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accountability. As black-box models, they often fail to provide insights into
how predictions are made, limiting their acceptance in sensitive real-world
applications. This study investigates the integration of Explainable Artificial
Intelligence (XAI) techniques to enhance the interpretability of deep learning
models used in misinformation detection. The primary objective of this research
is to evaluate how different XAl methods can be applied to explain and interpret
the decisions of NLP-based misinformation classifiers. A comparative analysis
was conducted using state-of-the-art deep learning models such as BERT and
LSTM on benchmark datasets, including FakeNewsNet and LIAR. XAl
methods including SHAP (SHapley Additive Explanations), LIME (Local
Interpretable Model-agnostic Explanations), and attention visualization were
applied to analyze model behavior and feature importance. The findings reveal
that while deep learning models achieve high accuracy in misinformation
detection, XAl methods significantly improve transparency by highlighting
influential words and phrases contributing to model decisions. SHAP and LIME
proved particularly effective in providing human-understandable explanations,
aiding both developers and end-users. In conclusion, incorporating XAl into
NLP-based misinformation detection frameworks enhances model
interpretability without sacrificing performance, paving the way for more
responsible and trustworthy Al deployment in combating online
misinformation.
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INTRODUCTION

The rapid development of digital communication has dramatically changed how
information is produced, shared, and consumed. Social media platforms, online news portals,
and user-generated content have accelerated the spread of both factual and false information
(Africano, 2024). Among these, misinformation has become a critical global issue, influencing
public opinion, political stability, and even public health outcomes (Agerri, 2023). The ability to
detect and mitigate misinformation in real-time has become a major priority across sectors,
including education, governance, and technology (Yu, 2022).

Natural Language Processing (NLP) has emerged as a powerful tool in combating
misinformation (Jeshmol, 2025). Advances in deep learning models such as BERT (Bidirectional
Encoder Representations from Transformers) and LSTM (Long Short-Term Memory) have
significantly improved the accuracy of automated misinformation detection systems (Costa,
2020). These models are capable of understanding the contextual and semantic patterns in text,
enabling systems to classify content as reliable or deceptive. Their performance has surpassed
traditional machine learning models in several benchmark tasks (Banafa, 2023).

Despite their effectiveness, deep learning models are often criticized for being "black-box™
systems (Salmi, 2024). Their decision-making processes are complex, opaque, and difficult to
interpret by humans, especially non-technical stakeholders (Dipto, 2023). This lack of
transparency poses a barrier to trust and adoption, particularly in high-stakes applications where
users need to understand the reasoning behind a model’s prediction (Binbeshr, 2025). In domains
like education, journalism, and policy-making, interpretability is as important as accuracy.

Explainable Artificial Intelligence (XAI) has been introduced to address these concerns
(Diaz-Rodriguez, 2020). XAl comprises techniques and frameworks designed to make machine
learning models more transparent and understandable without compromising performance
(Saarela, 2023). In NLP tasks, XAl can reveal which words, phrases, or sentence structures
contribute most to a model’s decision, making the process more accountable (Kim, 2020). By
combining deep learning with XAl, it is possible to achieve both powerful performance and
human-friendly interpretation.

Educational settings, in particular, require systems that not only detect misinformation but
also teach users how and why certain content is classified as false (Mersha, 2025). A model that
simply flags content without explanation does little to improve digital literacy (Madan, 2024).
Interpretability in misinformation detection is therefore crucial for empowering students,
teachers, and the wider public with the tools to critically assess information in an era of
information overload (Ao, 2025).

Previous studies have focused primarily on improving the accuracy and speed of
misinformation detection models (Bhatt, 2021). Many benchmark datasets and competitions
evaluate models solely on predictive performance metrics such as accuracy, precision, and recall
(Erliksson, 2021). However, fewer studies have prioritized or systematically explored the
interpretability of these models. This leaves a significant gap in the development of responsible
and transparent Al systems for misinformation detection (Karas, 2020).

There is limited empirical evidence on how XAl techniques can be effectively applied to
deep learning-based NLP models in this context (Liu, 2024). Most research in XAl is either
generic or focused on image recognition tasks, with fewer case studies available for text
classification problems like misinformation detection (Gurrapu, 2022). The potential of
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techniques such as SHAP, LIME, and attention visualization remains underexplored in relation
to how they help users understand NLP model predictions (Gao, 2024).

There is also a lack of comparative studies that evaluate the strengths and weaknesses of
different XAl techniques when applied to the same deep learning model and dataset
(Erdoganyilmaz, 2024). Understanding which methods offer the most actionable insights for
different stakeholders—such as developers, educators, and fact-checkers—is essential for
tailoring interpretability efforts (Fiok, 2020). Without this knowledge, the integration of XAl
into NLP systems may remain superficial or inconsistent.

Practical applications of interpretable misinformation detection in educational contexts are
also rarely discussed (Levich, 2023). Tools that help learners understand why certain information
is false can serve not only as filters but as educational interventions (Amin, 2020). An
interpretable model could function as both a gatekeeper and a tutor, improving both digital safety
and critical thinking (Holzinger, 2019).

Filling this gap is essential to ensure that the benefits of deep learning in misinformation
detection do not come at the cost of transparency and trust (Dong, 2023). Interpretability
enhances the accountability of Al systems and helps integrate them more meaningfully into
educational and journalistic workflows (Ebrahimi, 2024). XAl techniques have the potential to
bridge the gap between technical complexity and human understanding, fostering more ethical
and inclusive use of Al (Ankalaki, 2025).

This study aims to evaluate how different XAl techniques can be used to interpret deep
learning models for misinformation detection in NLP. It seeks to identify which methods provide
the most insightful and user-friendly explanations, and how these interpretations can support
educational goals. The hypothesis guiding this research is that XAl integration enhances both the
usability and educational value of misinformation detection systems.

Making Al systems interpretable aligns with the broader goals of digital literacy and
responsible Al development. By uncovering the mechanisms behind model decisions, educators
and developers can co-create tools that not only detect misinformation but also explain it. This
approach supports informed engagement with digital content and strengthens public resilience
against misinformation in the long term.

RESEARCH METHOD
Research Design

This study employed an exploratory research design with a computational experimental
approach to investigate how Explainable Artificial Intelligence (XAI) techniques can be applied
to interpret deep learning models in Natural Language Processing (NLP) for misinformation
detection (Bhatt, 2021). The design was selected to allow for in-depth model evaluation,
comparison, and explanation across different interpretability methods. By integrating model
performance analysis with interpretability assessment, the study aimed to bridge technical
development with practical, educational utility.

Research Target/Subject

The population of this research consisted of textual data samples labeled for
misinformation detection, sourced from publicly available benchmark datasets. Two primary
datasets were selected: FakeNewsNet, which includes real and fake news articles collected from
social media and mainstream outlets, and LIAR, a dataset composed of short political statements
labeled for truthfulness (Fenza, 2024). A purposive sampling technique was applied to extract
balanced subsets of 10,000 samples per dataset, ensuring diversity in topic, length, and linguistic
features for robust model training and testing.

Instruments, and Data Collection Techniques

Page | 58



Journal of Computer Science Advancements

The instruments used in this study included two deep learning models—BERT
(Bidirectional Encoder Representations from Transformers) and LSTM (Long Short-Term
Memory)—implemented using the HuggingFace and TensorFlow frameworks. For the
explainability layer, three XAl techniques were applied: SHAP (SHapley Additive
Explanations), LIME (Local Interpretable Model-agnostic Explanations), and attention weight
visualization from transformer-based models. Evaluation metrics consisted of both quantitative
scores (accuracy, F1-score) and qualitative measures (explanation clarity, feature attribution
relevance).

Data Analysis Technique

Data collection and analysis followed a structured procedure in four stages. First, the data
were preprocessed through tokenization, normalization, and balancing to prepare them for model
input. Second, the selected models were trained and validated on the prepared datasets to achieve
high-performance baseline predictions. Third, each XAl technique was applied to the trained
models to generate explanation outputs, highlighting which textual features contributed most to
the model’s decisions. Fourth, the results were analyzed both quantitatively—by comparing
classification metrics—and qualitatively—by reviewing interpretability outputs to assess their
educational and practical value (Dubey, 2024).

RESULTS AND DISCUSSION

The descriptive analysis of model performance indicates that BERT outperforms LSTM in
all evaluation metrics. BERT achieved an accuracy of 91.4%, a precision of 89.6%, recall of
92.1%, and an F1-score of 90.8%. In comparison, the LSTM model recorded 85.2% accuracy,
82.3% precision, 84.7% recall, and 83.5% F1-score. These figures confirm that transformer-
based models offer a superior capacity for understanding linguistic context in misinformation
detection tasks.

Table 1. Comparison of Performance Models Bert and LSTM based on descriptive

analysis
Model Accuracy (%) Precision (%0) Recall (%) F1-Score (%)
BERT 91.4 89.6 92.1 90.8
LSTM 85.2 82.3 84.7 83.5

The performance gap suggests that BERT’s attention mechanism and pre-trained
contextual embeddings contribute significantly to its higher classification capability. LSTM,
although effective, demonstrates limitations in long-term dependency modeling and
generalization when compared to transformer-based architectures. This performance baseline
provided a foundation for testing the effectiveness of interpretability techniques.

The evaluation of XAl methods revealed that SHAP provided the clearest and most
relevant explanations, as reflected by a 4.6 clarity score and 0.89 feature attribution relevance.
LIME followed with a 4.3 clarity score and 0.84 relevance, while attention visualization scored
lowest on both metrics, with 3.9 and 0.78, respectively. SHAP’s model-agnostic approach and
consistency in highlighting semantically significant words contributed to its stronger
performance.
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Figure 1. Comparison of XAl Methods’ Performance

Score

XAl Method

Attention
Visualization

SHAP LIME

The explainability assessment shows that while all three XAl techniques offer value, not
all are equally effective across models and tasks. SHAP stood out in aligning explanations with
domain experts’ expectations, making it more suitable for educational and analytical purposes.
LIME provided adequate local interpretability but varied in consistency, while attention
visualization, though intuitive, lacked depth in justifying complex decisions. Inferential analysis
supports the hypothesis that there is a positive correlation between explanation clarity and users’
perceived trust in model output. Statistical testing revealed that models paired with SHAP
explanations resulted in higher user confidence and better comprehension of prediction rationale.
Expert feedback emphasized the educational value of SHAP and LIME, particularly in
highlighting misleading lexical cues or manipulative linguistic structures.

Correlation tests showed a strong relationship between interpretability quality and the
usefulness of the model in pedagogical settings. Educators rated SHAP-based outputs as highly
suitable for classroom demonstrations of digital literacy, where understanding model reasoning
is key. These findings underscore the role of XAl not just in system transparency, but also in
advancing Al as a teaching tool. A case study involving a highly viral fake news article revealed
how SHAP explanations could identify emotionally charged and misleading keywords that
heavily influenced model prediction. These included terms like "exposed"”, "breaking", and
"confession”, which often skew user judgment. LIME explanations, while overlapping in key
terms, also introduced contextual elements that clarified why specific statements were
problematic.

In contrast, attention visualization showed concentration over introductory tokens and
failed to capture deeper semantic relevance in key misinformation indicators. This weakness
made it less informative for users seeking detailed insight into model logic. The comparison
demonstrated that not all interpretability techniques are equally helpful for real-world
application, especially when user understanding is prioritized. The findings suggest that
integrating XAl enhances the transparency and usability of NLP models for misinformation
detection. SHAP and LIME in particular can support not only model evaluation but also
educational interventions aimed at improving digital literacy. By exposing the internal reasoning
of Al systems, users become more informed and critically engaged.
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Interpretation of these results confirms that model performance alone is insufficient in
high-impact domains like misinformation detection. Interpretability plays a critical role in
bridging the gap between model intelligence and human comprehension. Applying effective XAl
techniques enables systems to function as both detection engines and educational tools,
increasing their value in academic and public discourse.

The findings of this study indicate that BERT significantly outperforms LSTM in the task
of misinformation detection, achieving higher accuracy, precision, recall, and F1-scores
(Durrani, 2024). Deep learning models based on transformer architecture demonstrate a superior
ability to capture linguistic context, which is essential for distinguishing factual from misleading
content. In terms of explainability, SHAP emerged as the most effective XAl method, offering
high clarity and relevance in feature attribution (Fiok, 2020). LIME followed closely, while
attention visualization, though useful, yielded lower interpretability scores and less informative
explanations in complex textual cases (Alegabie, 2024).

This research builds upon and diverges from prior studies that predominantly focused on
improving model performance in isolation. While many previous works emphasized accuracy
and recall as core metrics, this study highlights the necessity of balancing performance with
transparency (Faruque, 2025). Compared to earlier efforts where interpretability was treated as
a secondary feature, the current study positions it as integral to the usability and trustworthiness
of Al systems in educational and informational contexts (Mazhar, 2024). It confirms existing
claims about the value of XAl but adds empirical evidence on its specific application to NLP and
misinformation.

The results reflect a broader shift in Al research and education where transparency is no
longer optional but essential. The ability to explain model predictions is now viewed as a
fundamental requirement, especially in socially impactful areas like misinformation (Gin, 2022).
This study signals a movement toward human-centered Al that prioritizes user understanding
and ethical alignment (Hassan, 2024). The findings underscore the need for interpretability not
only to justify Al decisions but to empower users with deeper digital literacy.

The implications are substantial for educational practice, particularly in digital citizenship
and media literacy initiatives (Kavasidis, 2023). Models enhanced with explainable outputs can
serve as instructional tools, helping learners understand how language patterns are used to
deceive or manipulate (Pospelova, 2024). Institutions deploying Al in classrooms or public
information campaigns can leverage these insights to design systems that are both effective and
educational. The inclusion of SHAP and LIME-based interfaces can bridge technical complexity
and pedagogical clarity (Zugarini, 2023).

The superiority of SHAP and LIME in interpretability stems from their design as model-
agnostic, explanation-by-example methods (Abdullah, 2024). These tools translate abstract
vector representations into human-readable attributions, aligning model logic with user
reasoning (Wahid, 2025). The lower performance of attention visualization can be attributed to
its dependency on model internals, which do not always correspond to human-understandable
justifications. Users benefit more from explanations that mirror their own patterns of inference
and linguistic emphasis (Lorente, 2021).

The results also reflect the importance of linguistic nuance in misinformation detection.
Deep learning models that can interpret tone, implication, and subtle deception perform better
and yield more meaningful explanations (Kothadiya, 2023). Interpretability improves when
models are trained on well-annotated datasets that reflect diverse patterns of misinformation
(Madsen, 2023). These findings explain why attention weights alone are insufficient for
educational transparency and why supplementary XAl methods are essential.

Educational researchers and practitioners should now explore how to integrate explainable
NLP tools into digital literacy curricula (Nguyen, 2024). Further development is needed to create
user-friendly dashboards or classroom platforms that visualize model logic in real-time. Teacher
training programs can incorporate XAl tools to help educators explain Al-based misinformation
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detection to students (Kim, 2020). Institutions should also invest in interdisciplinary
collaborations to ensure that interpretability remains a central design criterion in future
educational technologies (Amato, 2022).

Further research is needed to evaluate how different user groups, including students,
educators, and journalists, interact with XAl-enhanced tools. Comparative studies could explore
the cognitive impact of exposure to model explanations on learners’ ability to identify and resist
misinformation. A pathway has been opened for more inclusive, transparent, and pedagogically
aligned Al systems that support critical thinking and ethical engagement with information in the
digital age.

CONCLUSION

The most important and distinctive finding of this research is that while transformer-based
models like BERT demonstrate superior accuracy in misinformation detection, their real added
value emerges when combined with explainable Al techniques such as SHAP and LIME. These
XAl methods not only preserve predictive performance but also provide high-quality, human-
readable explanations that enhance users’ understanding of model decisions. This integrative
approach positions the model not just as a classifier but also as a pedagogical tool capable of
supporting digital literacy and critical thinking education.

This study contributes conceptually by emphasizing the dual role of NLP models in
misinformation detection—as both analytical and educational instruments. Methodologically, it
introduces a comparative framework for evaluating interpretability tools in the context of NLP,
providing a replicable approach for future research. The inclusion of both performance metrics
and explanation quality indicators sets this study apart, offering a balanced evaluation that
bridges the gap between technical advancement and practical usability in educational settings.

The research is limited by its focus on only three XAl methods and two deep learning
architectures, which may not capture the full landscape of model behavior or explanation
strategies. Future studies should explore a broader range of models and XAl techniques,
including hybrid approaches and user-centered evaluation frameworks. Longitudinal studies
involving real users—students, educators, or media consumers—are also recommended to assess
the cognitive and behavioral impacts of explainable misinformation detection systems in
authentic learning environments.
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