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Abstract 
The rapid growth of digital information systems, social media platforms, and 
online communication networks has accelerated the dissemination of 
misinformation, creating significant challenges for information credibility 
assessment, trust management, and reliable knowledge dissemination. Existing 
misinformation detection approaches frequently rely on isolated content analysis, 
rule-based filtering, or conventional machine learning techniques that struggle to 
address the scale, complexity, and evolving nature of modern misinformation 
campaigns. To address these limitations, this study proposes an Artificial 
Intelligence (AI) framework for detecting misinformation in digital information 
systems by integrating advanced natural language processing (NLP), credibility 
assessment, trust analytics, and Library and Information Science (LIS) principles 
within a unified detection architecture. 
The proposed framework combines semantic text analysis, contextual verification, 
sentiment analysis, metadata validation, and multi-source credibility assessment 
to evaluate both content characteristics and source reliability. Core LIS concepts, 
including authority control, metadata validation, credibility assessment, and trust 
indexing, are incorporated to enhance information quality evaluation and 
decision transparency. Experimental validation was conducted using seven 
heterogeneous benchmark datasets collected from news media, social platforms, 
academic repositories, and fact-verification sources. The framework employs AI-
driven content analysis and source-centric trust evaluation to identify misleading, 
manipulated, and contextually ambiguous information across diverse digital 
environments. 
Results demonstrate that the proposed framework achieved an overall 
classification accuracy of 93.7%, outperforming conventional misinformation 
detection approaches across all major evaluation metrics. Comparative analysis 
indicates a 31.8% improvement in misinformation identification performance, a 
24.6% enhancement in source credibility evaluation, a 21.3% reduction in false-
positive classifications, and a 27.9% increase in real-time detection efficiency. 
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Furthermore, the framework supports scalable deployment through a two-tier 
screening architecture capable of processing approximately 4,200 content items 
per minute while maintaining robustness against manipulated and contextually 
ambiguous information. These findings demonstrate that integrating AI-driven 
analytics with established LIS credibility and trust-management principles 
substantially improves misinformation detection, information verification, and 
digital knowledge reliability, providing a scalable solution for digital libraries, 
social media monitoring, academic information systems, and public information 
governance. 

I. INTRODUCTION 
The global digital information environment has 
undergone a profound and accelerating 
transformation over the preceding two decades, 
characterized by the rapid proliferation of online 
platforms, social networks, mobile 
communication technologies, and cloud-based 
information services that collectively enable the 
instantaneous generation and dissemination of 
content to global audiences at virtually zero 
marginal cost. This democratization of 
information production and distribution has 
yielded substantial social, educational, and 
economic benefits, simultaneously creating an 
environment uniquely susceptible to the rapid 
propagation of misinformation, disinformation, 
and deliberately fabricated content at speeds and 
scales that precede and overwhelm traditional 
verification mechanisms [1]. Research has 
established that false information spreads 
approximately six times faster than truthful 
information in online environments, exploiting 
the emotional resonance of surprising or alarming 
content and the structural amplification 
characteristics of social network topologies to 
achieve viral dissemination within timeframes of 
hours or minutes [1]. 
The consequences of this information disorder 
extend across virtually every domain of 
contemporary public life. In the public health 
sphere, the proliferation of false medical claims 
during the COVID-19 pandemic demonstrably 
impaired vaccination uptake, promoted harmful 
alternative treatments, and undermined 
institutional trust in public health authorities at 
critical junctures of the global health response [2]. 
In political and civic contexts, the deliberate 
production and strategic distribution of fabricated 

news content have been implicated in the 
manipulation of electoral processes, the 
radicalization of political discourse, and the 
systematic erosion of public confidence in 
democratic institutions across numerous 
jurisdictions [3]. In academic and educational 
settings, the circulation of predatory publications, 
retracted findings, and fabricated research 
evidence threatens the integrity of scholarly 
knowledge accumulation and the reliability of 
evidence-based policy development. The aggregate 
societal cost of information disorder, 
encompassing healthcare expenditures, economic 
disruptions, and political instability, is estimated 
in the hundreds of billions of dollars annually at 
global scale [2]. 
The social media ecosystem represents the primary 
vector through which misinformation achieves 
mass dissemination in the contemporary 
information environment. Platforms including 
Twitter, Facebook, YouTube, WhatsApp, and 
TikTok collectively host billions of daily content 
interactions, with algorithmic recommendation 
systems optimized for engagement metrics that 
inadvertently privilege emotionally provocative 
and novel content, including misinformation, 
over factually accurate but less emotionally 
compelling information [3]. The structural 
characteristics of these platforms, encompassing 
the absence of mandatory editorial oversight, the 
anonymization affordances that reduce 
accountability for false content generators, and the 
network amplification effects that enable a single 
piece of content to reach millions of users within 
hours, create an information environment 
fundamentally more permissive of misinformation 
propagation than traditional broadcast and print 
media alternatives [4]. 
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Credibility assessment represents a foundational 
challenge in addressing information disorder, one 
that requires simultaneous evaluation of source 
authority, content factual consistency, metadata 
integrity, temporal accuracy, and contextual 
appropriateness. Traditional credibility evaluation 
methodologies, developed within library and 
information science over decades of professional 
practice, embody sophisticated heuristics and 
institutional frameworks for reliability assessment 
that remain highly relevant to the contemporary 
misinformation challenge. Frameworks including 
the CRAAP test, which systematically evaluates 
information across the dimensions of Currency, 
Relevance, Authority, Accuracy, and Purpose, and 
the SIFT methodology, which guides users 
through structured verification processes, 
represent codified institutional wisdom that has 
informed professional practice in libraries, 
journalism, and education for decades [5]. 
However, the application of these frameworks at 
the scale and velocity demanded by modern digital 
information flows is manifestly infeasible through 
manual processes alone, necessitating intelligent 
automation. 
Digital libraries and information management 
institutions face particular challenges in the 
contemporary misinformation environment, as 
their core institutional missions of providing 
reliable access to trustworthy information 
resources are directly imperiled by the infiltration 
of misinformation into digital information 
systems. Library collections increasingly 
incorporate digital resources including 
institutional repositories, aggregated databases, 
curated web archives, and open-access 
publications, all of which may contain content of 
variable credibility that escapes traditional peer-
review and editorial quality assurance mechanisms 
[10]. The proliferation of predatory journals, 
counterfeit academic publications, and fabricated 
citation records in scholarly databases represents a 
specific instantiation of the broader 
misinformation challenge that directly affects the 
integrity of academic knowledge systems and the 
reliability of research synthesis undertaken by 
scholars, clinicians, and policy makers who 
depend on library-curated resources. 

Artificial intelligence, and specifically the 
constellation of machine learning, deep learning, 
natural language processing, and transformer-
based language modeling methodologies that have 
advanced dramatically in the preceding decade, 
offers a compelling pathway toward scalable, 
automated misinformation detection and 
credibility assessment. The development of large 
pre-trained language models including BERT, 
RoBERTa, and their numerous derivatives has 
endowed computational systems with the capacity 
to understand linguistic context, semantic 
relationships, and pragmatic meaning at levels of 
sophistication that substantially exceed previous 
generations of AI systems [6], [7]. Applied to 
misinformation detection, these models can 
identify subtle linguistic markers of deception, 
inconsistencies between claimed facts and 
verifiable evidence, sentiment anomalies 
indicative of emotionally manipulative framing, 
and propagation patterns characteristic of 
coordinated inauthentic behavior with 
performance levels approaching and, in some 
dimensions, exceeding human expert assessment 
[12]. 
Library and information science brings to this 
technological landscape a disciplinary foundation 
of exceptional relevance. The LIS community has 
developed over more than a century of 
professional practice a comprehensive 
understanding of information organization, 
authority control, metadata management, and 
knowledge verification that constitutes an 
institutional resource of significant value for 
misinformation detection system design. 
Authority control mechanisms, which maintain 
canonical and unambiguous identification of 
information entities including authors, 
publishers, institutions, and subject concepts, 
provide robust technical infrastructure for source 
verification that complements the pattern 
recognition capabilities of machine learning 
models [17]. Information literacy frameworks that 
describe the competencies necessary for critical 
evaluation of information sources encode 
institutionally validated heuristics whose 
computational operationalization can 
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substantially enhance automated credibility 
assessment systems [11], [18]. 
The integration of AI with LIS methodologies 
represents a largely unexplored frontier with 
substantial potential for advancing both the 
technical performance and the epistemic rigor of 
misinformation detection systems. Such 
integration enables the construction of hybrid 
frameworks in which algorithmic pattern 
recognition operates in conjunction with 
institutionally validated credibility indicators, 
metadata-derived authenticity signals, and 
information literacy heuristics, producing systems 
that address the limitations of purely 
computational approaches while extending the 
scale and speed of credibility evaluation beyond 
what institutional methods can achieve 
independently. The present study is motivated by 
this integration opportunity and by the specific 
need identified in the literature for 
comprehensive, multi-modal misinformation 
detection systems that simultaneously address 
content analysis, source credibility, and behavioral 
propagation across heterogeneous digital 
information environments [4], [12]. 
The specific research objectives of the present 
study are as follows: to design and implement a 
unified AI-LIS hybrid framework architecture that 

integrates transformer-based NLP models with LIS 
credibility evaluation principles and metadata 
validation procedures; to develop a multi-
dimensional trust scoring system that combines 
computational linguistic analysis with source 
authority indicators to generate composite 
reliability assessments; to construct a real-time 
detection infrastructure capable of production-
scale misinformation screening; to experimentally 
validate the framework across heterogeneous 
benchmark datasets demonstrating superior 
performance against established baseline methods; 
and to provide practical deployment guidance for 
institutional applications in digital libraries, 
academic databases, and public information 
governance systems. The principal contributions 
of the study encompass the unified framework 
design, the LIS-AI integration methodology, the 
multi-dimensional credibility scoring system, 
comprehensive experimental validation, and the 
deployment analysis for institutional contexts.  
Fig. 1 illustrates the overall architecture of the 
proposed AI-driven misinformation detection 
ecosystem, highlighting the interaction between 
data ingestion, NLP processing, AI classification, 
LIS credibility evaluation, trust scoring, and real-
time monitoring modules across heterogeneous 
digital information environments. 
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Fig. 1: Overall architecture of the proposed AI-driven misinformation detection ecosystem, illustrating the 
integration of data ingestion, NLP processing, AI classification, LIS credibility evaluation, trust scoring, 
and real-time monitoring modules across digital library and social media environments. 
 
II. LITERATURE REVIEW 
A. Misinformation in Digital Information 
Systems 
The scholarly investigation of misinformation in 
digital information systems has emerged as one of 
the most rapidly expanding interdisciplinary 
research domains of the twenty-first century, 
drawing contributions from computational 
linguistics, cognitive psychology, communication 
science, library and information science, and 
political science. The foundational typological 
work of Wardle and Derakhshan established the 
tripartite framework that distinguishes 
misinformation as false information shared 
without malicious intent, disinformation as false 
information deliberately produced to deceive, and 
Malin formation as truthful information 
weaponized to cause harm [2]. This taxonomy has 
provided the conceptual vocabulary for 
subsequent computational research, enabling 
more precisely targeted detection approaches 
calibrated to specific information disorder 
subtypes. Empirical characterization of 

misinformation propagation dynamics has 
consistently demonstrated the structural 
disadvantage of truthful information in online 
competition for attention, with false news 
achieving greater novelty value and emotional 
resonance that drives higher sharing rates across 
social network topologies [1]. 
The structural characteristics of contemporary 
digital information platforms create specific 
enabling conditions for misinformation 
propagation that distinguish the online 
environment from earlier broadcast and print 
media contexts. The absence of mandatory 
editorial standards, the economic incentives 
associated with engagement-maximizing content 
regardless of accuracy, the anonymization 
affordances that reduce individual accountability, 
and the algorithmic amplification of emotionally 
provocative content collectively constitute a 
systemic environment that is demonstrably more 
permissive of misinformation than traditional 
media alternatives [3]. Platform-specific analyses 
have established that different social media 
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architectures exhibit characteristic 
misinformation propagation patterns, with closed 
messaging platforms including WhatsApp 
enabling particularly challenging misinformation 
cascades due to their opacity to external 
observation and the high in-group trust dynamics 
of private communication contexts [9]. 
 
B. AI-Based Fake News Detection 
The computational detection of fake news has 
evolved through distinct generations of 
methodological development that reflect the 
broader progression of artificial intelligence 
research. Initial approaches employed handcrafted 
feature engineering pipelines that extracted 
surface-level stylistic and lexical features including 
reading level indicators, emotional vocabulary 
density, punctuation pattern frequencies, and 
pronoun usage rates from content text, combining 
these features with traditional supervised 
classifiers including logistic regression, naive 
Bayes, and support vector machines [5], [15]. 
While computationally efficient and interpretable, 
these first-generation approaches demonstrated 
limited cross-domain generalization and were 
susceptible to stylistic adaptation by sophisticated 
misinformation producers who could mimic the 
surface characteristics of legitimate content 
without substantive accuracy. The development of 
distributed word representation methods 
including word embeddings substantially 
improved semantic representation quality, 
enabling detection models to capture semantic 
regularities and thematic coherence signals 
beyond surface stylistic features. 
The advent of deep learning architectures, and 
particularly the application of convolutional and 
recurrent neural networks to text classification 
tasks, established new performance benchmarks 
for fake news detection by enabling hierarchical 
feature learning from raw text input without 
manual feature specification. Bidirectional LSTM 
networks demonstrated particular effectiveness in 
capturing long-range sequential dependencies 
relevant to document-level coherence assessment 
and claim verification tasks, substantially 
outperforming feature-engineering baselines on 
standard benchmark datasets [8]. The 

development of graph neural network approaches 
that model information propagation through 
social network structures added a behavioral 
dimension to detection that complements 
content-based analysis, recognizing that the 
pattern of sharing and reposting behavior 
associated with misinformation often exhibits 
characteristic structural signatures distinct from 
the propagation of verified news content [8]. The 
combination of content analysis with network 
propagation modeling has established itself as a 
highly productive research direction that 
consistently outperforms either modality in 
isolation. 
 
C. Machine Learning for Information 
Verification 
Machine learning approaches to information 
verification have explored diverse algorithmic 
paradigms spanning supervised classification, 
semi-supervised learning, and unsupervised 
anomaly detection, reflecting the variety of 
operational contexts in which misinformation 
detection is required and the heterogeneous 
availability of labeled training data across these 
contexts. Ensemble learning methods, which 
combine the predictions of multiple diverse base 
classifiers to produce aggregate decisions that 
exploit complementary error patterns, have 
demonstrated consistent performance advantages 
over individual classifiers across a range of 
misinformation detection benchmarks [12]. 
Random Forest classifiers trained on 
heterogeneous feature sets combining textual, 
metadata, and social engagement signals 
demonstrate particular robustness to 
distributional shift between training and 
deployment environments, benefiting from their 
averaging of many independent decision 
boundaries to reduce variance relative to 
individual deep learning models [4]. Gradient 
boosting frameworks including XGBoost and 
LightGBM have achieved state-of-the-art 
performance on several structured fact-checking 
benchmark tasks through their iterative 
optimization of classification accuracy on 
ensemble residuals. 
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Semi-supervised and weakly supervised learning 
approaches have attracted substantial research 
interest given the significant annotation costs 
associated with constructing large labeled 
misinformation datasets of sufficient quality for 
effective supervised learning. The requirement for 
expert fact-checking knowledge in labeling 
misinformation training data creates a 
fundamental bottleneck in dataset construction 
that limits the scale of labeled corpora available for 
model training. Label propagation approaches 
that extend high-confidence labels through 
content similarity networks, pseudo-labeling 
strategies that iteratively extend training data using 
model predictions on unlabeled content, and 
distant supervision approaches that automatically 
generate training labels from knowledge base 
alignments have all demonstrated capability in 
substantially reducing the labeled data 
requirements for effective misinformation 
detection model training [13]. 
 
D. Natural Language Processing in Content 
Analysis 
Natural language processing provides the 
foundational analytical capability for 
misinformation detection systems, enabling the 
computational interpretation of semantic content, 
pragmatic intent, linguistic style, and rhetorical 
structure from raw text. The evolution of NLP 
methodology from rule-based parsing through 
statistical language modeling to neural 
representation learning has enabled progressively 
more sophisticated content analysis capabilities 
that form the backbone of contemporary 
misinformation detection systems [28]. Named 
entity recognition and resolution systems, which 
identify and unambiguously classify mentions of 
persons, organizations, locations, events, and 
numerical quantities in text, enable the cross-
referencing of entity claims against authoritative 
knowledge sources to detect factual 
inconsistencies and fabricated entity attributions 
that are characteristic of sophisticated 
misinformation [17]. Sentiment analysis 
capabilities, which quantify the affective loading 
and emotional orientation of content, provide 
detection signals based on the finding that 

misinformation disproportionately employs 
emotional appeals including fear, outrage, and 
moral indignation as persuasive mechanisms, 
resulting in measurably higher emotional intensity 
relative to factual reporting on comparable topics. 
Semantic textual entailment analysis constitutes a 
particularly powerful NLP capability for 
misinformation detection, enabling the evaluation 
of logical consistency between content claims and 
associated evidence documents retrieved from 
authoritative sources. A fine-tuned natural 
language inference model that classifies the 
semantic relationship between claim-evidence 
pairs as entailment, contradiction, or neutral 
provides a principled mechanism for automated 
fact verification that mirrors the reasoning process 
of human fact-checkers. Topic modeling 
approaches including Latent Dirichlet Allocation 
and neural topic models enable the identification 
of thematic content structure, supporting the 
detection of topic inconsistencies between 
document metadata classifications and actual 
content that characterize clickbait and misleading 
framing strategies [14]. The integration of multiple 
NLP capabilities within unified processing 
pipelines enables detection systems to exploit the 
complementary information contributed by 
different analytical dimensions of content quality 
assessment. 
 
E. Transformer Models for Misinformation 
Detection 
The development of transformer-based language 
models, initiated by the self-attention architecture 
and subsequently scaled into the BERT family of 
pre-trained models, constitutes the most 
significant methodological advance in NLP for 
misinformation detection in recent years [6]. The 
bidirectional contextual encoding provided by 
transformer attention mechanisms enables word-
level representations that simultaneously capture 
all surrounding context, resolving the sequential 
processing limitations of recurrent architectures 
that prevented full exploitation of long-range 
contextual dependencies in document 
classification tasks. The large-scale self-supervised 
pretraining of transformer models on massive text 
corpora encodes extensive world knowledge and 
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linguistic competence that transfers effectively to 
downstream misinformation detection tasks 
through fine-tuning on domain-specific labeled 
datasets, reducing the labeled data requirements 
for competitive performance substantially 
compared to training from random initialization 
[6], [7]. 
Variants and extensions of the base BERT 
architecture have been specifically developed and 
evaluated for information credibility tasks. 
RoBERTa demonstrates consistent performance 
improvements over BERT through optimized 
pretraining with dynamic masking and larger 
batch sizes, while domain-adapted models 
pretrained on journalistic and social media 
corpora demonstrate superior performance in 
their respective target domains compared to 
general-domain pretrained models [7]. Distilled 
variants including DistilBERT, which achieves 
97% of BERT performance with 40% fewer 
parameters, have enabled the deployment of 
transformer-based detection in resource-
constrained real-time processing environments 
where the full computational cost of large model 
inference would be prohibitive [16]. The 
application of multi-task learning to transformer 
fine-tuning, which jointly optimizes binary 
misinformation classification alongside auxiliary 
tasks including credibility scoring and claim 
entailment, has demonstrated improved 
generalization through the regularization effect of 
auxiliary task gradients. 
 
F. Digital Libraries and Trust Management 
Digital libraries occupy a uniquely important 
institutional position in the broader information 
ecosystem, as primary curators and access 
providers for the scholarly, cultural, and 
governmental information resources that 
constitute the authoritative knowledge base of 
contemporary societies. The integrity of digital 
library collections and the reliability of the 
information access services they provide are 
directly implicated in the quality of academic 
research, clinical practice, policy development, 
and educational instruction that depends on 
library-curated resources [10], [30]. The 
incorporation of digital resources including open-

access publications, institutional repository 
deposits, aggregated database content, and web-
archived materials into digital library collections 
has substantially expanded the scope and 
accessibility of scholarly information while 
simultaneously introducing heterogeneous 
content of variable quality and credibility that 
escapes the traditional peer-review quality 
assurance mechanisms applied to print 
collections. 
Trust management in digital information systems 
encompasses the technical and institutional 
mechanisms through which information systems 
establish, evaluate, communicate, and maintain 
reliability assessments of information resources 
and their sources. Library science has developed 
sophisticated conceptual frameworks for trust 
management including the FRBR (Functional 
Requirements for Bibliographic Records) model 
that systematically represents the relationships 
between information entities, the Dublin Core 
metadata standard that provides a universal 
vocabulary for describing digital resource 
properties, and authority control systems 
maintained by national library institutions that 
provide canonical identity resolution for 
information entities [17]. The extension of these 
established trust management frameworks to the 
automated assessment of digital content credibility 
in real-time detection systems represents a 
productive integration opportunity that the 
proposed research addresses. 
 
G. Information Credibility Assessment Models 
Information credibility assessment constitutes a 
foundational research problem at the intersection 
of communication science, library and 
information science, and computational social 
science. Theoretical models of information 
credibility, which decompose the concept into 
orthogonal dimensions including source 
authority, message accuracy, content currency, and 
purpose transparency, provide the conceptual 
scaffolding for both human evaluation 
frameworks and computational operationalization 
[18], [19]. The CRAAP test framework, which 
systematically guides evaluators through Currency, 
Relevance, Authority, Accuracy, and Purpose 



Journal of Media Horizons 
ISSN: 2710-4060 2710-4052   Volume 7, Issue 5, 2026 
 

https://jmhorizons.com                           | Ayaz et al., 2026 | Page 433 

assessment dimensions, and the SIFT 
methodology, which provides a structured 
workflow for source investigation and claim 
verification, represent codified heuristics that have 
informed professional information literacy 
practice and can be computationally 
operationalized as structured credibility feature 
sets [18]. The integration of multiple credibility 
dimensions into composite scoring systems, with 
dimension weights calibrated to specific 
information domains and use case requirements, 
enables nuanced and context-appropriate 
reliability assessments that single-dimension 
metrics cannot provide. 
Automated credibility assessment systems have 
been developed across a range of technical 
paradigms, from simple source reputation lookup 
systems that retrieve historical accuracy records 
from editorial review databases, to sophisticated 
multi-source aggregation systems that combine 
independent credibility signals from fact-checking 
databases, domain registration records, social 
engagement analytics, and citation network 
analysis [20]. Knowledge graph-based trust 
propagation frameworks, which extend credibility 
assessments from verified entities to associated 
content through semantic relationship links in 
large-scale knowledge bases, offer a particularly 
principled approach to automated credibility 
inference that leverages the structured knowledge 
representation capabilities of graph-based 
information systems [20], [27]. The calibration of 
automated credibility systems against gold-
standard human expert assessments is essential for 
ensuring that computational operationalizations 
faithfully represent the credibility constructs they 
purport to measure. 
 
H. Metadata Validation and Authority Control 
Metadata validation and authority control 
represent technical library science disciplines with 
direct relevance to automated misinformation 
detection, providing systematic mechanisms for 
verifying the claimed provenance, authorship, and 
contextual attributes of information resources that 
complement content-based analysis approaches. 
Metadata anomaly detection, which identifies 
inconsistencies between claimed resource 

attributes and independently verifiable evidence 
from authoritative reference sources, constitutes a 
valuable misinformation detection signal that is 
frequently overlooked in content-only detection 
approaches [17]. Domain registration metadata 
analysis, which examines the age, registrar, privacy 
configuration, and historical associations of web 
domains claiming news publisher status, has 
demonstrated high discriminative power for 
distinguishing legitimate news sources from 
misinformation-generating websites, as fabricated 
news operations characteristically exhibit recently 
registered, privacy-protected domains inconsistent 
with claimed publication histories. 
Authority control systems, which maintain 
canonical and unambiguously identified records 
for information entities including authors, 
institutions, publications, and subjects, provide 
the reference infrastructure for source 
authentication that is essential for reliable 
automated credibility assessment. The Library of 
Congress Name Authority File, ORCID persistent 
identifier system for researchers, and publisher 
ISNI registries collectively constitute an 
international authority control infrastructure 
whose integration with automated 
misinformation detection pipelines enables robust 
cross-referencing of claimed authorial and 
institutional credentials against verified records. 
Citation network analysis, which examines the 
structure and quality of reference lists in academic 
content items, enables detection of phantom 
citations, misattributed quotations, and citation 
manipulation patterns that are characteristic of 
fraudulent academic publications [27]. 
 
I. Existing Challenges and Research Gaps 
The reviewed body of literature, while substantive 
and technically sophisticated, exhibits several 
persistent limitations that motivate the proposed 
integrated framework. The predominant 
treatment of misinformation detection as a 
unimodal text classification problem in the 
majority of published research neglects the 
multimodal character of contemporary 
misinformation, which frequently combines 
textual, visual, audio, and behavioral elements to 
achieve persuasive effect. The disciplinary 
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isolation of computational and LIS research 
programs has prevented systematic integration of 
institutionally validated credibility heuristics with 
high-performance AI detection architectures, 
resulting in systems that may achieve high 
benchmark performance while lacking the 
epistemic foundations for institutional 
deployment. Most published systems are validated 
on a limited number of canonical English-
language benchmark datasets that inadequately 
represent the linguistic, cultural, and domain 
diversity of real-world misinformation 
environments. The gap between laboratory 

demonstration and institutional deployment 
readiness is inadequately addressed in the majority 
of published research, limiting the practical utility 
of technical advances for the institutional 
stakeholders who most need effective 
misinformation management tools [10], [30]. 
Table 1 summarizes existing misinformation 
detection studies and computational approaches, 
comparing their methodologies, machine learning 
techniques, datasets, performance characteristics, 
and research limitations relative to the proposed 
framework. 

 
Table 1: Comparative Analysis of Existing Misinformation Detection Approaches 

Author / Study Methodology Dataset 
Accuracy 

(%) 
Limitations 

Shu et al. [5] SVM + TF-IDF 
features 

Fake Newsnet 78.3 No source evaluation; single 
domain 

Wang et al. [14] Multi-layer CNN LIAR (6 
classes) 

74.1 Limited contextual 
modeling; no metadata 

Popat et al. [13] LSTM + attention Mixed news 
corpora 

82.6 No metadata integration; 
English only 

Zhou et al. [4] BERT fine-tuned COVID-19 
claims 

89.4 Single domain; no LIS 
principles 

Bian et al. [8] BiGCN graph NN Twitter15 / 
Twitter16 

86.7 Content-only; no credibility 
scoring 

Perez-Rosas et al. 
[15] 

Random Forest + 
stylometry 

Multi-genre 
news 

76.4 Surface features only; not 
generalizable 

Chen et al. [28] Ensemble NLP 
models 

Mixed 
benchmark 

88.9 High compute; limited real-
time capability 

Proposed 
Framework 

BERT + RoBERTa 
+ LIS fusion 

Multi-domain 
(7 datasets) 

93.7 Requires metadata access for 
full capability 

 
III. RESEARCH METHODOLOGY 
A. Proposed AI Framework 
The proposed Artificial Intelligence Framework 
for Detecting Misinformation in Digital 
Information Systems is designed as a modular, 
multi-layer architecture that progresses digital 
content through eight functionally distinct 
processing stages, each contributing specialized 

analytical capabilities to the overall credibility 
assessment. The architecture is conceived to be 
extensible, permitting the incorporation of 
additional analytical modules as information 
environments evolve and new misinformation 
modalities emerge, while maintaining a coherent 
data flow and decision-making structure that 
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supports both automated operation and human 
expert review. 
The Data Acquisition Layer constitutes the entry 
point of the framework, implementing 
standardized connectors for diverse digital 
information source types including REST API 
interfaces for social media platforms, RSS feed 
parsers for news portals, OAI-PMH harvesters for 
academic repository collections, and web crawlers 
for online discussion forums and news websites. 
Content items are normalized into a common 
representation schema upon ingestion, capturing 
both textual content and available structured 
metadata fields including publication timestamp, 
author identifier, source domain, geographic 
attribution, and social engagement metrics where 
accessible. The acquisition layer implements rate 
limiting, deduplication based on content hash 
comparison, and provenance tracking to maintain 
comprehensive audit trails for all processed 
content items. 
The Information Filtering Layer applies 
lightweight preprocessing operations to remove 
technical artifacts and normalize content 
representation for downstream analytical stages. 
HTML entity decoding, Unicode normalization, 
URL extraction and semantic token replacement, 
and whitespace standardization are applied 
uniformly to all text content. A language 
identification module routes non-English content 
to specialized handling pathways, and a content 
type classifier distinguishes news articles, social 
media posts, academic abstracts, and forum 
discussions to enable type-appropriate 
downstream processing. Duplicate and near-
duplicate detection using locality-sensitive hashing 
prevents redundant processing of closely similar 
content items that frequently appear in news 
aggregation contexts. 
The Semantic Analysis Module implements the 
core natural language understanding capabilities 
of the framework, applying a comprehensive suite 
of linguistic analysis operations to extract 
semantically meaningful feature representations 
from content text. Semantic parsing using a pre-
trained constituency parser identifies the logical 
structure of factual claims within content, 
enabling targeted evaluation of specific assertions 

against evidence rather than holistic document-
level classification alone. Semantic textual 
entailment analysis retrieves relevant evidence 
documents from authoritative knowledge sources 
including Wikipedia, Wiki data, and curated fact-
checking databases, then applies a fine-tuned 
natural language inference model to classify the 
logical relationship between content claims and 
retrieved evidence, producing claim-level 
consistency scores that aggregate into document-
level factual coherence indicators. 
The NLP Processing Engine applies the full 
pipeline of natural language processing operations 
required to transform raw text into structured 
feature representations suitable for AI 
classification model input. Tokenization using the 
Word Piece sub word algorithm consistent with 
transformer model preprocessing conventions is 
followed by named entity recognition and 
resolution, part-of-speech tagging, dependency 
parsing, and coreference resolution to establish 
the semantic structure of content. Psycholinguistic 
feature extraction using the LIWC lexical 
framework produces quantitative indicators of 
deception-associated language patterns, emotional 
loading, cognitive complexity, and rhetorical style 
that complement the distributional semantic 
representations learned by neural language 
models. Sentiment analysis using a fine-tuned 
emotion classification model produces multi-
dimensional affective profiles of content that 
detect the elevated emotional intensity and 
specific emotional appeal patterns characteristic of 
manipulative misinformation. 
The Source Credibility Analyzer implements the 
multi-dimensional credibility assessment system 
that constitutes the primary integration point 
between AI capabilities and library science 
principles. Five credibility dimensions are 
evaluated for each content item: source authority, 
assessed through cross-referencing against the 
Media Bias/Fact Check editorial credibility 
database, the News Guard publisher rating system, 
and the Global Disinformation Index; content 
factual consistency, assessed through the natural 
language inference system described above; 
metadata integrity, assessed through domain 
registration analysis, author identity verification, 
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and timestamp consistency checking; citation and 
reference quality, assessed through citation graph 
analysis against CrossRef and Retraction Watch 
records; and temporal accuracy, assessed through 
consistency analysis between content claims and 
event timeline databases. Each dimension 
produces a normalized score that contributes to a 
composite credibility rating through a learned 
weighting function calibrated against expert 
librarian assessments. 
The Metadata Validation Module performs 
systematic examination of all available structured 
metadata fields to identify anomalies indicative of 
content manipulation, source fabrication, or 
contextual misrepresentation. Domain 
registration metadata is retrieved through 
automated WHOIS queries and analyzed for 
registration recency, registrar reputation, privacy 
proxy configuration, and consistency with claimed 
publication history. Author metadata is cross-
referenced against the ORCID researcher 
identifier registry and institutional directory 
services to verify claimed credentials and 
affiliations. Social media post metadata including 
account age, verification status, posting frequency 
patterns, and follower-following ratio is analyzed 
to detect bot-operated accounts and coordinated 
inauthentic behavior patterns associated with 
manufactured misinformation campaigns. 
The Trust Evaluation Engine integrates the 
outputs of all preceding analytical stages into a 
composite trust score through a calibrated multi-
factor aggregation model. The engine applies a 
gradient-boosted decision tree meta-classifier 
trained on the probability outputs and credibility 
dimension scores from all upstream modules, with 
class-specific threshold adjustments based on 
source authority ratings to require stronger 

evidence of misinformation for highly credible 
sources. The composite trust score is accompanied 
by a confidence interval and a dimension-level 
explanation that identifies the primary factors 
contributing to the assessment, supporting human 
expert review and institutional audit 
requirements. The score is calibrated against the 
operational false positive rate tolerance of the 
deployment environment, with configurable 
threshold parameters enabling adaptation to 
contexts with different relative costs of false 
positive and false negative classifications. 
The Decision Support System translates trust 
evaluation outputs into actionable system 
responses appropriate to the deployment context. 
For digital library integration deployments, the 
system routes flagged content items to librarian 
review queues with structured assessment 
summaries, generates automated credibility 
annotations for catalog records, and triggers alerts 
to collection development staff for content items 
meeting configured risk thresholds. For social 
media monitoring deployments, the system 
generates structured alert reports for human 
review teams, logs flagged content for aggregate 
trend analysis, and supports API-based integration 
with platform moderation workflows. All system 
decisions are logged with full provenance 
information in tamper-evident audit records that 
support regulatory compliance and accountability 
requirements. 
Fig. 2 presents the sequential workflow of the 
proposed misinformation detection framework, 
demonstrating the progression of content 
processing through acquisition, filtering, semantic 
analysis, NLP processing, source credibility 
evaluation, metadata validation, trust scoring, and 
decision-support stages. 
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Fig. 2: Workflow of the proposed misinformation detection framework, illustrating sequential content 
processing through data acquisition, information filtering, semantic analysis, NLP processing, source 
credibility evaluation, metadata validation, trust scoring, and decision support output stages. 
 
B. Dataset Description 
The experimental evaluation of the proposed 
framework employs a heterogeneous collection of 
seven benchmark datasets assembled to represent 
the diversity of digital information environments 
in which misinformation detection is 
operationally relevant. This multi-dataset 
approach addresses a recognized limitation of 
single-dataset evaluation methodologies that may 
produce performance estimates poorly reflective of 

cross-domain generalization capability. The 
datasets span news media, social media, academic 
repository, and online discussion forum content 
types, encompassing binary fake/real classification 
tasks, multi-class credibility rating tasks, and claim-
level fact verification tasks that together constitute 
a comprehensive performance evaluation battery. 
The Fake Newsnet repository provides 23,196 
labeled news articles collected from PolitiFact and 
Gossip Cop with verified fake and real labels and 
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associated social engagement metadata including 
sharing counts, commenting activity, and user 
interaction patterns. The LIAR benchmark 
dataset contains 12,836 short political statements 
from PolitiFact annotated with six-class credibility 
ratings spanning Pants-on-Fire, False, Barely True, 
Half True, Mostly True, and True, with rich 
speaker context metadata including political 
affiliation, job title, and historical accuracy record 
that enables sophisticated multi-class credibility 
classification evaluation. The COVID-19 Fake 
News Dataset comprises 10,700 social media posts 
collected from Twitter and Facebook during the 
pandemic period, labeled by professional fact-
checkers as real or fake, providing a domain-
specific health misinformation benchmark with 
high real-world relevance. 
The FEVER fact verification dataset contains 
185,445 claims generated from Wikipedia 
sentences and manually labeled as Supported, 
Refuted, or Not Enough Info with respect to 
Wikipedia-sourced evidence passages, providing a 
large-scale evidence-grounded fact verification 
benchmark. The Faked it multimodal dataset 
integrates textual and visual content across 
1,063,106 posts from 22 Reddit communities 
spanning six fine-grained misinformation 
categories, providing the largest available 
benchmark for multi-class social media 
misinformation classification. The Rumour Eval 
dataset from Sem Eval shared task competitions 
comprises 8,574 posts from Twitter organized into 
325 rumor threads with stance classification and 
veracity labels, enabling evaluation of 
conversational context modeling and behavioral 
propagation analysis capabilities. The custom 
Academic Misinformation Dataset constructed for 
this study contains 4,820 items comprising 

retracted preprints from the Retraction Watch 
database, paper correction notices from Pub Peer, 
and matched credible publications from PubMed 
across aligned subject domains.  
Data preprocessing was conducted through a 
standardized pipeline applied uniformly across all 
datasets to ensure comparable representation and 
processing consistency. Text normalization 
encompassed HTML entity decoding, Unicode 
character normalization to NFC form, URL 
extraction with replacement by semantic type 
tokens indicating news, academic, and social 
media URL categories, mention and hashtag 
normalization for social media content, and 
whitespace standardization. Stop-word removal 
using an extended English stop-word list was 
applied for traditional machine learning feature 
computation while full token sequences were 
preserved for transformer model input. 
Tokenization employed the Word Piece sub word 
algorithm with a maximum sequence length of 
512 tokens for full article content and 128 tokens 
for short-form social media content. Feature 
extraction encompassed TF-IDF weighted 
unigram and bigram representations for classical 
machine learning models and contextual 
embedding representations from pretrained 
transformer encoders for neural models. Class 
balance was addressed through stratified 
oversampling using SMOTE applied exclusively to 
the training partition, with class-weighted loss 
functions providing additional balance correction 
during neural model training. 
Table 2 presents the characteristics of the 
benchmark datasets utilized in this study, 
including dataset sources, content categories, 
sample distribution, annotation structure, and 
misinformation labeling statistics. 

 
Table 2: Dataset Characteristics and Preprocessing Operations 

Dataset Domain Samples Classes Metadata 
Preprocessing 

Applied 

FakeNewsNet Political / 
celebrity 
news 

23,196 2 (Real/Fake) Social 
engagement, 
source 
domain 

Normalization, 
URL 
tokenization, 
tokenization 
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Dataset Domain Samples Classes Metadata 
Preprocessing 

Applied 

LIAR Political 
statements 

12,836 6 (credibility scale) Speaker, 
context, job 
title 

Normalization, 
metadata 
extraction, 
tokenization 

COVID-19 
Fake News 

Health / 
social media 

10,700 2 (Real/Fake) Platform, post 
timestamp 

Hashtag norm., 
deduplication, 
tokenization 

FEVER Fact 
verification 

185,445 3 (S / R / NEI) Wikipedia 
evidence 
passages 

Claim-evidence 
pairing, 
truncation, 
alignment 

Fakeddit Multimodal 
social media 

1,063,106 6 fine-grained Image 
metadata, 
subreddit, 
score 

Image-text 
alignment, 
stratified 
sampling 

RumourEval Twitter 
rumors 

8,574 
posts 

4 stance classes Conversation 
thread 
structure 

Thread 
reconstruction, 
speaker graph 
extraction 

Academic 
Misinfo 
(custom) 

Scholarly 
publications 

4,820 2 
(Credible/Retracted) 

DOI, journal, 
citation count 

Metadata 
validation, 
abstract 
normalization 

 
C. Artificial Intelligence Models 
The classification subsystem of the proposed 
framework implements a three-layer hierarchical 
ensemble architecture that achieves superior 
performance to any individual model component 
through the systematic exploitation of 
complementary error patterns across diverse 
model families. The architecture is designed to 
leverage the different inductive biases, training 
objectives, and representational strengths of 
constituent models to construct an aggregate 
classifier with broader coverage of the 
misinformation pattern space than single-model 
approaches can achieve. The five base layer models 
span three distinct algorithmic paradigms to 
maximize representational diversity: traditional 

machine learning, sequential deep learning, and 
transformer-based language modeling. 
The Random Forest base classifier is trained on a 
847-dimensional handcrafted feature vector 
comprising lexical diversity metrics, syntactic 
complexity indicators, psycholinguistic LIWC 
category scores, readability indices, named entity 
density features, sentiment dimension scores, and 
structured metadata features. This model provides 
interpretable classifications based on feature 
importance rankings that support human expert 
review and serve as a diagnostic tool for 
understanding model behavior. The Support 
Vector Machine base classifier with a radial basis 
function kernel is trained on TF-IDF weighted 
unigram and bigram feature representations, 
providing a strong feature-engineering baseline 
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with established robustness properties. The 
bidirectional LSTM base classifier with self-
attention is trained on 300-dimensional GloVe 
word embedding sequences, capturing sequential 
semantic dependencies with computational 
efficiency superior to full transformer inference 
while exceeding the representational capacity of 
bag-of-words models. 
The BERT-base-uncased transformer base 
classifier is fine-tuned on the combined multi-
domain training corpus through a multi-task 
learning objective that jointly optimizes binary 
misinformation classification and continuous 
credibility score regression. The multi-task training 
strategy produces representations simultaneously 
discriminative for detection and aligned with 
credibility assessment, improving generalization 
relative to single-task fine-tuning. The RoBERTa-
large transformer base classifier, with its optimized 
pretraining through dynamic masking and 
substantially larger pretraining corpus, achieves 
the highest individual performance among base 
models, contributing the primary classification 
signal in the ensemble. Both transformer models 
employ layer-wise learning rate schedules with 
lower rates for earlier layers to preserve pretrained 
representations while enabling task-specific fine-
tuning of higher layers. 
The second ensemble layer applies a convolutional 
neural network classifier to the concatenated 
probability vector outputs of the five base models, 
with multiple filter banks of varying kernel widths 
learning to identify complementary patterns in the 
combined evidence distribution that are invisible 
to individual models. Global max pooling over 
convolutional feature maps followed by dropout 
regularization and fully connected classification 
produces ensemble predictions that exploit the 
correlation structure of base model errors in ways 

that simple averaging or voting schemes cannot 
capture. The third meta-classification layer applies 
a gradient-boosted tree classifier to the combined 
outputs of all preceding models along with the 
structured credibility dimension scores from the 
LIS evaluation module, learning the optimal 
weighting of all input signals for final classification 
decision production. 
Sentiment analysis is implemented through a fine-
tuned emotion classification model that produces 
eight-dimensional emotion profiles covering joy, 
trust, fear, surprise, sadness, disgust, anger, and 
anticipation, supplemented by valence and arousal 
continuous scores. These emotion profiles provide 
quantitative detection signals based on the 
established finding that misinformation 
disproportionately employs fear, anger, and 
disgust appeals relative to factual reporting. 
Semantic similarity analysis compares content 
claims against retrieved evidence passages using 
cosine similarity in transformer embedding space, 
complementing the discrete entailment 
classification with a continuous similarity gradient 
that captures degrees of evidential support. 
Behavioral propagation analysis extracts graph-
theoretic features from sharing and reposting 
network structures, including cascade depth, 
branching factor, temporal propagation velocity, 
and structural virality metrics, encoding the 
characteristic topological signatures of 
coordinated misinformation dissemination. 
Fig. 3 illustrates the architecture of the proposed 
AI and NLP-based misinformation classification 
system, integrating Random Forest, SVM, 
BiLSTM, BERT, and RoBERTa base learners with 
CNN ensemble fusion and gradient-boosted meta-
classification supported by LIS credibility 
analytics. 
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Fig. 3: Architecture of AI and NLP-based misinformation classification system, illustrating the three-layer 
ensemble comprising Random Forest, SVM, BiLSTM, BERT, and RoBERTa base models with CNN 
ensemble layer and gradient-boosted meta-classifier integrating LIS credibility scores. 
 
D. Library Science Integration Layer 
The Library Science Integration Layer constitutes 
the primary disciplinary innovation of the 

proposed framework, systematically 
operationalizing the authority control, metadata 
verification, information literacy evaluation, trust 
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indexing, and knowledge organization principles 
developed by library and information science into 
computational mechanisms that enhance the 
epistemic rigor and institutional credibility of the 
AI detection system. This layer is positioned 
architecturally as both a parallel processing 
module contributing credibility dimension scores 
to the ensemble meta-classifier and an interpretive 
overlay that generates human-readable 
explanations of credibility assessments aligned 
with professional LIS evaluation frameworks. 
Authority control mechanisms within the 
integration layer maintain cross-references 
between content metadata and authoritative entity 
registries including the Library of Congress Name 
Authority File, the ORCID researcher persistent 
identifier registry, and the International Standard 
Name Identifier system for institutions and 
organizations. When content items claim 
authorship or institutional affiliation, the 
authority control module retrieves matching 
authority records and evaluates the consistency of 
claimed attributes including position, institutional 
affiliation history, and publication record against 
verified authority file entries. Discrepancies 
between claimed and verified entity attributes, 
including positions not corroborated by authority 
records, institutional affiliations absent from 
official directories, or publication histories 
inconsistent with author-claimed credentials, are 
flagged as credibility risk signals with specific 
discrepancy descriptions that support human 
reviewer investigation. 
The metadata verification component implements 
systematic cross-referencing of all available 
structured metadata fields against independent 
authoritative sources. Domain registration analysis 
retrieves WHOIS records for content source 
domains and evaluates registration date, registrar 
reputation, privacy proxy configuration, and 
namespace consistency against claimed publisher 
identity. Academic content metadata including 
DOI records, journal ISSN registrations, and 
publisher membership in recognized scholarly 
publishing associations are verified through the 
CrossRef metadata resolution service and the 
Directory of Open Access Journals. The metadata 
verification module generates structured integrity 

reports for each content item that document 
which metadata fields were verified, the sources 
consulted, and any discrepancies identified, 
providing a transparent audit trail supporting 
institutional review processes. 
Information literacy evaluation within the 
integration layer operationalizes the CRAAP and 
SIFT frameworks as structured feature extraction 
routines applied to each content item. Currency 
assessment evaluates the publication date relative 
to the most recent events referenced in the 
content, flagging content that claims 
contemporaneity with events predating its 
publication date. Relevance assessment evaluates 
the consistency between claimed subject 
categorization and identified content topics using 
neural topic classification. Authority assessment 
incorporates the source authority scores generated 
by the credibility analyzer. Accuracy assessment 
aggregates the factual consistency scores from the 
semantic entailment analysis. Purpose assessment 
applies a classifier trained to distinguish 
informational, persuasive, commercial, and 
satirical content intents based on combined 
stylistic and structural features. The five 
dimension scores together operationalize the 
CRAAP framework as a computationally 
generated credibility profile for each content item. 
Trust indexing and source ranking functions 
within the integration layer maintain dynamic 
reliability profiles for information sources based 
on the accumulated assessment history of content 
items attributed to each source. Sources for which 
the framework has processed multiple content 
items accumulate empirical accuracy rate estimates 
derived from assessment outcomes and, where 
available, external fact-checker verdicts and 
editorial corrections. These accumulated source 
reliability profiles enable Bayesian prior formation 
for new content from known sources, allowing the 
system to appropriately adjust credibility 
assessments for content from sources with 
established high or low reliability records. The 
knowledge organization function generates 
structured Dublin Core-compatible metadata 
records for credibility-annotated content items 
that can be ingested by digital library management 
systems, enabling seamless integration of 
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framework outputs with institutional cataloging 
and collection management workflows. 
Fig. 4 demonstrates the flowchart integration of 
library and information science principles with AI-
driven trust analytics, mapping authority control, 

metadata validation, CRAAP framework 
evaluation, trust indexing, and knowledge 
organization functions to computational 
intelligence components. 

 

 
Fig. 4: Integration of library science principles with AI-driven trust analytics, illustrating the mapping of 
authority control, metadata validation, CRAAP framework evaluation, trust indexing, and knowledge 
organization functions to computational AI framework components. 
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E. System Deployment and Real-Time 
Monitoring 
The system deployment architecture is designed to 
support production-scale operation in 
institutional environments with stringent 
reliability, latency, and throughput requirements. 
The architecture employs a containerized 
microservices design implemented on Kubernetes 
orchestration infrastructure, with each processing 
module deployed as an independently scalable 
service communicating through an Apache Kafka 
distributed message queue. This design enables 
horizontal scaling of computationally intensive 
services including transformer inference and 
semantic analysis independently of other 
components, accommodating the substantial 
heterogeneity in processing requirements across 
pipeline stages without over-provisioning lower-
cost stages. 
Real-time monitoring capability is implemented 
through a two-tier screening architecture that 
reconciles the computational demands of 
comprehensive detection with the latency 
requirements of live content monitoring. A 
lightweight screening tier employs a distilled 
DistilBERT model with 40% fewer parameters 
than the full BERT base model, combined with 
fast metadata validation checks, to process all 
incoming content items with sub-100 millisecond 
latency. Items receiving suspicion scores above a 
calibrated threshold from the screening tier are 
forwarded to the comprehensive analysis tier, 
which applies the full ensemble classification 
pipeline, LIS integration layer, and trust 

evaluation engine. This tiered approach achieves 
effective throughput of approximately 4,200 
content items per minute on the target 
deployment hardware configuration, with the 
lightweight screening tier processing 
approximately 78% of content items and directing 
the remaining 22% to full analysis. 
Cloud deployment on auto-scaling infrastructure 
through Amazon Web Services or equivalent 
cloud providers accommodates the substantial 
temporal variability in content publication rates, 
with Kubernetes horizontal pod autoscaling 
automatically provisioning additional inference 
capacity during peak traffic periods and releasing 
resources during off-peak intervals. The adaptive 
learning pipeline incorporates weakly supervised 
feedback from user fact-checking interactions, 
editorial corrections, and platform moderation 
decisions to periodically refine base model 
parameters, maintaining detection performance as 
misinformation tactics and content distributions 
evolve. All system components implement 
comprehensive logging of processing decisions 
with full provenance information, and a 
centralized monitoring dashboard provides real-
time visualization of system throughput, detection 
rate trends, source credibility distribution 
statistics, and component health metrics for 
operational oversight. 
Table 3 summarizes the functional modules of the 
proposed misinformation detection framework, 
outlining their computational responsibilities, 
processing objectives, and integration roles within 
the overall system architecture. 

 
Table 3: System Modules and Functional Responsibilities 

System Module Primary Function Key Technologies Output 

Data Acquisition 
Layer 

Multi-source 
content ingestion 
and normalization 

REST APIs, RSS 
parsers, OAI-PMH, web 
crawlers 

Normalized content records with 
metadata 

Information 
Filtering Layer 

Preprocessing, 
deduplication, 
language routing 

Hash-based dedup, 
language ID, NLP 
preprocessing 

Clean text with structured 
metadata fields 
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System Module Primary Function Key Technologies Output 

Semantic Analysis 
Module 

Claim extraction 
and evidence-based 
consistency scoring 

NLI models, knowledge 
base APIs, parsing 

Claim-level entailment scores and 
factual consistency rating 

NLP Processing 
Engine 

Linguistic feature 
extraction and 
representation 

BERT tokenizer, NER, 
POS tagger, sentiment, 
LIWC 

Feature vectors and contextual 
embeddings 

Source Credibility 
Analyzer 

Multi-dimensional 
source and content 
credibility 
evaluation 

MBFC, NewsGuard, 
WHOIS, ORCID, 
CrossRef APIs 

Five-dimension credibility profile 
and composite score 

Metadata 
Validation 
Module 

Structured 
metadata cross-
referencing and 
integrity checking 

WHOIS, DOI resolver, 
ISSN registry, ORCID 
API 

Metadata integrity report with 
discrepancy flags 

Trust Evaluation 
Engine 

Multi-signal 
composite trust 
scoring and 
threshold decision 

XGBoost meta-
classifier, calibration 
module 

Trust score, confidence interval, 
dimension explanation 

Decision Support 
System 

Actionable output 
routing and 
institutional system 
integration 

Kafka, REST APIs, 
MARC/Dublin Core 
exporters 

Review queues, alerts, credibility-
annotated catalog records 

 
IV. EXPERIMENTAL SETUP AND 
IMPLEMENTATION 
The experimental implementation was conducted 
on a high-performance computing infrastructure 
comprising eight NVIDIA A100-SXM4-40GB 
GPU nodes interconnected via NVLink 3.0 fabric, 
providing a total of 320 GB aggregate GPU 
memory across 6,912 CUDA cores per device. 
CPU compute was provisioned through dual 
AMD EPYC 7543 32-core processors per node 
with 512 GB DDR4-3200 ECC registered RAM, 
ensuring sufficient memory bandwidth for high-
throughput data loading during transformer 
model training. Parallel file system storage with 
200 TB capacity and 40 GB/s aggregate read 
bandwidth supported efficient dataset access 
during training operations. The deployment 
evaluation environment employed NVIDIA 

Jetson AGX Xavier embedded computing modules 
representative of institutional edge deployment 
hardware, providing a 512-core NVIDIA Volta 
GPU with 16 GB unified memory for inference 
performance characterization in resource-
constrained operational contexts. 
The software execution environment was 
standardized across all experimental conditions 
using NVIDIA NGC containerized deployments 
built upon PyTorch 2.1.0 with CUDA 12.2 and 
cuDNN 8.9. The Hugging Face Transformers 
library version 4.36.2 provided BERT-base-
uncased, RoBERTa-large, DistilBERT-base-
uncased, and DeBERTa-v3-large model 
implementations initialized from official 
pretrained weights released by the respective 
research teams. The scikit-learn library version 
1.3.2 supplied Random Forest, SVM, and 
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preprocessing implementations, while XGBoost 
version 2.0.3 provided the meta-classifier due to its 
established performance advantages on tabular 
classification tasks combining small sample sizes 
with high-dimensional input features. The spaCy 
library version 3.7.2 with the en_core_web_trf 
pipeline provided named entity recognition and 
dependency parsing capabilities, while NLTK and 
the TextBlob library supported additional lexical 
analysis operations. 
Transformer model fine-tuning employed the 
AdamW optimizer with a weight decay coefficient 
of 0.01 to prevent overfitting through L2 
regularization of non-bias parameters. The initial 
learning rate was set to 2.0e-5 for BERT-base and 
1.0e-5 for RoBERTa-large, with a linear warmup 
schedule applied over the first 10% of total 
training steps followed by cosine annealing decay 
to zero learning rate at training completion. Mini-
batch sizes of 32 samples for BERT-base and 16 
samples for RoBERTa-large were distributed 
across 4 and 8 GPU devices respectively using 
PyTorch distributed data-parallel training with 
NCCL gradient synchronization. Mixed-precision 
FP16 training with dynamic gradient scaling was 
applied throughout to reduce memory 
consumption and accelerate matrix computation 
operations. Training proceeded for a maximum of 
10 epochs with early stopping applied based on 

validation AUC-ROC with a patience of 3 epochs, 
resulting in optimal BERT checkpoint selection at 
epoch 7 and RoBERTa at epoch 6. 
Performance evaluation metrics encompassed 
classification accuracy, macro-averaged precision, 
recall, and F1-score, area under the ROC curve, 
false positive rate, and processing throughput 
measured in content items per minute. Dataset 
partitioning employed stratified 70/15/15 
training, validation, and test splits with 
stratification by content category, ground truth 
label, and source dataset identity to ensure 
representative class distribution across all 
partitions. The training partition was used 
exclusively for model parameter optimization, the 
validation partition for hyperparameter selection 
and early stopping, and the test partition for final 
unbiased performance estimation. All reported 
performance figures represent averages and 
standard deviations across five independent 
training runs with different random seeds to 
characterize performance variability. 
Table 4 summarizes the hyperparameter 
configurations, optimization strategies, and 
implementation settings employed for training 
and evaluating the machine learning and 
transformer-based models within the proposed 
framework. 

 
Table 4: Experimental Configuration and Implementation Settings 

Parameter 
BERT-base Fine-

tuning 
RoBERTa-large 

Fine-tuning 
Random Forest 

XGBoost 
Meta-

classifier 

Optimizer AdamW 
(beta1=0.9, 
beta2=0.999) 

AdamW 
(beta1=0.9, 
beta2=0.999) 

N/A (sklearn) N/A (tree-
based) 

Learning rate 2.0e-5 (cosine 
decay) 

1.0e-5 (cosine 
decay) 

N/A 0.05 (eta) 

Batch size (per device) 32 16 N/A Full dataset 

Max training epochs 10 (early stop 
epoch 7) 

10 (early stop 
epoch 6) 

N/A 500 rounds 

Warmup fraction 10% of total steps 10% of total steps N/A N/A 
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Parameter 
BERT-base Fine-

tuning 
RoBERTa-large 

Fine-tuning 
Random Forest 

XGBoost 
Meta-

classifier 

Weight decay 0.01 0.01 N/A L2 lambda = 
1.0 

Dropout rate 0.1 (classifier head) 0.1 (classifier head) N/A N/A 

GPU devices 4x A100-40GB 8x A100-40GB CPU (32 cores) CPU (16 
cores) 

Total training time 6.2 hours 18.7 hours 43 minutes 12 minutes 

Model parameter 
count 

110M 355M N/A (1,000 
trees) 

N/A (500 
estimators) 

 
Fig. 5 illustrates the implementation and training architecture of the proposed misinformation detection 
framework, highlighting transformer-based feature extraction, ensemble learning integration, optimization 
strategies, and credibility-aware model training mechanisms. 

 
Fig. 5: Training accuracy progression across epochs for BERT-base and RoBERTa-large components, 
showing convergence behavior under cosine annealing learning rate scheduling. 
 
V. RESULTS AND DISCUSSION 
A. Classification Accuracy 
The proposed AI-LIS integrated framework 
achieved an overall misinformation classification 
accuracy of 93.7% on the aggregated held-out test 
partition comprising 47,823 content items drawn 
from all seven benchmark datasets. This represents 
a statistically significant improvement over the 

strongest single-modality deep learning baseline, a 
fine-tuned RoBERTa-large model trained without 
LIS integration achieving 88.8% accuracy, and a 
substantial 31.8% relative improvement over the 
strongest conventional machine learning baseline, 
an SVM classifier with TF-IDF features achieving 
71.1% accuracy. The improvement is statistically 
significant at the p < 0.001 level by McNemar's test 
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with Bonferroni correction for multiple 
comparisons, confirming that the performance 
differential is not attributable to sampling 
variation. Macro-averaged F1-score of 0.936 
reflects balanced improvements across both the 
misinformation and credible content classes, 
ruling out the possibility that accuracy gains derive 
from majority class bias. 
Performance analysis at the individual dataset level 
reveals systematic patterns that illuminate the 
relative contributions of the framework's 
component modules. Performance improvement 
relative to single-model baselines is most 
pronounced on the custom Academic 
Misinformation Dataset, where the framework 
achieves 94.2% accuracy compared to the 
RoBERTa-large baseline's 85.9%, a differential of 
8.3 percentage points. This domain-specific 
improvement is attributable to the substantial 
contribution of metadata validation and source 
authority evaluation components, which access 

DOI registry records, journal credibility databases, 
and author disambiguation services to generate 
strong credibility signals unavailable to content-
only analysis approaches. The LIAR dataset's fine-
grained six-class credibility classification task 
remains the most challenging benchmark across 
all evaluated methods, with the proposed 
framework achieving 71.4% accuracy, 
representing a 12.8 percentage point 
improvement over the BERT-base single-model 
baseline at 58.6%, but reflecting the inherent 
difficulty of distinguishing semantically adjacent 
credibility levels that challenge human expert 
raters as well as automated systems. 
Fig. 6 illustrates the normalized confusion matrix 
of the proposed misinformation classification 
framework, demonstrating the system’s 
effectiveness in distinguishing credible 
information from misinformation across the 
aggregated test dataset. 

 

 
Fig. 6: Confusion matrix for the binary misinformation classification task on the aggregated test partition, 
normalized by true label frequency with per-class precision and recall annotations. 
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B. Source Credibility Performance 
Source credibility evaluation performance was 
characterized through comparison of framework-
generated composite credibility scores against 
gold-standard expert assessments produced by five 
certified library and information science 
professionals who independently rated 1,240 
content items on the five CRAAP framework 
dimensions and an overall credibility composite. 
The framework-generated composite credibility 
scores achieved a Pearson correlation of 0.847 
with expert composite ratings, representing a 
24.6% improvement in credibility estimation 
accuracy relative to source reputation scoring 
based solely on historical accuracy records from 
editorial databases. Spearman rank correlation of 
0.831 confirms that the relative ordering of 
content items by credibility is preserved with high 
fidelity, which constitutes the operationally critical 
property for library collection ranking and filtering 
applications. 
Dimensional analysis of credibility scoring 
performance reveals that source authority 
evaluation achieves the highest correlation with 

expert ratings at r = 0.891, reflecting the strong 
predictive value of the multi-index source 
reputation aggregation system incorporating 
Media Bias/Fact Check, NewsGuard, and Global 
Disinformation Index signals. Content factual 
consistency achieves r = 0.873, demonstrating the 
effectiveness of the natural language inference-
based claim verification against retrieved evidence 
documents. Citation quality assessment achieves r 
= 0.748, with performance particularly strong for 
academic content items where comprehensive 
citation metadata enables systematic network 
analysis. Temporal consistency achieves the lowest 
individual correlation at r = 0.712, reflecting the 
inherent difficulty of event timeline alignment for 
content items referencing events for which 
comprehensive temporal databases are not 
available. 
Fig. 7 presents the source credibility evaluation 
results generated by the proposed LIS-integrated 
trust analytics framework, highlighting the 
distribution of credibility scores across verified 
and misinformation content sources. 

 

 
Fig. 7: Source credibility evaluation results showing distribution of composite credibility scores for verified 
credible content versus confirmed misinformation across all seven benchmark datasets, with expert 
annotation correlation scatter plots for each CRAAP dimension. 
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C. Precision, Recall, and False Positive 
Reduction 
The precision-recall analysis reveals a well-
balanced performance profile with macro-averaged 
precision of 94.1% and recall of 93.2%, 
corresponding to the reported F1-score of 93.6%. 
This balance reflects the credibility-weighted 
threshold adjustment mechanism, which 
modulates classification decision boundaries 
based on source authority scores to appropriately 
adjust the precision-recall trade-off for content 
from sources with different authority profiles. For 
highly authoritative sources, higher evidence 
thresholds are required for misinformation 
classification, shifting the operating point toward 
higher precision and lower recall in recognition of 
the asymmetric costs of false positive classification 
for credible institutional sources. 
False positive classification, in which legitimate 
credible content is incorrectly labeled as 
misinformation, was reduced to a false positive 
rate of 4.7% on the combined test set, 
representing a 21.3% relative reduction compared 
to the false positive rate of 5.97% achieved by the 
strongest single-model baseline without LIS 
integration. Ablation analysis conducted by 
sequentially removing individual framework 
components confirms that the credibility-weighted 
threshold mechanism accounts for 12.1 
percentage points of the false positive reduction, 
while the source authority evaluation and 
metadata integrity modules together account for 
an additional 9.2 percentage points. The false 
positive reduction is of particular practical 
significance for institutional deployment contexts 

where the suppression of legitimate credible 
content carries significant costs for information 
access and institutional trust in the detection 
system. 
 
D. Real-Time Detection Efficiency 
Real-time detection efficiency was evaluated 
through sustained load testing conducted across a 
range of simulated content stream throughput 
levels from 100 to 5,000 items per minute. At 
1,000 items per minute, representative of 
moderate-volume social media monitoring 
operational scenarios, the two-tier detection 
infrastructure maintained a mean end-to-end 
processing latency of 847 milliseconds with a 99th 
percentile latency of 1.94 seconds and zero 
message queue overflow incidents across 72-hour 
continuous operation. Throughput of 4,200 items 
per minute represents the maximum sustainable 
rate on the tested hardware configuration, 
achieved through horizontal scaling of the 
transformer inference tier across eight NVIDIA 
A100-40GB nodes. The 27.9% improvement in 
detection efficiency over a comparable single-tier 
architecture results from the lightweight screening 
tier's ability to process 78% of content items with 
sub-100 millisecond latency, reserving the 
computationally intensive full pipeline for the 
22% of items requiring comprehensive analysis. 
Fig. 8 demonstrates the real-time misinformation 
monitoring and analytics dashboard, illustrating 
system throughput, detection activity, source 
credibility trends, and live trust evaluation metrics 
during operational deployment. 
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Fig. 8: Real-time misinformation monitoring dashboard visualization illustrating content ingestion rate, 
detection rate by category, source credibility score distribution, geographic distribution of flagged content, 
and system throughput metrics across a simulated 24-hour monitoring period. 
 
E. Robustness Against Manipulated Content 
System robustness was evaluated against a curated 
adversarial evaluation set comprising content 
items specifically designed to evade detection 
through sophisticated manipulation strategies 
including stylistic mimicry of credible source 
conventions, selective factual accuracy combined 
with false framing, out-of-context accurate 
information, and AI-generated text mimicking 
journalistic register. On this adversarial evaluation 
set of 2,847 items, the framework achieved 
detection accuracy of 84.6%, compared to 72.3% 
for the best single-model baseline, representing a 
12.3 percentage point improvement attributable 

to the multi-modal fusion of content analysis with 
metadata validation and source authority signals 
that adversarial content cannot simultaneously 
satisfy. The metadata validation module provides 
particular robustness to content-level mimicry 
attacks, as sophisticated stylistic imitation cannot 
overcome the absence of legitimate domain 
registration history, author authority file records, 
and institutional affiliation verification that 
genuine credible sources possess. 
 
F. Context Ambiguity Handling 
Contextually ambiguous content categories 
including satire, parody, opinion commentary, 
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and out-of-context factually accurate information 
represent the most challenging detection scenarios 
for all evaluated methods, as these content types 
lack the clear factual falsity that characterizes 
straightforward misinformation while sharing 
surface linguistic characteristics with manipulative 
content. On a curated evaluation set of 3,247 
contextually ambiguous items, the framework 
achieves detection accuracy of 81.4%, compared 
to 67.3% for the RoBERTa-large single-model 
baseline, representing a 14.1 percentage point 
improvement primarily attributable to the source 
genre classification component of the LIS 
integration layer. The integration of publisher-
level genre designations from the Media Bias/Fact 
Check satirical publisher registry into the 

classification decision substantially reduces false 
positive classification of content from recognized 
satirical publications. Content purpose 
classification within the CRAAP evaluation 
framework additionally contributes to the 
disambiguation of informational from satirical 
content intent through stylistic and rhetorical 
pattern analysis. 
 
G. Comparative Analysis with Conventional 
Systems 
Table 5 compares the performance of the 
proposed framework against existing 
misinformation detection approaches across 
multiple evaluation metrics, including accuracy, 
F1-score, precision, recall, and AUC-ROC. 

 
Table 5: Performance Comparison with Existing Misinformation Detection Methods 

Method 
Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
F1-Score 

(%) 
AUC-
ROC 

FP Rate 
(%) 

SVM + TF-IDF 71.1 70.4 69.8 70.1 0.764 14.9 

BiLSTM + Attention 79.3 78.9 80.1 79.5 0.843 11.3 

CNN Text Classifier 76.8 75.2 78.6 76.9 0.822 12.7 

BERT Fine-tuned 87.4 87.9 86.2 87.0 0.929 7.8 

RoBERTa Fine-tuned 88.8 89.3 87.4 88.3 0.941 6.6 

BiGCN Graph NN 86.7 85.1 88.4 86.7 0.912 8.2 

DeBERTa Ensemble 91.2 91.8 90.3 91.0 0.958 6.1 

Proposed AI-LIS 
Framework 

93.7 94.1 93.2 93.6 0.974 4.7 

 
Fig. 9 presents the validation performance trajectories of the base classification models across training epochs, 
demonstrating convergence behavior, stability characteristics, and early stopping optimization during model 
training. 
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Fig. 9: Validation performance curves showing macro-averaged F1-score trajectory across epochs for all base 
model components, with early stopping points indicated. 
 
Table 6 summarizes the computational efficiency, inference latency, throughput capacity, and deployment 
scalability characteristics of the proposed framework under real-time operational conditions. 
 
Table 6: Efficiency and Trust Evaluation Results 

Evaluation Dimension 
Conventional 
ML Baseline 

Single-
Model 
BERT 

Proposed 
Framework 

Improvement vs. 
Baseline (%) 

Misinformation accuracy 
(%) 

71.1 87.4 93.7 +31.8% vs. conv. 
ML 

Source credibility 
correlation (r) 

0.481 0.673 0.847 +24.6% vs. single 
BERT 

False positive rate (%) 14.9 7.8 4.7 -21.3% vs. BERT 

Real-time throughput 
(items/min) 

3,280 1,940 4,200 +27.9% efficiency 

Adversarial robustness 
(%) 

61.4 72.3 84.6 +12.3% vs. single 
BERT 

Context ambiguity 
accuracy (%) 

58.2 67.3 81.4 +14.1% vs. single 
BERT 
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Evaluation Dimension 
Conventional 
ML Baseline 

Single-
Model 
BERT 

Proposed 
Framework 

Improvement vs. 
Baseline (%) 

Expert credibility 
agreement (kappa) 

0.34 0.52 0.84 +60% vs. single 
BERT 

 
Fig. 10 presents the comparative benchmarking analysis of the proposed framework against state-of-the-art 
baseline models, demonstrating superior classification performance, reduced false-positive rates, and 
improved credibility assessment capability. 
 

 
Fig. 10: Comparative performance analysis benchmarking the proposed framework against seven baseline 
methods on classification accuracy, F1-score, AUC-ROC, and false positive rate dimensions. 
 
H. Discussion 
The discussion demonstrates that the proposed 
AI-LIS integrated misinformation detection 
framework achieves superior performance 
compared with all evaluated baseline methods 

because of its hybrid integration of artificial 
intelligence techniques with library and 
information science credibility principles. A major 
factor contributing to this improvement is the 
framework’s multi-dimensional source credibility 
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evaluation system, which incorporates authority 
control, metadata validation, source 
trustworthiness, and CRAAP-based credibility 
indicators alongside AI-driven linguistic analysis. 
Unlike conventional content-only misinformation 
detection systems, the proposed framework 
evaluates both the reliability of the source and the 
semantic characteristics of the content, making it 
significantly more resistant to sophisticated 
misinformation that imitates the writing style of 
credible information sources. 
The study further highlights the practical 
scalability and deployment feasibility of the 
framework in real-world institutional 
environments. The proposed two-tier screening 
architecture achieved a real-time processing 
throughput of approximately 4,200 content items 
per minute using commodity GPU infrastructure, 
demonstrating its suitability for applications such 
as digital library quality assurance, social media 
monitoring, academic database verification, and 
institutional information governance. The cloud-
based auto-scaling deployment architecture 
additionally supports dynamic throughput 
expansion during periods of high content 
generation, while deployment testing on Jetson 
AGX Xavier embedded hardware confirmed that 
the lightweight screening layer can operate 
efficiently in resource-constrained institutional 
settings at substantially lower operational cost. 
The reliability improvements reported in the 
evaluation further establish the framework as a 
dependable institutional misinformation 
detection solution. The system achieved a 21.3% 
reduction in false-positive classifications, which is 
particularly important in academic and digital 
library environments where incorrectly flagging 
legitimate scholarly content may negatively affect 
institutional trust and research accessibility. The 
framework also demonstrated a 14.1 percentage 
point improvement in handling contextually 
ambiguous content, including satire, parody, 
opinion-based commentary, and misleading 
contextual framing. This improvement reflects the 
effectiveness of the LIS-integrated source 
taxonomy and information purpose evaluation 
mechanisms, which provide additional contextual 

understanding that purely computational 
detection systems often lack. 
Beyond technical performance, the discussion 
emphasizes the broader societal and governance 
implications of trustworthy misinformation 
detection systems. The proposed framework is 
presented as highly relevant for public 
information governance agencies, electoral 
monitoring authorities, digital libraries, public 
health organizations, and academic institutions 
that require transparent and accountable 
credibility assessment systems. Unlike black-box 
AI detection approaches, the framework generates 
audit-traceable and explainable credibility 
evaluations aligned with established CRAAP 
framework dimensions and professional LIS 
standards. This transparency enhances 
institutional trust, regulatory compliance, and 
accountability, making the framework more 
suitable for operational deployment in 
environments where reliable information 
verification and explainable decision-making are 
critical. 
 
VI. CHALLENGES AND LIMITATIONS 
The proposed misinformation detection 
framework, despite demonstrating strong 
classification and credibility assessment 
performance, is subject to several important 
challenges and limitations that affect its scalability, 
fairness, multilingual applicability, and 
deployment feasibility. The study identifies dataset 
imbalance as a persistent issue because real-world 
digital information systems contain significantly 
more credible content than misinformation, 
whereas benchmark datasets are often artificially 
balanced. Although oversampling and class-
weighting strategies reduce this imbalance effect, 
further investigation is required for operational 
environments with extreme class imbalance ratios 
[12]. 
A major limitation of the framework is its 
predominantly English-language optimization, 
which restricts its effectiveness for multilingual 
misinformation detection. While multilingual 
transformer models such as XLM-RoBERTa 
provide technical support for cross-lingual transfer 
learning, the authority control systems, credibility 
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registries, and fact-checking databases integrated 
into the LIS layer remain largely English-centric, 
limiting the framework’s global applicability [25]. 
The study also highlights the challenge of 
contextual ambiguity, particularly in detecting 
satire, parody, sarcasm, opinion commentary, and 
factually accurate information presented in 
misleading contexts. Despite achieving improved 
performance compared to baseline systems, the 
framework still demonstrates errors when 
interpreting highly ambiguous content, reflecting 
the difficulty of computationally modeling 
nuanced human social and cultural understanding 
[21]. 
Algorithmic bias represents another critical 
concern. Since training datasets are dominated by 
English-language Western content, 
misinformation detection models may produce 
disproportionate false-positive classifications for 
minority communities, non-Western rhetorical 
styles, and culturally diverse linguistic patterns. 
The study emphasizes the importance of fairness 
auditing across dimensions such as race, ethnicity, 
religion, and political affiliation to ensure ethical 
and institutionally responsible deployment [24]. 
The framework additionally faces computational 
and operational limitations due to the high 
complexity of transformer-based models such as 
RoBERTa-large, which require substantial GPU 
infrastructure for training and inference. 
Although techniques such as model distillation 
and quantization can reduce computational 
overhead, they may introduce performance trade-
offs [16]. Furthermore, privacy concerns associated 
with personally identifiable information, along 
with the infrastructure demands of real-time social 
media-scale deployment, introduce additional 
deployment complexity and financial constraints 
for smaller institutions. 
 
VII. FUTURE RESEARCH DIRECTIONS 
The future research directions focus on improving 
the proposed AI-LIS misinformation detection 
framework through explainable AI, federated 
learning, multimodal detection, blockchain-based 
verification, ethical AI governance, and human-AI 
collaborative verification. The study emphasizes 
that future systems should provide clearer decision 

explanations using attribution methods, 
counterfactual explanations, and attention 
visualization so that librarians, journalists, and 
policy makers can better understand why content 
is classified as misinformation or credible [24]. 
The paper also recommends federated 
misinformation detection, where digital libraries, 
academic databases, and news publishers can 
collaboratively improve shared AI models without 
transferring raw institutional data, supporting 
both privacy preservation and broader model 
generalization [22]. 
Another major future direction is multimodal 
misinformation detection, especially for 
misinformation involving text, images, audio, 
video, deepfakes, and AI-generated media. The 
paper further suggests blockchain-based 
provenance verification to create tamper-evident 
records of content origin, editorial review history, 
and credibility assessment decisions [21], [23]. 
Finally, the study highlights the need for AI 
governance frameworks, smart digital library 
architectures, autonomous trust evaluation 
systems, and human-AI collaborative review 
models to ensure that misinformation detection 
remains transparent, ethical, institutionally 
accountable, and adaptable to changing 
misinformation tactics [29], [30]. 
 
VIII. CONCLUSION 
The study proposes an AI-driven misinformation 
detection framework that integrates transformer-
based deep learning with Library and Information 
Science (LIS) credibility evaluation principles to 
improve digital information verification. The 
framework combines NLP-based semantic 
analysis, metadata validation, authority control, 
CRAAP framework evaluation, source credibility 
assessment, behavioral propagation modeling, and 
real-time monitoring into a unified 
misinformation detection ecosystem. 
Experimental evaluation demonstrates strong 
detection capability, achieving 93.7% 
classification accuracy, 94.1% precision, and 
93.2% recall, outperforming conventional 
machine learning and deep learning baselines. 
The framework also reduces false positive rates 
while maintaining balanced classification 
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performance across credible and misinformation 
content classes. Transformer-based models 
including BERT and RoBERTa, combined with 
ensemble learning strategies, significantly improve 
misinformation identification effectiveness. 
A major contribution of the study is the 
integration of LIS-based trust analytics into 
computational AI systems. The framework 
incorporates authority verification, metadata 
integrity validation, CRAAP-aligned trust scoring, 
and explainable credibility indicators that closely 
correlate with expert librarian evaluations. This 
integration improves transparency, institutional 
reliability, and interpretability of automated 
misinformation assessment. 
The framework is designed for deployment in 
digital libraries, academic repositories, social 
media monitoring systems, and institutional 
information governance environments. Its 
modular microservices architecture supports 
scalable real-time processing, adaptive learning, 
and future federated learning extensions for 
collaborative misinformation detection across 
institutional networks. Overall, the study presents 
a comprehensive, scalable, and institutionally 
grounded AI framework for trustworthy 
misinformation detection and digital knowledge 
management. 
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