotheses and the empirical results.

Theoretical hypotheses Empirical 
results

H1a Ex post intervention reduces the fake news’ believability 
compared to ex ante intervention (during exposure)

Supported

H1b Ex post intervention reduces the fake news’ believability 
compared to ex ante intervention (over time)

Supported

H2a Ex post intervention reduces the integration of fake news 
into the mental models compared to ex ante intervention 
(over time)

Partially 
supported

H2b Ex post intervention increases the integration of verified 
information into the mental models compared to ex ante 
intervention (over time)

Partially 
supported
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fake news (ex post) results in lower believability than the same inter
vention before the exposure (ex ante), even though the same informa
tion is displayed. This is consistent with the findings of Pal et al. [58], 
who also observed that the timing of counterarguments influences how 
individuals process and accept rebuttals. Specifically, they found that 
counterarguments presented after a rumor – analogous to our ex post 
intervention – are more effective in changing perceptions of credibility 
and persuasiveness.

Per our hypothesis, respondents engaged more deeply with the in
formation when attempting to correct the false information they had 
initially encountered. This aligns with the findings of Moravec et al. 
[51], who showed that cognitive dissonance – triggered by conflicting 
information – drives users process and correct disinformation more 
thoroughly. This deeper engagement with the validated information 
facilitates its integration into mental models, consistent with Kahne
man’s [30] System 2 thinking. Recent research on fake news further 
supports this mechanism, showing that interventions that promote 
deeper cognitive engagement – beyond superficial interaction – can help 
users reconsider and revise false beliefs [70]. Our results extend these 
findings by showing sustained effects over time. Deeper processing, 
driven by the need to resolve the conflict between false and true infor
mation, helps to integrate verified information more effectively into 
users’ mental models while reducing the incorporation of fake news. 
Thus, providing corrective information after exposure to false content 
leads to more robust and lasting updates to mental models. This supports 
the theoretical perspective that effective interventions must consider the 
sequence of information presentation to maximize cognitive engage
ment and the correction of disinformation [35,47].

When the participants first received the fake news articles, they were 
more likely to resolve the conflict created by the following verified in
formation by activating System 2 thinking and recognizing the prob
lematic aspects of the fake news stories. This process is analogous to how 
Zúñiga et al. [80] described user elaboration as facilitating deeper 
cognitive processing and increased corrective action. Besides the posi
tive effect on believability during exposure to fake news, we also 
observed a lasting effect over time. Our observation of a lasting effect of 
interventions over time is notable, because it contrasts with the findings 
of Grady et al. [24], who reported that the impacts of both ex ante and ex 
post interventions when a single warning message was used diminished 
over time and that no significant difference remained between the two 
intervention types.

We found evidence that an intervention administered after exposure 
to fake news (ex post) leads to reduced adoption of the fake news stories 
into users’ mental models. However, this effect only becomes visible 
over time. After two weeks, we see more clearly that participants who 
received the ex post intervention integrated significantly less fake news 
into their mental models than those who received the intervention be
forehand (ex ante). This delayed effect is expected, as under both 
intervention conditions (ex post and ex ante) the participants had a 
clearer short-term memory of what they had seen (e.g., the warning 
labels) five minutes after the exposure to fake news – resulting in smaller 
initial differences. Yet, over time, the ex post intervention led to a lower 
incorporation of fake news into the participants’ mental models and a 
stronger integration of verified information. This suggests that the 
cognitive dissonance triggered by conflicting information promotes 
deeper cognitive processing [47,51]. In contrast, the ex ante interven
tion appears to primarily support the retention of warning labels without 
fostering the same depth of cognitive engagement. These findings 
reinforce the view that mental model formation does not occur merely 
through exposure to information, but requires active cognitive recon
ciliation between previous and new knowledge. Over time, this con
tributes to a more accurate mental representation and a reduction in the 
retention of fake news.

Second, the participants adopted more verified information into 
their mental models after exposure to fake news when the intervention 
occurred after the fake news story. Because the participants engaged 

with the information more intensively when the intervention occurred 
after the exposure to fake news, they could recall the correct information 
more easily later [8]. However, this effect weakened over time. 
Although we observed a positive effect, it was no longer significant after 
two weeks. Admittedly, the challenge for the participants in phase 2 was 
high. They had to recall externally provided information that they had 
no personal connection with, and that was shown to them two weeks 
earlier as part of a single social media post. Thus, it seems plausible that 
the gap narrows over time without repeated exposure. This interpreta
tion is consistent with recent findings that deeper cognitive engagement 
is necessary to support retention [70].

Third, owing to the differences in the mental models, we also see 
reduced believability of fake news stories. This effect was also signifi
cant after two weeks. It may seem counterintuitive that we see no sig
nificant differences in perceived believability, although the participants 
adopted less fake news into their mental models. This phenomenon 
aligns with our expectations that the cognitive dissonance from first 
receiving fake news nudges users to invest cognitive effort [51]. This 
behavior helps them identify the problematic fake news content and 
reduce the adoption of false information into their mental models, 
reducing the fake news’ believability during exposure and over time.

Fourth, to examine the interventions’ effects on the perception of 
real news, we also investigated whether there were differences in the 
real news’s believability between the treatment groups and the control 
group. This allowed us to analyze whether the interventions against fake 
news had unintended effects on the perception of real news. However, 
the Kruskal–Wallis test for phases 1a, 1b, and 2 revealed no significant 
differences in the real news’s believability between the groups. Thus, the 
interventions specifically influenced the perception of fake news 
without affecting the real news’s believability. Appendix K contains 
detailed information.

Our findings suggest that well-designed interventions can reduce 
disinformation’s impacts without fostering skepticism toward real news. 
Previous studies indicate that, in the absence of source cues, clarity, 
coherence, and logical structure shape credibility judgments [34,38]. 
Cognitive fluency (i.e., the ease of processing information) also plays a 
key role [60]. By improving the presentation and structure of verified 
content, future interventions could better facilitate cognitive fluency 
and engage System 2 processing, making it easier for individuals to 
process and accept accurate information. This is particularly relevant in 
cases where real news is initially rejected because it contradicts an in
dividual’s existing beliefs. When encountering such news, individuals 
often avoid the cognitive effort required to resolve confirmation bias, 
leading them to dismiss the information rather than integrate it into 
their worldview. However, interventions that encourage deeper 
analytical processing—such as prompting users to actively compare 
conflicting pieces of information—could help lower this resistance. 
While we did not directly test this, the literature suggests that fostering 
analytical thinking can reduce resistance to counterintuitive informa
tion [60]. Thus, interventions that promote deeper processing may both 
combat fake news and encourage a more reflective approach to the 
consumption of real news.

In sum, the order in which an intervention is presented impacts the 
perception of fake news. The use of an intervention directly after 
exposure to fake news leads to the participants believing the fake news 
less, adopting it less into their mental models, and continuing to believe 
it less after the exposure without influencing the perception of real news. 
A comparison using only a warning label is provided in Appendix L.

6.1. Contributions to theory

The current body of knowledge on interventions against fake news 
follows two main theories, which we have incorporated into our study 
(see Fig. 1). Inoculation theory suggests that individuals should be 
forewarned against potential fake news and that this fake news should 
be pre-emptively debunked [39] . Yet research shows that negation tags 
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can be lost over time, limiting long-term effects. Also, recent IS research 
has utilized dual process theory to propose that active cognitive 
engagement (System 2 thinking) with fake news can mitigate its 
persuasiveness [53] and can increase interventions’ effectiveness [49]. 
We have extended this knowledge base as follows.

First, we have provided empirical support to show that the order of 
information can influence an intervention’s effectiveness against fake 
news and the perceptions of fake news, particularly over time. Thus, we 
have challenged the conventional wisdom relating to inoculation theory 
that calls for pre-emptive debunking. By investigating over two weeks, 
which “represents a stable and generalizable estimate of social life” 
([76], p. 287), we have contributed longitudinal empirical evidence for 
the design and study of interventions [24]. This extends existing 
knowledge by demonstrating that interventions’ content and sequence 
are critical. Our study goes beyond previous work by showing how 
different intervention sequences affect the durability of mental models, 
providing a deeper understanding of long-term intervention effective
ness. The findings highlight the critical role of information order in 
designing effective interventions, offering a nuanced understanding of 
how interventions can leverage cognitive processes to reduce disinfor
mation [35,80].

Second, we have provided a novel explanation for the cognitive 
process involved in exposure to fake news and interventions, contrib
uting knowledge regarding dual process theory. In particular, we have 
provided insights into how individuals form mental models, what in
fluences intervention order has, and what the consequences are for 
perceived believability over time. We have shown that presenting in
terventions after exposure to fake news triggers System 2 thinking and 
affects the formation and stability of mental models; we suggest that this 
is due to the cognitive dissonance that is created. Our findings are in line 
with the research into cognitive elaboration [80], which showed that 
interventions that enhance cognitive engagement can lower the 
spreading of fake news. Our findings and conclusions may explain why 
warning interventions alone are insufficient for long-term effectiveness 
[51,64]. Instead, we have shown that fostering robust mental models 
through a combination of warnings and verified information in the right 
order is crucial to effectively counter fake news over time.

Our findings on the cognitive processes involved in perceiving fake 
news and the influences of intervention orders add to the emerging body 
of IS research on measures against fake news. Thus, we have responded 
to the call for more research into the cognitive processes involved in 
dealing with fake news and the need for longitudinal empirical studies 
[24]. Our findings can serve as a starting point for developing new in
terventions as well as improving existing approaches.

6.2. Practical implications

Our findings can help practitioners and social media platform pro
viders to develop interventions against fake news. First, warning labels 
alone are insufficient to achieve an enduring effect in the fight against 
fake news. In addition to a warning, verified information should be 
provided to users to help them build a mental model of the situation. 
Second, we encourage developers to incorporate mental processes into 
decision-making when designing interventions against fake news. In 
fast-paced, information-dense environments, users try to save cognitive 
resources through System 1 processing. Thus, platform owners should 
incentivize System 2 engagement for potentially false information.

We have shown that additional information should be displayed after 
fake news to motivate users to invest more cognitive resources and 
engage more with the content. Today, platforms such as X and Instagram 
flag such content in different ways, for instance, through community 
notes, warning labels, or fact-checking results. Our findings could 
inform the design of these platform features. For instance, platforms can 
implement a delayed engagement mechanism that introduces a waiting 
period of a few seconds before users can share or like disputed content. 
Further, research has found that dialogues with chatbots can mitigate 

fake news [16]. Platform providers could implement chat popups 
through which users can discuss disputed news items. Third, in line with 
previous research [24], we observed lower intervention effectiveness. 
Thus, interventions should be used regularly to support social media 
users. While this may be a difficult undertaking, platforms could indi
vidually curate fact-checked news using machine learning or encourage 
re-exposure to personalized fact-checking reminders in a user’s feed. As 
pointed out in previous work, it is unlikely that all users will choose to 
engage with such interventions [16]; these authors therefore suggest 
incentive programs and gamification as future applied work. However, 
we agree with the authors that practical challenges – such as scalability, 
user adoption, and user fatigue from frequent interventions – remain 
unresolved.

6.3. Limitations and future research

Our results have limitations. The design of our study materials is one. 
Our fake news and verified information were designed to show clear 
contrast. Yet the line between fake news and true information is often 
not so obvious, and verified information is not always available. In real- 
world settings, the differences may be smaller than those we observed. 
Future research could verify this in real-world settings.

Further, there were subtle differences between the treatments’ de
signs. In the treatment with the interventions before the fake news (ex 
ante), the participants had to read and actively confirm the intervention 
information and only saw the fake news after confirming. The inter
vention appeared directly below the fake news article in the ex post 
treatment. We cannot eliminate the possibility that this simultaneous 
presentation influenced the results, as the participants were able to 
compare the differences more carefully.

The study duration also limits the generalizability of the results over 
time. The measurements were carried out approximately five minutes 
and two weeks after exposure to the fake news. In phase 1, this allowed 
us to simulate the critical moments when fake news begins to circulate. 
In phase 2, we simulated the situation of users re-encountering fake 
news after a longer period. However, we cannot say whether the effects 
persisted after more than two weeks; yet two weeks is generally 
considered an adequate timeframe for such studies [24]. Further 
research could validate the longevity of our findings and could examine 
a more extended period. Our results showed that interventions’ effects 
declined over the two weeks. Yet it is unclear whether the effects 
continue to decline over time, dissipate entirely, or reach a plateau.

A mental model is a complex construct. We have focused on the 
creation of mental models that do not yet exist. In this context, we 
analyzed information processing. However, participants may still have 
pre-existing biases or general knowledge about broader topics, even if 
they were unfamiliar with a specific news story. For instance, many 
people are likely aware of concepts such as autonomous vehicles, and 
this pre-existing knowledge may have influenced their responses. 
Although we controlled for the news stories in our design, biases cannot 
be wholly eliminated. Nonetheless, this limitation also reflects the 
realistic nature of information processing in social media. In everyday 
life, users may also encounter fake news about a topic for which a mental 
model already exists. For instance, research has shown that phenomena 
such as confirmation bias [32] make it hard to correct an existing mental 
model [38]. Future research could shed light on how users process in
formation that conflicts with existing mental models to better under
stand how fake news works.

Social media users consume information hedonically. While 
increasing realism is certainly desirable in experimental designs, we 
deliberately chose to conduct our experiment in a controlled setting at 
the expense of this desirable real-world condition. Yet our experiment’s 
setting may naturally make participants more focused, which differs 
from typical social media consumption. We assume that this may lead 
participants to rely more on System 2 thinking (deliberate with cogni
tive effort) than in real-world settings. This could lead to the 
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interventions’ effects being underestimated compared to the effects for 
the control group. Further, it could lead to an underestimation of the 
difference between ex ante and ex post warning labels – the latter aim to 
increase System 2 thinking. We are confident that these two effects did 
not undermine our study findings.

It may be valuable to investigate whether interventions that induce 
cognitive dissonance and promote System 2 thinking can also counteract 
confirmation bias in the evaluation of real news. Real news that con
tradicts an individual’s worldview is often rejected automatically, not 
because of its veracity, but owing to ingrained cognitive biases. In
terventions designed to trigger cognitive dissonance may encourage 
more deliberate processing, increasing the acceptance of real news that 
initially appears counterintuitive. This approach could serve as a 
promising strategy to mitigate confirmation bias, ultimately fostering 
more balanced information processing, even in contexts where verifi
able news is typically discounted owing to pre-existing beliefs.

To further advance the understanding of how interventions against 
fake news work, future research could explore additional dimensions 
beyond believability, mental model integration, and article recognition. 
For instance, integrating shareability as a dependent variable may yield 
valuable insights. Shareability measures the likelihood that users will 
share fake news articles – a critical factor given social media’s roles in 
amplifying disinformation. By examining how interventions impact 
shareability, future research could assess whether reducing believability 
and improving article recognition also lowers the likelihood of 
propagation.

7. Conclusions

We have investigated the influences of intervention order in 
combating fake news, emphasizing the importance of understanding 
how users process information to ensure long-term effectiveness. Based 
on theoretical reasoning, we derived hypotheses and validated them 
through a longitudinal study. Our findings demonstrate that altering the 
sequence – whether the fake news story or the intervention is presented 
first – significantly impacts an intervention’s success. Specifically, pre
senting additional information after the fake news stimulates cognitive 
dissonance, prompting System 2 processing, which requires greater 
cognitive effort and fosters the development of clearer, more accurate 
mental models. This study advances the understanding of information 
processing in the context of disinformation and its countermeasures. 
Moreover, our results offer practical implications for reducing the 
adverse impacts of fake news on individuals, organizations, and society.
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