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Abstract

The rise of Generative Al has made the creation and spread of dis-
information easier than ever. In response, the EU’s Digital Services
Act now requires social media platforms to implement effective
countermeasures. However, the sheer volume of online content
renders manual verification increasingly impractical. Recent re-
search shows that combining Al with human expertise can improve
fact-checking performance, but human oversight remains crucial,
especially in domains involving fundamental rights like free speech.
When ground truth is uncertain, Al systems must be both trans-
parent and explainable. While various explainability methods have
been applied to disinformation detection, they often lack human-
centered evaluation regarding their task-specific usefulness and
interpretability. In this study, we evaluate different explainability
features in Al systems for fact-checking, focusing on their impact
on performance, perceived usefulness, and understandability. Based
on a user study (n=406) including crowdworkers and journalists,
we find that explanations enhance perceived usefulness and clarity
but do not consistently improve human-AI performance, and can
even lead to overconfidence. Moreover, whereas XAl features gen-
erally help to increase performance, they enabled more individual
interpretation among experts and lay-users, resulting in a broader

This work is licensed under a Creative Commons Attribution 4.0 International License.
MAD’25, Chicago, IL, USA

© 2025 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-1891-5/25/06

https://doi.org/10.1145/3733567.3735566

variation of outcomes under. This underscores the need for com-
plementary interventions and training to mitigate overreliance and
support effective human-AI collaboration in fact-checking.
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1 Introduction

A provisional agreement has been reached by the European Council
and the Parliament on the proposal for harmonized rules on artifi-
cial intelligence (AI), the so-called AI Act. In Article 13 of the EU AI
Act Transparency and Provision of Information to Users! obligations

'Laying down Harmonised Rules on Artificial Intelligence (AI Act), https://eur-lex.
europa.eu/eli/reg/2024/1689/0j/eng, 09.12.2023.
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are defined for sufficient transparency to enable providers and users
to reasonably understand the Al System’s functioning. Especially,
in domains where a vast amount of information exists, which is
infeasible to screen manually, Al Systems are used for intelligent de-
cision support, to automatically screen and sort information based
on certain characteristics. Therefore, advances in Natural Language
Processing (NLP) and Machine Learning (ML) are increasingly used
for the content verification task to detect disinformation. However,
the automated detection of disinformation articles is inherently
difficult for various reasons. News items may have no clear, discrete
truth value. Rather, the truthfulness of items is on a continuum
between clearly true and clearly false [14, 47]. Furthermore, the
classification of news items depends on the viewer’s prior beliefs
and knowledge about relevant domains, and items can contain sar-
casm and irony which reverse their meaning [46]. Consequently,
the detection of disinformation still requires the involvement of hu-
man judgment. Recent research shows that hybrid human-machine
systems are able to accomplish tasks that neither can do on their
own [14]. In such situations, the human decision-maker usually
oversees the Al system’s performance, which helps to identify news
items that may be problematic. Recent research on explainable Al
(XAI) demonstrates that it can be used to make the black box of Al
algorithms more transparent and enhance human comprehension
of Al classifications or generations. This may promote reliability
and human trust in such systems and can facilitate the adoption
of Al systems for different contexts. However, Miller, 2019 [31]
claims that most explainability research relies on researchers’ intu-
itions regarding what qualifies as a satisfactory explanation, rather
than a user-centered approach that considers the expectations, wor-
ries, and experiences of the user. This is highly relevant, as the
AT Act further requires the integration of meaningful explanations
into Al Systems for users. In this regard, there is no specific clari-
fication regarding the scope of meaningful explanations, leaving
room for interpretation and application across various domains
and contexts involving Al systems. Thus, in this work, we evaluate
human-centric meaningful explanations to enhance the Quality
of Experience (QoE) for intelligent decision support in the fact-
checking context. This study aims to address the following research
questions:

RQ1: Can explanations enhance the perceived QoE in terms of
understandability, and usefulness in a fact-checking system?
RQ2: Are the provided information sufficient to determine the
truthfulness of the given news items?

Overall, this research evaluates the QoE of human-centric ex-
planations based on their perceived understandability and useful-
ness for the fact-checking task. This research provides empirical
evidence on whether explanations help human users when using
Intelligent Decision-Support Systems (IDSS) to increase their ability
to detect disinformation. As such, Al tools with XAI explanations
would prove to be useful intervention methods for fact-checkers.

2 Related Work

Mis-and disinformation is influenced by a country’s constitutional
and legal framework, culture, political context, and public aware-
ness and therefore is difficult to define [28]. The European Com-
mission High-Level Expert Group (HLEG) proposed a distinction
between mis- and disinformation, whereas misinformation refers to
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unintentionally false and inaccurate information shared by individu-
als, and disinformation to verifiable false or misleading information
created, presented, and spread for economic gain or to intention-
ally deceive the public, potentially causing harm?. The information
overload during the COVID-19 pandemic and the Russia-Ukraine
war shows the profound impact that mis- and disinformation can
have on shaping public opinion [36]. Since manual fact-checking on
a large scale is not feasible, crowdsourcing and automatic detection
approaches gained much attention in recent years [17, 35]. Current
research on mis- and disinformation detection employed a variety of
approaches [4]: Propagation-based research is concerned with the
dissemination patterns of mis- and disinformation [24, 53]. Source
analysis approaches focus entirely on the source of mis- and disin-
formation items and allow for early detection [5]. Content-based
approaches extract lexical or syntactic linguistic features, assuming
that mis- and disinformation items tend to use deceptive language
and syntactic styles [16, 40, 44]. Within all these approaches ma-
chine learning approaches and Large Language Models (LLMs) are
used to facilitate the detection of false, deceptive, and hateful con-
tent online [43]. Within the European Union a strong emphasis on
ensuring a human-centric and ethical approach to Al is adopted,
by proposing a legal framework to regulate Al applications. The
so-called AT Act® adopts a risk-based approach by categorizing Al
applications based on different risk categories. For both categories,
limited and high risk, transparency obligations are defined, where
human oversight, transparent Al systems, and explanations are es-
sential [1]. Recent research shows that seeing explanations for the
behavior of automated mis- and disinformation detection systems
can increase the QoE in terms of the perceived usefulness and un-
derstandability of Al-generated predictions and the acceptance and
credibility of a particular detection model [37]. For explainable fact-
checking, one can employ different means to produce justifications
for a model decision, e.g., attention weights, feature importance
methods, logic-based systems, or rationalizing models that generate
natural language explanations [14, 41]. Some evaluations of tex-
tual explanations show that automatically generated explanations
can increase human understanding, trust, and confidence in the
Al system for certain tasks [21]. The human-centered nature of
explainability has sparked rising interest among researchers across
various domains in exploring XAI [7]. The effectiveness and useful-
ness of explanations depend on the perception and understanding
of the person receiving them. This implies that the design decisions
for explaining model results to users need to significantly impact
technical decisions, including design and evaluation, to enhance
the QoE [22]. With the increasing prevalence and importance of
XAl-based solutions, it is crucial to conduct thorough evaluations of
their explainability components for the intended use cases, includ-
ing verifying that the explanations accurately represent the inner
workings of the associated machine learning model (faithfulness),
and confirming that they are truly effective and meaningful for
end-users (plausibility and usefulness). The current focus of XAI
research revolves around developing novel methods to enhance
explainability without compromising high predictive performance

2The 2022 Code of Practice on Disinformation, https://shorturl.at/fEFV2, 09.01.2023
3https://artificialintelligenceact.eu/ai-act-explorer/
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[49], often showing that explanations can enhance users’ under-
standing and trust in machine learning systems [26]. Yet, some
authors contend that the mere presence of explanations can trigger
these effects, irrespective of their substance [11], which could po-
tentially create a false sense of understanding. Furthermore, there
exists an inherent human predisposition towards simpler expla-
nations, which may result in the adoption of systems with more
compelling explanatory outputs instead of more transparent ones
[34]. Overall, the evaluation of human-centric explanations lacks
empirically tested schemes [25]. Thus, it is important to compre-
hensively assess the explanatory methods and artefacts generated
by XAI systems, both prior to and during their deployment in a
production setting [26]. Hence, we focus on the specific context of
mis- and disinformation detection to evaluate which types of expla-
nations are relevant to the task to increase the user’s understanding
of the Al system [12, 23].

3 Methodology

Human-centered explainability evaluations take a human-in-the-
loop approach, where users actively engage with the system to
examine and assess specific attributes. The main goal is to gain
deeper insight into how end-users are likely to perceive the system
by highlighting the strengths and limitations of the XAI approach
and its implementation, along with identifying potential avenues for
improvement [25]. Prioritizing evaluation is critical during the de-
sign, implementation, and deployment of XAI systems, and it must
cover both the technical and human interaction aspects of any ma-
chine learning system. This paper focuses on the human-centered
aspects of XAI evaluation, aiming to identify which types of ex-
planations enhance human engagement in collaborative human-AI
information verification tasks. Thus, we propose an XAl evaluation
schema, which covers relevant human-centric evaluation aspects
[25, 26] in the context of collaborative human-AI disinformation
detection.

Lopes et al. [26] have proposed a taxonomy for XAI evaluation
covering subjective and objective dimensions of post-hoc evalua-
tion of explanations without specifying any concrete context. The
proposed dimensions of human-centered XAI evaluations have not
been empirically tested and remain a theoretical taxonomy without
specifying the concrete constructs and items to be used for applying
the evaluation dimension to a specific context. The dimensions of
understandability and explanation usefulness are presented solely
on a conceptual level without undergoing empirical investigation
or validation. A set of items is comprised of previous literature to
measure the two QoE-related dimensions of perceived explanation
usefulness and understandability. The items in the questionnaire
build on previous multidisciplinary research in the domain of HCI
and XAI evaluation to develop item sets for the evaluation of XAI
features for the content verification task [26, 33, 49].

Understandability is a relevant subjective dimension when evalu-
ating explanations in any context. It can be defined as the capability
to “characterize the relation between the input and output of a
system with respect to its parameters” [13]. Hereby, understand-
ability can refer either to the given task, the understanding of the
underlying function of the Al system, or the explanations given. In
this schema, it refers only to the understanding of the explanations,
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which support the understanding of the Al system prediction. The
understandability is measured by the user’s perceived understand-
ability [38] of the explanations locally for each interaction with the
Al system, and globally when evaluating the overall Al system.

Explanation usefulness is relevant to assess if added explanations
are relevant for improving a given task or not [10]. For the content
verification domain, it is important to create different versions of
the Al system differing in the information and explanations pro-
vided. The usefulness of the explanation is measured objectively
by comparing the user’s performance of the Al systems with dif-
fering explanations given and verifying if the human performance
in detecting mis- and disinformation increases when explanations
are added. Furthermore, the subjectively perceived explanations
usefulness [10] is measured locally after each interaction with the
Al system and also globally when evaluating the overall Al system.

By employing these subjective and objective evaluation metrics,
it becomes possible to assess the impact of explanations on trust
and user preferences, offering valuable insights into the alignment
of human evaluators with the Al system for the mis- and disinfor-
mation detection task.

3.1 Specification of Explanations

It is not only important to provide explanations for a given Al
system output but also to ensure that they are human-meaningful
explanations, since weak explanations that are not comprehensible
for the user might lower their trust, perceived understandability,
and overall performance [26]. Regarding different types of explana-
tions, we distinguish between highlights, free-text, and structured
explanations [52].

Highlights: Highlights mark text segments most influential to
the model’s prediction [52]. We define two types: (1) Truthfulness
Jjustifications, identifying check-worthy claims based on prior fact-
checking work [30], and (2) Emotional content, capturing sentiment,
emotion, and manipulative style [29]. In our interface, these are
shown in yellow and cyan, respectively.

Free-text Explanations: We use expert-annotated, natural lan-
guage rationales—building on fact-checking datasets [18]—to jus-
tify why a news article is classified as true or false, incorporating
commonsense reasoning and paraphrased external sources. Com-
monsense reasoining and expert annotations are collected from
Snopes*. Following a Wizard-of-Oz setup, these explanations simu-
late ideal outputs of rationale-generating systems [39], using fully
human-derived content to assess which explanation types foster
trust and utility in our news dashboard.

Readability: We use the Flesch-Kincaid grade-level score [18] to
estimate text readability, expecting that complex language appears
more often in trustworthy sources. While not critical for detecting
misleading tweets [3], readability remains a useful extrinsic feature
for explainable fact-checking [42, 51]. In our News Verification Dash-
board [45], scores are categorized as Easy (< 10), Medium (10-12.5),
and Hard (> 12.5).

The explanations are integrated into a News Verification Dash-
board, which displays the news article alongside the respective
metadata (domain, title, source, and publishing date), and the truth-
fulness rating of an Al system fact-checking the respective news

“4Fact-Checker: Snopes, https://www.snopes.com/, 09.01.2024
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item. The explanations are displayed next to the Al system rating
and the news item’s metadata. A full description of the technical
framework and News Verification Dashboard can be found here [45].

3.2 Al System Versions

We evaluate the explanations separately to allow for a comparison
of the four evaluation dimensions respectively. We propose three
different versions of an Al system with each of them showcasing
different explainability features.

Version 1 (V1) - Baseline: Does not contain any explanations
and only displays the news item, its metadata, and the automatic
truthfulness rating from the Al system,

Version 2 (V2) - Salient Features: Encloses the information of
version 1, the readability feature, and the two types of highlights,
Version 3 (V3) - Free-Text Explanation: Contains all information
from version 1 and free-text explanations.

To assess the effectiveness of suggested explanation types for con-
tent verification, user studies must include a control group (V1)
that receives no additional explanations regarding the Al system’s
output on truthfulness. The explanations can then be tested indi-
vidually in experimental groups (V2, and V3) to determine their
usefulness for collaborative content verification. The explanations
should be assessed both globally for the overall system and locally
by evaluating each interaction with the Al system individually. The
local and global evaluation of the evaluation dimensions allows
for the analysis of the evaluation dimensions for each news article
separately. Hereby, the effect of the topic on the evaluation dimen-
sions, the Al performance, and the explanations can be analyzed
more in-depth [33].

3.3 Ethical Statement

The experiment emphasized the privacy of participants by not
collecting any personal information. A unique ID was used for each
participant to maintain anonymity. Detailed information regarding
data collection and processing was provided to participants, who
then gave their explicit consent to participate. Participants were
also made aware that they had the right to withdraw from the
study at any time, which would result in the removal of their data.
The ethics committee of faculty IV of the Technische Universitét
Berlin approved the study and with no additional ethical concerns
or requirements.

4 Results

In total, 600 individuals participated in the experiment. 167 partici-
pants have been excluded from the screening task, as they did not fill
out the trapping questions correctly. The responses from 406 partic-
ipants showed correctly answered test questions and are therefore
included in the analysis and assessment of explanations. The exper-
iment was split into three groups, each group receiving only one of
the following versions: baseline version 1 without any explanations,
which involved 133 participants; version 2 with saliency explana-
tions, which included 140 participants; and version 3 with free-text
explanations, which had 133 participants. The reliability of the QoE
evaluation in terms of understandability and usefulness showed
good internal consistency for both the global and local evaluation.
The Cronbach’s « for understandability (local=0.86, global = 0.91)
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and usefulness (local = 0.91, global=0.82) is above 0.7, indicating
a good reliability of the used items loading on the same construct.
Among the 433 participants, 63% identified as female, 36% identi-
fied as male, and 1% identified as belonging to the diverse gender
category. Most of the participants have a university degree 54%, or
high-school degree 40%, are employed 36%, self-employed 32%, or
student 10%, and 45% earn more than 50k € per year. Most of the
participants were between 30 and 50 years old 61, 3%, and 29, 8%
were between 18-29 years old. 8, 8% reported to be older than 50
years.

4.1 Performance

Figure 2 compares the accuracy of the three system versions (V1-V3)
evaluated by crowd workers and professional journalists.
Although accuracy T T S
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Figure 2: Performance.

4.2 Perceived Understandability

The subjective measure of understandability of explanations has
been examined locally after each news item and also globally, in a
more extensive survey at the end of the experiment. After conduct-
ing a Mann-Whitney-U test to examine the statistically significant
differences between the three versions concerning understandabil-
ity (see Figure 1b), increased understandability can be observed for
the salient feature version V2 in comparison to the baseline version
V2 (U-statistics 7470, p-value 0.01)). The perceived understandabil-
ity was the highest when free-text explanations are shown to the
participants (U-statistics 5952, p-value < 0.01). When comparing
the local and the global evaluation of understandability for each
Al system version significant differences are present, whereas the
local evaluation results in significantly higher usefulness ratings
compared to the global evaluation. No significant difference can be
found between the salient and free-text explanations, providing no

SBonferroni correction is applied to p-values avoiding & accumulation error
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Figure 1: Comparison of Al system versions and their influence on the perceived usefulness and understandability (

.0001, ns: p > .05).

indication of which explanation results in increased understand-
ability.

4.3 Explanation Usefulness

For the subjective evaluation dimension explanation usefulness, a
Mann-Whitney-U test showed significant differences between the
Al system V1 one and V2 (U-statistics 7525, p-value < 0.01), and
V1 and V3 (U-statistics 5921, p-value < 0.01). This indicates that
the salient features and free-text explanations positively contribute
to the explanation’s usefulness compared to the baseline version.
However, we find no significant differences between the free-text
explanation and the salient features version, whereas the free-text
explanation version achieves a slightly higher usefulness rating
(mean=6.3) than the salient features version (mean=6.1). When
comparing the local with the global evaluations, similar results can
be observed as the perceived global explanation usefulness was
significantly higher for the crowdworkers with V2 compared to
V1 and V3 compared to V1. The results show that the tested XAI
features in V2 and V3 significantly increase the QoE in terms of
significantly higher perceived understandability and usefulness.
Even though the understandability and usefulness ratings for V3
in comparison to V2 are higher, no significant difference can be
observed. This finding shows that XAI features enhance the QoE,
but no further indication can be made which XAl features contribute
more to a higher QoE based on the results of the crowdsourcing
experiment.

4.4 Qualitative Evaluation

Asking 1) "What criteria do you usually use to judge whether a
news/ article is reliable?" and (2) "What other information would
you like to obtain to better assess the truthfulness of an article?";
"What functionality would be a good addition?". Figures 3 and 4
show the most frequent terms for the respective question. In ad-
dition to the evaluation of selected salient features and free-text
explanations, we incorporated two open-ended questions aimed at
understanding participants’ desires for further XAI features. Given
the similarity in the responses to these questions, we combined the
analysis of the results. For the analysis of the open-ended questions,
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the answers are grouped and ranked according to their occurrence.
In Figure 3 the responses are shown for the question concerning the
first question. The main criterion mentioned within approximately
69% of the answers was the source’s reputation and credibility. Key
terms associated with this criterion include source, credibility, repu-
tation, publish, publisher, reliability, reputable, and credible.About
16% of the responses mentioned fact-checking, using terms like fact,
check, research, or google. Additional criteria included the use of
language (grammar or emotional tone), common sense, the author
of the articles, bias, objectivity of articles, and the use of citations.

The findings from sense content knowledge

the qualitative anal-
ysis of the responses
are in line with

informationusvally
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cerning the addi-
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information required
(see Figure 4), the

most requested additional information was about the article’s
source, including the name of the source, a link to the original
article, the name of the publisher, the type of source (e.g. blog,
online, print), and information about the source’s trustworthiness.
Furthermore, the publication date was also frequently requested.
Participants wanted to see citations and references used by the
article for claims, or a second article or alternative source/Al rating.
Moreover, information about biases or political views of the source
and author are requested and highlighting grammatical and spelling
mistakes were noted. Users expressed interest in more details about
the Al system, including who programmed it, the sources it uses,

Figure 3: 50 most frequent terms in
trustworthiness assessments.

®How to recognize mis- and disinformation, https://shorturl.at/eqR46, 07.02.2025.
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and explanations for its ratings. Additionally, there was a demand
for an Al capable of detecting manipulated images or videos and
identifying Al-generated content. Participants desired the ability to
provide feedback on the Al system’s ratings, mentioning instances
where they believed the system made errors. Also, a feature al-
lowing users to listen to audio versions of articles was suggested,
aligning with digital media trends toward providing Al-generated
audio content’.

The study hy- - ablllty true fake « Sure
pothesized that par- O rm a t I O n
ticipants using the I" re“ab 16 ren eCde WebS|te | e o
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searcl info actual

fulness score com- 2 o
pared to those us- 8 g topic

ing versions with maybe  able Sy Iime
integrated expla- prOm\tlalmdne n eWS xplanatlon

nations. To inves-
tigate this, responses
were specifically
marked as "requests
explanation” whenever participants wanted more detailed informa-
tion on the AI’s scoring process or the criteria it employed. Follow-
ing the categorization, a chi-square test was conducted to assess
the relationship between using the three different XAI versions and
the frequency of explanation requests. The findings revealed that
20.3% of participants in the baseline version sought explanations,
significantly more than those in Version 2 (10.0%) and Version 3
(8.3%), with x%=10.13, p-value< 0.01. This outcome suggests a clear
interest among users for explanations within Al-assisted decision-
making systems.

Overall, the results show, that XAI features increase the use-
fulness and understandability of Al-based fact-checking systems
significantly and contributing to a higher performance in detect-
ing false information. However, there are still several features and
requirements which need to be incorporated, to fulfill all users
needs, as the qualitative evaluation has shown. In the next section,
the requirements are described in more detail by also analyzing
the legal obligations arising from the European AI Act and Digital
Services Act (DSA).

Figure 4: 50 most frequent terms in
user feature and information requests.

5 Recommendations for Designing
Explanations for Enhanced Fact-Checking

With the increasing prevalence of disinformation and the growing
reliance on Al systems for fact-checking, it is imperative to design
Al systems that not only detect disinformation effectively but also
provide users with meaningful transparency utilizing explanations
of their processes. Based on the results of our study, this section
outlines empirically grounded recommendations for designing XAI
features to enhance disinformation detection systems. These rec-
ommendations focus on improving user trust, engagement, and
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understanding while addressing concerns of over-reliance and us-
ability. Additionally, it integrates the legal obligations defined by
the AT Act and DSA, which highlight the need for human oversight,
transparency, and reliability in Al-based fact-checking systems.

5.1 Prioritizing Source Credibility and
Transparency

Our study revealed that the primary criterion participants used
to evaluate the reliability of news articles was the reputation and
credibility of the source, underscoring the critical role of source
transparency in determining trustworthiness. This finding suggests
that explanations should provide clear and detailed information
about the origin of the article, including the publisher’s name, the
reputation of the source, and a link to the original article. Addi-
tionally, systems should clearly indicate the type of source and
disclose potential political biases or affiliations associated with
the publisher or author. Such transparency aligns with user ex-
pectations and enhances the usability of Al-based fact-checking
systems by allowing users to critically evaluate the source’s re-
liability [27]. Moreover, it is important to conduct evaluation of
transparency measures included into Al-based fact-checking sys-
tems. This evaluation should not only consider performance metrics
but also user-specific perspectives such as usefulness, trust, and
understandability [27]. Previous research has shown, that xAl fea-
tures increase trust in Al system outputs even when they are wrong.
This indicates that transparency increases blind trust in Al systems
[47], especially for lay users in comparison to expert users. Thus,
reliability and faithfulness of model outputs are required to provide
meaningful transparency. This aligns with the Al Act’s requirement
for transparency and human oversight, ensuring that users can crit-
ically evaluate the trustworthiness of a source. Systems should also
offer explanations of the decision-making process, including the
datasets and sources used to inform the AI's conclusions, further
fulfilling legal transparency obligations [15].

5.2 Integrating Fact-Checking Tools

Participants noted that fact-checking tools are essential for evaluat-
ing claims. This highlights the importance of providing users with
tools that allow for the independent verification of content on vari-
ous platforms online, like social media and news outlets. To further
strengthen the transparency of fact-checking tools, further evidence
can be retrieved from existing knowledge bases consisting of factual
information. This additional evidence can be shown to the users
as short summaries by also referencing existing fact-checks and
trustworthy sources to linking and cross-verifying existing knowl-
edge effectively [43, 44]. These features may provide an additional
layer of validation, improving the overall usefulness and reliability
of the explanations provided by the system. In line with the DSA’s
requirements for content moderation, these systems should offer
transparency regarding how decisions are made and provide ref-
erences that substantiate claims. Fact-checking tools must ensure
reliability and robustness, achieved through high-quality, diverse
data and advanced model architectures that generalize well across
various contexts [9].
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5.3 Addressing Bias and Objectivity

Participants expressed a desire to discern not only the factual ac-
curacy of news articles but also whether the content is presented
in a balanced and neutral manner. The third requirement journal-
ists stated to use LLMs for fact-checking, and is also demanded
by the AI Act is the handling of biases. Different biases need to
be considered: (i) Data biases which can contain historical biases
when trained on large datasets reflecting and reproducing histori-
cal biases, and also representation bias where subgroups might be
under- or overrepresented, which can skew outputs [32]. Thus, the
biases in training data need to be considered and explored how the
model outputs are affected by skewed data distributions towards
certain classes and labels. (ii) Algorithmic or model bias concerns
the architecture and training process of LLMs [6]. For instance,
models might favor more frequently occurring patterns in the data,
ignoring minority viewpoints. Additionally, LLMs might perpetuate
stereotypes present in the training data, reinforcing harmful biases
in their outputs [54]. (iii) Selection biases, where the source used
for training data might have inherent biases. LLMs might prioritize
information from sources with higher visibility or perceived credi-
bility, which might not always be neutral or balanced. Additionally,
the confirmation bias, where the model might favor information
that confirms existing beliefs or widely held views, potentially ig-
noring contradictory evidence needs to be considered when using
LLMs for fact-checking. (iv) Contextual biases pose further chal-
lenges where LLMs might struggle with understanding context and
nuance, leading to misinterpretation of ambiguous statements or
satire as factual information [20]. (v) Similarly, cognitive biases and
framing effects where LLMs might give undue weight to the initial
information they process, leading to biased fact-checking results
[19]. This can be addressed by using only diverse and representa-
tive training data, deploying bias mitigation approaches before and
during the training process, and human oversight and collaboration
by using human knowledge to ensure the correctness of the results.
For achieving correctness of the results, Al-based fact-checking sys-
tems should provide explanations that explicitly address potential
biases in the articles or their sources. Publishing political affiliations
of the editor or author, identifying emotionally charged or biased
language within the article, and offering a neutrality or objectivity
rating based on content analysis could help to overcome this issue
[16]. Providing users with such insights empowers them to criti-
cally assess the balance of the information presented, potentially
enhancing the overall effectiveness of the Al system in detecting
disinformation. The AI Act also emphasizes the need to address
bias, ensuring that Al systems are fair and unbiased, which might
be achieved through careful selection of training data, algorithmic
transparency, and human oversight[19, 20].

5.4 Enhancing System Transparency and
Robustness

A key finding from our study is the strong user interest in under-
standing the internal workings of the Al system. This was especially
evident in the baseline system (V1), where a substantial part of the
participants requested more detailed explanations about how the
Al determined its truthfulness scores, significantly more so than in
the systems with integrated explanations. To address the need for
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system transparency, Al tools should offer detailed explanations
of their decision-making processes, including information about
the datasets and sources used to inform the system. Moreover,
the Al system should clearly articulate the reasoning behind the
truthfulness score, allowing users to understand how and why spe-
cific judgments were made [47, 48, 50]. To ensure accurate outputs,
disinformation detection systems must prioritize robustness and
reliability, as required by both the AI Act and DSA. One of the key
requirements is the robustness and reliability of results. Robustness
in this context refers to the model’s ability to maintain performance
and produce accurate, reliable outputs under varying conditions and
potential adversities. This can be achieved by training or fine-tuning
the models on highly qualitative and diverse data, containing a wide
range of topics, and contexts to improve generalization performance
and minimize potential biases. Moreover, robust training processes,
including data augmentation, regularization techniques, and fine-
tuning strategies, help enhance the model’s ability to generalize
well across different scenarios. But also the design and complexity
of the model architecture play a crucial role in its robustness. Ad-
vanced architectures like transformers with attention mechanisms
have shown improved robustness in handling diverse and complex
inputs. Moreover, by adding contrasting layers the factuality of
generalization outputs (e.g. for summarization tasks) can be signif-
icantly improved, and the risk of hallucinations reduced [9]. For
robust and reliable outputs, contextual understanding, resilience to
noise, adaptability, error handling, and scalability to handle large
volumes of data need to be considered and monitored when using
LLMs for Al-based fact-checking systems. This also includes fine-
tuning models on diverse datasets and using advanced architectures
like transformers to handle complex inputs. Reliable outputs must
be able to withstand noise and variations in data, ensuring that
the Al system performs well across different scenarios. Addition-
ally, error-handling mechanisms should be integrated to ensure the
reliability of Al-based fact-checking systems [2, 6].

5.5 Implementing User Feedback Mechanisms

Participants expressed a desire to provide feedback on the Al sys-
tem’s decisions, particularly in cases where they believed the Al
made an error. This feedback may also help improve the system’s
accuracy and responsiveness over time. The requirement of user
feedback is especially apparent in detecting generated or manipu-
lated content, such as text, images, or videos, while this collabora-
tive framing also conforms with the AI Act’s (Chapter III. Article
14) requirement for human oversight and engagement. Moreover,
this contributes to the required "risk management" efforts, consider-
ing automated fact-checking tools as "high-risk applications" with
their impacts on fundamental rights, such as the right to accurate
information and freedom of expression and possible legal ramifi-
cations for the fact-checkers in accordance with the local media
regulations. Additionally, XAI offers an educational benefit by en-
abling fact-checkers to identify emerging patterns associated with
manipulative content—patterns that may not yet be formalized in
fact-checking guidelines. This is especially evident in e.g. detecting
generation and manipulation artefacts that the human eye has dif-
ficulty identifying, or manipulative narrative-based formulations
which are not obvious without longer inspection, which is usually
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not feasible in the fast-paced fact-checking environment. Therefore,
disinformation detection systems should incorporate mechanisms
that allow users to flag instances where they believe the Al has made
an incorrect decision and to offer feedback on specific truthfulness
scores. Involving users in the system’s ongoing development not
only improves the accuracy of Al classifications but may also foster
a sense of collaboration, where users feel more empowered and
engaged in the fact-checking process. The Al Act mandates human
oversight in high-risk applications like automated fact-checking,
making transparency critical for accountability. Incorporating feed-
back mechanisms, where users can flag errors or provide input, not
only enhances system transparency but also contributes to ongoing
system improvements, as required by the DSA [46].

5.6 Providing Article Summarization and Audio
Versions

Several participants suggested incorporating features such as ar-
ticle summarization and the ability to listen to audio versions of
articles. These suggestions align with broader digital media trends,
where users increasingly prefer to consume content in more flexible
formats. Al systems could enhance usability by offering automat-
ically generated summaries of articles, allowing users to quickly
understand the key points. Additionally, providing a text-to-speech
option, which enables users to listen to articles, would enhance
accessibility and cater to a wider range of user preferences. En-
suring accessibility and inclusion in these features is crucial, as
it allows people with diverse abilities and needs to engage with
information on equal terms and promotes a more inclusive digital
environment [8]. The AI Act supports inclusivity and accessibility,
encouraging Al systems to be designed with features that cater to
people with disabilities. Ensuring non-discriminatory access, in-
cluding through text-to-speech options, aligns with the Act’s goal
of making Al systems more usable for all individuals, including
those with disabilities.

5.7 Educating Users on Al System Limitations

Although detailed explanations reduced the need for further clar-
ification, there is a risk of users becoming overly reliant on the
system. Our findings suggest that explanations, while improving
the perceived usefulness and understandability of the Al do not
necessarily lead to better human-AI performance and may even
contribute to overdependence. Therefore, it is essential to educate
users on the limitations of Al systems by including educational
prompts or materials that explicitly highlight the potential lim-
itations in the system’s analysis, such as the possibility of false
positives or contextual misunderstandings. Additionally, explana-
tions may involve the encouragement of users to cross-check Al
decisions with their own judgment. Providing this education could
help promote critical thinking and mitigate the risk of over-reliance
on algorithmically generated outputs, ensuring that critical human
oversight remains central to the fact-checking process. This sup-
ports critical thinking and ensures that human oversight remains
central to the fact-checking process, as mandated by the AI Act [47].
The recommendations and requirements outlined above provide a
comprehensive framework for designing XAI features that enhance
disinformation detection. By prioritizing transparency, reliability,
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and bias mitigation, XAI systems can improve user trust and en-
gagement while addressing legal requirements set forth by the Al
Act and DSA. The empirical validation of these recommendations
will ensure that Al systems and human oversight work together to
effectively combat mis- and disinformation.

6 Discussion and Conclusion

Overall, our results indicate that XAl features significantly enhance
the (QoE) in fact-checking decision support systems, particularly in
terms of perceived understandability and usefulness. Consequently,
we can answer our research questions as follows:

RQ1: Can explanations enhance the perceived QoE in terms of
understandability, and usefulness in a fact-checking system? V2 and
V3 showed significantly higher ratings for both, understandability
and usefulness in comparison with the baseline version V1. Thus,
we can conclude that explanations help to increase the QoE. How-
ever, based on the findings from the crowdsourcing experiment,
no conclusion can be drawn which XAI feature is more suitable.
For V3 containing free-text explanations higher ratings have been
observed, but they are not statistically significant.

RQ2: Are the provided information sufficient to determine the
truthfulness of the given news items? The qualitative analysis of the
open-ended questions shows that further information is required
to make final judgments of whether the presented information is
fake or not. Hereby, the source, original article, publication date,
further references and citations and more information about the
underlying functioning of the Al system are required to rely on the
Al-system truthfulness rating.

Finally, we can conclude that XAI features increase the QoE in
terms of understandability and usefulness, but further information
is required to rely on Al-systems for the human-AI collaborative
fact-checking task. However, while explanations improve user expe-
rience, they do not necessarily lead to better human-AI performance,
and in some cases, they can foster over-reliance. To mitigate this,
our recommendations emphasize the importance of transparency,
reliability, and bias mitigation in designing XAl-enhanced systems,
aligning with the legal obligations of the AI Act and the DSA. In par-
ticular, XAI systems should prioritize source credibility, integrate
fact-checking tools, and address bias to improve user trust and en-
gagement. Moreover, transparency regarding Al decision-making
processes and robust feedback mechanisms are critical for system
reliability and user collaboration. Enhancing usability through fea-
tures such as article summarization and text-to-speech options
further aligns with broader inclusivity goals, ensuring accessibility
for all users, including those with disabilities. It is also essential
to research the design and usability of XAI in fact-checking with
a strong focus on Human-Computer Interaction; through this re-
search insights into the successful implementation of these systems
could be gained. Lastly, educating users about the limitations of Al
systems is essential to prevent overdependence and to encourage
critical human oversight, as mandated by the AI Act.

Overall, the integration of these recommendations will improve
the effectiveness of disinformation detection systems and contribute
to a better synergy between Al systems and human oversight in
the fight against disinformation.
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