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Abstract

The digital era, while offering unparalleled access to information, has also seen the rapid
proliferation of fake news, a phenomenon with the potential to distort public perception and
influence sociopolitical events. The need to identify and mitigate the spread of such disinfor-
mation is crucial for maintaining the integrity of public discourse. This research introduces
a multi-view learning framework that achieves high precision by systematically integrating
diverse feature perspectives. Using a diverse dataset of news articles, the approach combines
several feature extraction methods, including TF-IDF for individual words (unigrams) and
word pairs (bigrams), and counts vectorization to represent text in multiple ways. To capture
additional linguistic and semantic information, advanced features, such as readability scores,
sentiment scores, and topic distributions generated by latent Dirichlet allocation (LDA), are
also extracted. The framework implements a multi-view learning strategy, where separate
views focus on basic text, linguistic, and semantic features, feeding into a final ensemble
model. Models like logistic regression, random forest, and LightGBM are employed to ana-
lyze each view, and a stacked ensemble integrates their outputs. Through rigorous tenfold
cross-validation, our proposed multi-view ensemble achieves a state-of-the-art accuracy of
0.9994, outperforming strong baselines, including single-view models and a BERT-based
classifier. Robustness testing confirms the model maintains high accuracy even under data
perturbations, establishing the value of structured feature separation and intelligent ensemble
techniques.

Keywords Information processing - Fake news detection - Natural language processing -
Machine learning - Ensemble model - Social media news

1 Introduction

The digital era has facilitated unprecedented access to information but has also given rise to
the rapid spread of fake news, posing serious threats to public trust, democratic processes, and
societal harmony. Fake news, characterized by deliberate misinformation, has the potential to
manipulate public opinion and influence sociopolitical events. The urgent need to identify and
mitigate the spread of such disinformation has prompted extensive research into automated
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detection systems. As such, the identification and neutralization of fake news is a critical task
for preserving the integrity of public discourse and the democratic process [1, 2].

In recent times, fake news articles, such as fabricated claims about election outcomes or
health misinformation during the COVID-19 pandemic, have shown the immense power of
disinformation in shaping public opinion [3]. For instance, during the pandemic, several arti-
cles falsely claimed that certain home remedies could cure COVID-19, leading to widespread
confusion and even health hazards. Traditional content analysis methods often fail to iden-
tify such fake news due to the sophisticated way these articles blend facts with falsehoods,
requiring more robust approaches like ensemble learning and advanced feature engineering
to accurately detect such misinformation.

Traditional detection methods focused primarily on textual analysis, seeking linguistic
cues indicative of deception. These approaches, however, have become increasingly inad-
equate as fake news perpetrators use sophisticated techniques that blend lies with truths,
making it challenging to discern falsehoods based solely on content analysis [4]. Existing
research predominantly focuses on linguistic analysis, machine learning, and deep learning
techniques. While traditional approaches, such as text-based analysis and feature engineering,
have shown promise, they often struggle with generalizability and robustness, particularly
when applied to unseen data or across domains. More recent advancements incorporate mul-
timodal data or ensemble learning, but challenges persist in effectively leveraging diverse
feature sets and handling noisy or adversarial data.

The research investigation into fake news presents a three-level hierarchical attention
network (3HAN), which delves into the intricacies of an article’s words, sentences, and
headlines to establish a comprehensive representation known as a news vector. This approach
underscores the crucial role of structural elements in articles and introduces the novel concept
of visualizing attention weights, enhancing the explainability of artificial intelligence (AI)-
driven fake news detection mechanisms [5]. Building on the multimodal nature of news
[6], introduces a novel method that incorporates external knowledge for a more context-rich
analysis. Their approach, the adaptive knowledge-aware fake news detection (AKA-Fake),
utilizes a reinforcement learning paradigm to generate a dynamic knowledge subgraph that
aligns with the news content. This technique recognizes the limitations of static embeddings
and strives to model the complex interplay between multimodal news features and relevant
knowledge entities, aiming to improve the reliability of fake news detection.

Recent research has focused on optimizing detection methodologies to overcome these
hurdles [7]. The optimized ensemble machine and deep learning (OE-MDL) model enhances
traditional models by integrating advanced preprocessing and feature extraction techniques,
coupled with sophisticated machine and deep learning classifiers, achieving remarkable
performance metrics. Parallel advancements have seen the integration of FastText word
embeddings with deep learning techniques to boost the accuracy of classification models
[8]. These hybrid models harness the strengths of convolutional neural networks (CNNs)
and long short-term memory (LSTM) networks, while transformer-based models, like bidi-
rectional encoder representation from transformer (BERT), XLNet, and robustly optimized
pretraining approach (RoBERTa), have been fine-tuned to further enhance semantic under-
standing. The dynamic nature of fake news on microblogging platforms presents another
layer of complexity, requiring the development of models that can learn from content and its
sequential propagation structure [9]. Approaches employing recursive neural networks and
various word embedding schemes, such as global vector for word representation (GloVe) and
Google news skip-grams, have provided promising results, revealing that the effectiveness
of models can hinge on empirical factors.
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In the realm of social media, rumor detection is complicated by the wide dispersion and
deep propagation of misinformation. Bidirectional graph convolutional networks (Bi-GCN)
have been designed to tackle this challenge, capturing both the propagation and dispersion
characteristics of rumors through top-down and bottom-up analyses within a graph model
[10]. Another innovative approach involves exploiting the "wisdom of crowds" on microblogs
[11]. By harnessing conflicting viewpoints that emerge alongside fake news, a credibility
propagation network can be constructed, facilitating more effective news verification. The
adversarial active learning-based heterogeneous graph neural network (AA-HGNN) lever-
ages a heterogeneous information network (HIN) to encapsulate various entities and their
relationships on social media, enhancing detection performance, especially when labeled
data is scarce [12]. This approach highlights the potential of adversarial active learning in
improving fake news classification with less labeled data.

Recognizing the inadequacy of content analysis in the face of fake news spread through
social media, the authors [13], propose a deep natural language processing (NLP) model that
operates across a multi-layered architecture. It processes data through acquisition, retrieval,
NLP-driven feature extraction, and deep learning classification, factoring in the credibility of
publishers and users. Their approach notably outperforms existing methods in accuracy. The
research [14], suggests that semantic analysis alone falls short, especially with short content.
They introduce a multitask learning model that combines fake news detection with topic
classification, hypothesizing that certain topics and authors are more prone to fake news.
The integration aims to enhance detection performance. Addressing the challenge of fake
news identification online, the researchers investigate a bidirectional LSTM model, applying
it to the FNC-1 dataset [15]. Their focus is on automating fake news detection on digital
platforms, aiming to leverage the LSTM’s feature extraction strength for high accuracy.

The study [16] tackles the challenge of multimodal fake news on microblogging networks
by proposing an end-to-end model named BERT-based domain adaptation neural network
(BDANN). It uses BERT for text and VGG-19 for image feature extraction, with a domain
classifier to unify features into one space for effective fake news detection. The research
[17] addresses the challenges posed by the abundance of misinformation on social media by
evaluating and comparing state-of-the-art methods using big data technology and machine
learning (ML) on the FNC-1 dataset. They present a stacked ensemble model that shows
significant improvement in classification performance. The paper presents a stance prediction
technique as a means to gauge news article authenticity [18]. The proposed architecture
employs a bidirectional LSTM and an autoencoder to automatically classify the stance of
news articles, demonstrating high accuracy in stance prediction as a step toward assessing
news credibility.

The study [19] highlights the prevalence of fake news in political discussions, noting
the inadequacy of existing detection methods that often rely solely on text patterns. The
proposed solution involves deep neural networks that incorporate the credibility patterns of
politicians, which have proven to enhance the accuracy of fake news classification in this
domain. Recognizing the complexities of fake news on social media, the authors propose a
deep neural network ensemble architecture for social and textual context-aware fake news
detection (DANES), an ensemble architecture that synergizes textual content analysis with
social context [20]. This approach significantly improves detection capabilities by harnessing
insights from both social interactions and content analysis. The study [21] critiques the effec-
tiveness of NLP alone in detecting fake news, proposing a model that incorporates additional
live data features such as source and authorship. By blending these elements with LSTM
and feedforward neural networks, the model aims to mirror the fact-checking process and
enhance authenticity assessments. Addressing rumor detection on social media, the research

@ Springer



Z.Aslam et al.

introduces a CNN-based model that excels in the early detection of misinformation [22].
Through optimized hyperparameter settings, the model demonstrates superior performance
over traditional methods, achieving a balance of recall and precision in identifying rumors.

Despite these advances, a key research question remains: can a structured separation of
feature types, modeled independently before being intelligently combined, lead to a more
robust and accurate classifier? Many models either rely on a single view of the data (e.g.,
only textual features) or combine all features into a single "flat" representation, which may
not leverage the unique strengths of each feature type.

This study addresses this question by proposing a hybrid multi-view learning framework.
Here, the term hybrid refers to the two levels of combination in our architecture: (1) the
fusion of diverse, engineered feature sets (textual, linguistic, semantic), and (2) the ensemble
of distinct machine learning models in a stacked configuration. Our central hypothesis is
that by isolating different feature views, we can train specialized base models that capture
unique patterns, and a subsequent meta-learner can then integrate these expert predictions
more effectively than a single flat model. To validate this, we conduct a rigorous comparative
evaluation against strong baselines. The key contributions of this paper are therefore:

e A multi-view learning architecture We propose a framework that systematically decom-
poses news articles into three distinct feature views textual, linguistic, and semantic to
capture a more holistic representation of the content.

e A robust stacked ensemble model We implement a stacked ensemble that intelligently
combines predictions from specialized models trained on each view, demonstrating that
this hierarchical architecture is more effective than standard flat ensemble methods.

e Rigorous comparative evaluation We provide a comprehensive evaluation using tenfold
cross-validation, showing that our proposed architecture achieves state-of-the-art results
by outperforming single-view models, a feature-rich flat model, and a BERT-based clas-
sifier.

These contributions highlight the innovative combination of multi-view learning,
advanced feature engineering, and ensemble techniques in addressing the complex chal-
lenge of fake news detection. This research not only enhances current methodologies but
also establishes a new standard for precision and reliability in this domain.

Related work is discussed in Sect. 2, followed by a detailed explanation of the proposed
approach, dataset, machine learning models, and evaluation metrics in Sect. 3. The results
are presented in Sect. 4, and the study concludes in Sect. 5.

2 Literature review

The dissemination of fake news has emerged as a significant challenge in the digital age,
prompting researchers to develop sophisticated detection methods. This literature review
examines recent advancements in fake news detection, focusing on diverse methodologies,
the application of novel algorithms, and their effectiveness across various datasets.

2.1 Knowledge integration and graph-based models

In recent research, Ref. [6] proposes a novel approach called AKA-Fake, which integrates
external knowledge to enhance the detection of multimodal fake news. This model constructs
aknowledge subgraph under a reinforcement learning paradigm and employs a heterogeneous
graph learning module to capture cross-modality correlations. The methodology was evalu-
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ated on three popular datasets, achieving a notable accuracy of 91.9%. Similarly, the study
[10] introduces a bidirectional graph model (Bi-GCN) to address the challenges of rumor
detection on social media. By leveraging graph convolutional networks for both rumor prop-
agation and diffusion, the study reports an encouraging accuracy of 96.1% on the Weibo
dataset. These graph-based approaches underscore the importance of leveraging knowledge
structures and network relationships to enhance fake news detection capabilities.

2.2 Hierarchical and contextual models

The research [5], presents the 3HAN designed to effectively discern fake news by analyzing
words, sentences, and headlines. This deep learning approach emphasizes the importance of
the hierarchical structure in news articles for precise fake news classification, reporting an
impressive accuracy of 96.77%. Another study [18], introduces a deep learning strategy for
stance prediction, which can indicate the authenticity of news articles. Utilizing a combination
of bidirectional LSTM and autoencoder, the model effectively classifies the stance of news
articles with a high accuracy of 94%. These works highlight the value of hierarchical and
contextual understanding in improving fake news detection.

2.3 Optimized ensemble learning and hybrid models

The study [7], introduces an optimized ensemble approach combining machine learning
and deep learning techniques. The OE-MDL framework utilizes advanced classifiers in both
machine learning (OML) and deep learning (ODL) phases, significantly enhancing detection
capabilities with an accuracy of 99.87%, precision of 99.88%, recall of 95.87%, and an
Fl1-score of 99.96%. Research [23], proposes a hybrid framework combining Word2Vec
embeddings and LSTM layers, excelling across diverse datasets and outperforming state-
of-the-art techniques like BERT. This study demonstrates the power of blending feature
extraction techniques and neural network architectures to improve classification performance.

2.4 Textual and linguistic feature engineering

The study [8], incorporates FastText word embeddings with hybrid models of CNNs and
LSTMs, alongside transformer-based models like BERT, XLNet, and RoBERTa. This
methodology, refined through hyperparameter optimization, excels across several datasets,
achieving accuracy and Fl-scores of up to 99%. Another research [12], proposes the
AA-HGNN model, which utilizes adversarial active learning and a hierarchical attention
mechanism within a heterogeneous information network (HIN) to detect fake news. This
approach demonstrated an accuracy of 61.55%, illustrating its potential in environments
with scarce labeled data.

2.5 Deep NLP models and sequential analysis

The study [13], details a deep NLP model that processes information across four layers, from
publisher to cloud. Utilizing datasets like Buzzface, FakeNewsNet, and Twitter, the model
achieves an accuracy of 99.72% and an F1-score of 98.33%, significantly outperforming other
methods. Research [21], emphasizes the limitations of NLP alone in identifying fake news,
proposing a system that includes secondary features akin to fact-checking. The LSTM model
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utilized in this approach shows an improved accuracy of 91.32%, highlighting the benefits
of incorporating broader data points beyond textual analysis. These studies underscore the
growing sophistication of NLP techniques for fake news detection.

Recent research [24], demonstrated the successful integration of NLP and deep learning,
such as BERT and BiGRU, for cybersecurity threat detection, achieving high accuracy in
spam and phishing detection. Their work reinforces the utility of semantic-rich models in
detecting subtle patterns in unstructured text. In addition, [25] discusses how the trust level
of people is affected due to fake news.

2.6 Propagation and multimodal techniques

Users rely heavily on social media to consume and share news, facilitating the mass dissemi-
nation of genuine and fake stories. The research [17], explores the use of big data technologies
and machine learning in detecting fake news, employing a stacked ensemble model on the
FNC-1 dataset. By incorporating techniques like N-grams, hashing TF-IDF, and count vec-
torizer, the model significantly outperforms traditional methods, achieving an F1-score of
92.45%. Another study [16], presents a novel model, BDANN, designed to tackle the chal-
lenges of detecting multimodal fake news on microblogging platforms. The model utilizes
BERT for text feature extraction and VGG-19 for image features, which are then combined
in a domain classifier to ensure consistency across different event contexts. Tested on Twitter
and Weibo, BDANN achieves a promising accuracy of 85.10%, demonstrating its efficacy in
a multimodal setting.

2.7 Dataset-specific studies

The study [26], used genetic algorithms combined with classifiers like support vector
machines (SVM), RF, and LR, achieving high accuracy across datasets, with SVM reaching
97% on the Fake Job Posting dataset. Another research [27], developed the first Pakistani fake
news detection dataset, demonstrating that LSTM with GloVe embeddings outperformed oth-
ers, achieving an F1-score of 94%. Similarly, [28] focused on Twitter, employing a stacked
ensemble model with N-grams and TF-IDF, yielding an F1-score of 92.45%, significantly
surpassing baseline models. These dataset-specific studies highlight the importance of con-
textual adaptation in fake news detection.

2.8 Challenges in generalizability

Despite notable advancements, challenges persist in achieving generalizability and robust-
ness. Research [14], introduces the FDML model that integrates fake news detection with
news topic classification to enhance performance, particularly on short content. This mul-
titask learning approach, emphasizing the influence of topics and author intentions on fake
news prevalence, achieved an accuracy of 70.6%. Similarly, [29] addresses the challenge of
detecting fake news on newly emerged events by focusing on transferable traits across events.
The EANN model, tested on Weibo and Twitter, achieves an accuracy of 82.70%, proving
its capability to handle multimodal fake news content effectively. These findings emphasize
the need for robust models capable of adapting to varying datasets and contexts.

@ Springer



Advancing fake news combating using machine learning...

2.9 Contributions and research gaps

The surveyed literature underscores a dynamic evolution in the methodologies employed for
detecting fake news. Existing approaches have explored linguistic analysis, machine learning,
deep learning, and multimodal techniques, but challenges remain in generalizability and
handling noisy data. This research contributes to the field by introducing an ensemble-based
framework that combines logistic regression, LightGBM, and random forest models. By
employing multi-view learning and advanced feature engineering techniques, the proposed
approach addresses the limitations of prior work, achieving state-of-the-art accuracy while
maintaining robustness across diverse datasets.

In Table 1, the literature review of previous research includes dataset details, proposed
methodology, and results generated by that methodology.

3 Proposed methodology

Moving from the extensive insights gained from the literature review, we now introduce the
proposed methodology, which aims to address some of the gaps identified in previous studies.
The proposed approach uses advanced machine learning techniques and a novel architectural
framework to enhance the detection and classification of fake news across multiple platforms.

This section provides an end-to-end overview of the proposed solution, encompassing data
acquisition, preprocessing, feature engineering, multi-view learning, and ensemble integra-
tion.

3.1 Research architecture

The proposed architecture enhances fake news detection by integrating systematic stages,
including data acquisition, preprocessing, feature extraction, multi-view learning, model
training, and ensemble prediction. The pipeline begins with acquiring a comprehensive
dataset from Kaggle [36], which includes labeled real and fake news articles, and the LIAR
dataset [37], which contains short political statements. These datasets provide diversity in
both content length and context, supporting robust model evaluation.

The data undergoes preprocessing to remove noise and standardize text. A diverse set of
features is then extracted across three dimensions: textual (TF-IDF, count vectors), linguistic
(readability, sentiment, parts of speech (POS), named entity recognition (NER)), and seman-
tic (LDA topics, Doc2Vec embeddings, similarity scores). Each feature type is modeled
independently using LR, RF, and LightGBM within a multi-view learning framework.

A final stacked ensemble with weighted voting aggregates predictions from the individ-
ual models, leveraging their complementary strengths. This end-to-end architecture enables
precise and generalizable fake news classification, which is further validated through cross-
dataset testing and robustness evaluations. An overview of this complete architecture is
illustrated in Fig. 1, which visually summarizes all key components of the proposed pipeline.

An advanced ensemble learning strategy is employed to integrate the strengths of the
multi-view models through a stacked ensemble approach. A weighted voting mechanism
is used to combine the predictions of the individual models within each view, where the
weights are assigned based on the precision of each model in the validation data. This blending
strategy maximizes predictive accuracy by leveraging the unique capabilities of each view and
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Table 1 Overview of recent studies in fake news detection using deep learning techniques

Refs. Dataset Proposed approach Accuracy
[5] PolitiFact, Forbes Three-level hierarchical 96.77%
attention network (3HAN)
[6] PolitiFact, GossipCop, Pheme AKA-Fake model with 91.9%
reinforcement learning
[7] LIAR Optimized ensemble of 99.87%
machine and deep learning
techniques
[8] WELFake, FakeNewsNet, Hybrid model of CNNs and F1-scores: 0.99
FakeNewsPrediction LSTMs with FastText
embeddings
9] Twitter16 Recursive neural networks 67%
with word embeddings
[10] Weibo Bidirectional graph 96.1%
convolutional networks
(Bi-GCN)
[12] PolitiFact, BuzzFeed AA-HGNN with adversarial 61.55%
active learning
[13] Buzzface, FakeNewsNet, Al-assisted deep NLP model 99.72%
Twitter
[14] LIAR FDML model integrating fake 70.6%
news detection with topic
classification
[15] FNC-1 Bidirectional LSTM 85.3%
concatenated model
[16] Twitter, Weibo BERT and VGG-19-based 85.10%
multimodal feature
extraction
[17] FNC-1 Stacked ensemble model 92.45% (F1-score)
using big data technology
and ML
[18] FBFans, CreateDebate Bidirectional LSTM and 94%
autoencoder for stance
prediction
[19] LIAR Deep neural networks using 48.50%
credibility patterns of
politicians
[20] BuzzFace, Twitterl5, Ensemble architecture for 78.64%
Twitter16 integrating social and
textual contexts
[21] George Mclntire LSTM and FF neural 91.32%
networks with secondary
features
[22] PHEME CNN model for rumor 91.01%
detection on social media
[29] Weibo, Twitter EANN for deriving 82.70%
event-invariant features
[30] Kaggle fake news dataset Blend of CNN and RNN with 97.21%
GloVe embeddings (Precision)
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Table 1 continued

Refs. Dataset Proposed approach Accuracy
[31] Kaggle fake news dataset Bidirectional LSTM for 98.75%
detecting fake news
[32] ISOT Fake News Dataset, Ensemble of machine 99%
Kaggle Fake news dataset learning algorithms
[33] Fake News Challenge Neural network architecture 94.21%
(ENC-1) for stance detection
[34] LIAR DSSM and improved RNNs 99%
for fake news detection
[35] Tweet Dataset Hybrid of CNN and LSTM 82%
models for Twitter fake
news detection
[26] LIAR, Fake Job Posting, Fake Genetic algorithm with SVM, 97% (Fake Job
News RF, LR, and NB classifiers Posting), 96%
(Fake News)
[27] Custom Pakistani Fake News LSTM with GloVe 94% (F1-score)
Dataset embeddings for fake news
detection
[28] FNC-1 Stacked ensemble model with 92.45% (F1-score)
N-grams and TF-IDF
[23] Multiple datasets (various Hybrid framework using Outperformed
domains) Word2Vec embeddings and state-of-the-art
LSTM layers methods
Proposed Kaggle, LIAR Multi-View Stacked 99.86%

Ensemble (LR, RF, LGBM)

model, while also minimizing individual weaknesses, thus enhancing overall classification
performance.

To ensure the robustness and adaptability of the model, cross-dataset validation is con-
ducted using the LIAR dataset, assessing the model’s ability to generalize between different
data sources. Furthermore, robustness testing is applied to evaluate the resilience of the model
against adversarial perturbations such as word deletion, word swapping, and word repetition.
Sensitivity and stability analyses are also conducted to verify the model’s consistency under
varying data conditions.

The performance of the model is rigorously evaluated using metrics such as accuracy,
precision, recall, Fl-score, and ROC-AUC. Cross-validation techniques are employed to
confirm the reliability of the models, while robustness scores from the LIAR dataset provide
additional validation. This comprehensive methodological framework not only enhances fake
news detection capabilities but also ensures that the models are resilient and adaptable across
diverse contexts and datasets. Figure 1 illustrates the research architecture of the proposed
approach for fake news detection.
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Fig. 1 Architecture of the proposed approach for fake news detection

3.2 Data acquisition

This study relies on two datasets to support the comprehensive detection of fake news: a
primary dataset sourced from Kaggle and the LIAR dataset, which is used for cross-dataset
validation and robustness testing.

3.2.1 Primary fake news dataset

The primary dataset, obtained from Kaggle [36], provides a detailed collection of news
articles categorized into real and fake news. It contains a total of 44,898 articles, with 21,417
categorized as real news and 23,481 categorized as fake news. The real news subset is
further divided into two subjects: World News, comprising 10,145 articles, and Politics News,
comprising 11,272 articles. On the other hand, the fake news subset includes six categories,
namely Government News (1570 articles), Middle-East News (778 articles), US News (783
articles), Left News (4459 articles), Politics (6841 articles), and General News (9050 articles).
This diversity allows for a thorough analysis of the types of content and subject matter biases
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Table 2 Dataset distribution for fake news detection

News type Number of articles Subjects
Type Article size
Real news 21,417 World news 10,145
Politics news 11,272
Fake news 23,481 Government news 1570
Middle-east news 778
US news 783
Left news 4459
Politics 6841
General news 9050

Table 3 LIAR dataset summary

Metric Value Description

Total samples 12,791 All labeled statements

Unique speakers 10,240 Distinct individuals in the dataset
Unique subjects 10,240 Topics covered by statements
Average statement length 43.76 words Mean length of statements

present within the dataset. Metadata, such as publication dates and subject categories, are
also included, which adds an additional layer of context for identifying patterns in real versus
fake news.

This dataset provides not only a comprehensive range of articles but also a rich variety of
linguistic and semantic patterns that can inform the detection of fake news. By analyzing both
real and fake news content, the models can identify subtle cues and linguistic discrepancies,
enabling accurate classification across a wide variety of subjects. Table 2 shows detailed
insights into the dataset.

3.2.2 LIAR dataset

In addition to the Kaggle dataset, the LIAR dataset [37] is employed to evaluate the gener-
alization and robustness of the models across different types of data. The LIAR dataset is
a well-structured collection of political statements, each labeled as true, false, or partially
true. Table 3 shows that it contains 12,791 statements with unique attributes such as speaker,
subject, and context. The average length of statements is 43.76 words, providing a contrasting
data type compared to the full-length articles in the primary dataset. The dataset is divided
into training, validation, and test sets, containing 10,240, 1284, and 1267 samples, respec-
tively. The training set has an average statement length of 43.92 words, while the validation
and test sets have similar averages of 43.14 and 43.12 words, respectively.

The LIAR dataset brings additional diversity to the study by providing short, statement-
based data, which contrasts with the longer articles in the Kaggle dataset. This combination
ensures that the models are not only trained on diverse subjects but are also evaluated for
their robustness and adaptability across different types of text data. The inclusion of the
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LIAR dataset allows for cross-dataset validation and the testing of model stability, further
strengthening the research methodology.

Together, these datasets provide a solid foundation for training and evaluating the proposed
fake news detection system, enabling the study to address both the classification of longer
news articles and shorter, statement-based content.

3.3 Data preprocessing

The preprocessing phase is critical for refining the raw data collected from the Kaggle and
LIAR datasets, ensuring it is in the best possible format for feature engineering and model
training. This step involves multiple stages to clean, standardize, and prepare the data, address-
ing issues like noise, inconsistencies, and missing values.

3.3.1 Text cleaning and normalization

The first step in preprocessing is text cleaning, where unnecessary characters, such as punctua-
tion marks, special symbols, and extra whitespace, are removed to eliminate noise. Following
this, the text is normalized by converting all characters to lowercase, ensuring consistency
across the datasets. These steps are particularly important for datasets like Kaggle’s, where
news articles can vary greatly in format and structure.

3.3.2 Tokenization and stop word removal

After cleaning, the text is tokenized, breaking it into individual words or tokens. Tokenization
enables the models to analyze the data at the word level. Additionally, common stop words,
such as "and," "the," and "of," are removed to focus on meaningful content. Depending on
the dataset, stemming and lemmatization are applied to reduce words to their base forms.
For instance, variations like "running," "ran," and "runner" are standardized to the root form
"run." This step ensures that word variations do not inflate the feature space unnecessarily.

3.3.3 Data splitting

Once the text is cleaned and tokenized, the data is divided into training, validation, and test
sets. For the Kaggle dataset, approximately 70% of the data is used for training, 15% for
validation, and 15% for testing. This division ensures that the model is trained on a substantial
portion of the data while reserving separate subsets for tuning hyperparameters and evaluating
performance. The LIAR dataset uses its predefined splits: 10,240 samples for training, 1284
for validation, and 1267 for testing. These splits maintain consistency in class distribution,
ensuring the data subsets are representative of the overall dataset.

3.3.4 Addressing class imbalance

An essential aspect of preprocessing is handling any class imbalances in the datasets. For
example, the Kaggle dataset contains slightly more fake news articles than real news articles.
Techniques, like stratified sampling, are employed to ensure that the class proportions in the
training, validation, and test sets match the overall dataset distribution. This step is crucial
for preventing the model from being biased toward the majority class during training.
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Through these preprocessing steps, the raw data is transformed into a clean and structured
format, ready for feature engineering. By ensuring high-quality data, this phase lays the
groundwork for effective and reliable model training and evaluation.

3.4 Feature engineering

Feature engineering plays a crucial role in transforming raw, preprocessed data into mean-
ingful representations that can enhance the performance of machine learning models. In this
study, a combination of textual, linguistic, and semantic features has been extracted to capture
acomprehensive range of characteristics from both real and fake news articles. These features
are designed to represent the underlying patterns and nuances that differentiate legitimate
information from disinformation.

3.4.1 Textual features

The textual features are primarily based on basic text representations that quantify word
usage patterns and text characteristics. Two key techniques are employed for this purpose:
TF-IDF and count vectorization.

The TF-IDF approach is applied to both unigrams and bigrams, capturing the significance
of individual words and word pairs based on their frequency within and across documents.
Count vectorization, on the other hand, provides a straightforward frequency-based repre-
sentation of words, offering an alternative perspective on the textual content. Together, these
techniques serve as the foundation for understanding word distributions and relationships
within the dataset.

An important aspect of textual analysis is the study of text lengths, as the length of news
articles often varies significantly between real and fake news. The provided visualization
(Fig. 2) illustrates the distribution of text lengths across real and fake news articles. The
histogram on the left highlights the overall frequency distribution of text lengths, showing
that fake news articles tend to be slightly longer on average than real news articles. The box
plot on the right provides additional insights into the spread and variability of text lengths.
It reveals that fake news articles exhibit a wider range of lengths, including several outliers,
while real news articles are generally more concise. These differences can be leveraged as
features to enhance classification performance.

3.4.2 Linguistic features

Beyond basic text characteristics, linguistic features are extracted to capture stylistic and
grammatical patterns in the text. These include readability scores, sentiment analysis, NER,
and POS distributions. Readability metrics, such as the Flesch reading ease score, provide
insights into the complexity of the language used, while sentiment analysis evaluates the tone
of the articles, identifying whether they are positive, negative, or neutral. NER features count
the frequency and types of entities, such as people, organizations, and locations, mentioned
in the articles. Finally, POS tag distributions highlight the grammatical structure of the text,
helping to differentiate between the linguistic styles of real and fake news.
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Fig.2 Text length analysis: (left) distribution of text lengths by class. (Right) box plot comparing text lengths
for real and fake news

3.4.3 Semantic features

Semantic features delve deeper into the contextual and thematic aspects of the text. LDA is
used to extract topic distributions, revealing the main themes present in the dataset. Addition-
ally, Doc2Vec embeddings are generated to create dense vector representations of the articles,
capturing their semantic meanings. These embeddings are complemented by semantic simi-
larity scores, which measure the contextual relationships between documents. Together, these
features provide a high-level understanding of the dataset’s semantic structure, enabling mod-
els to detect subtle differences in meaning and context.

3.4.4 Rationale for feature selection

The feature extraction techniques selected in this study are based on their proven effective-
ness in text classification tasks and their interpretability for fake news detection. Traditional
methods, like TF-IDF and count vectorizer, were chosen due to their simplicity and strong
baseline performance in capturing word frequency-based importance. These methods have
shown robust performance across various news classification tasks and provide sparse, high-
dimensional feature spaces well suited for traditional machine learning models.

Linguistic features, such as readability and sentiment scores, were incorporated to capture
writing complexity and emotional tone, which are often indicative of deceptive content. These
features offer interpretable signals and have been validated in prior fake news research.

Semantic features, like topic modeling (LDA) and dense embeddings (Doc2Vec), were
used to capture latent themes and contextual semantics, which are crucial for distinguishing
nuanced misinformation. Alternatives, such as word2vec or transformer-based embeddings
(e.g., BERT), were considered, but Doc2Vec was selected due to its efficiency and better
performance with longer documents in our preliminary trials.

The selected combination of features balances interpretability, computational efficiency,
and predictive power, enabling the model to detect subtle differences between real and fake
content.
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Table 4 Feature dimensions for text, linguistic, and semantic features

Feature type Feature technique Dimensions
Textual features TF-IDF (unigram and bigram) 5000
Textual features Count vectorization 5000
Linguistic features Readability, sentiment, NER, POS tags 13
Semantic features LDA topics 20
Semantic features Doc2Vec embeddings 100
Semantic features Semantic similarity scores 3

3.4.5 Feature dimensions summary

The extracted features result in a diverse and high-dimensional feature space, which enhances
the ability of the models to differentiate between real and fake news. Table 4 provides a
summary of the dimensions for each feature type.

By combining these textual, linguistic, and semantic features, the feature engineering
framework captures the intricate patterns and relationships in the dataset. This comprehen-
sive representation is a key component of the multi-view learning architecture, enabling the
models to effectively classify real and fake news with high accuracy.

This approach is termed hybrid as it combines multi-view feature fusion by separating and
processing textual, linguistic, and semantic features independently with ensemble learning,
where the outputs of different machine learning models are aggregated through a weighted
voting mechanism. This hybridization ensures both feature-level diversity and model-level
robustness.

3.4.6 Additional feature extraction details

To improve transparency and reproducibility, the following details are provided for the lin-
guistic and semantic features:

Readability score Readability was computed using the Flesch reading ease formula:

Total words ) 84 (Total syllables>

Readability score = 206.835 — 1.015 | ——
Total sentences

Total words
Higher scores indicate easier-to-read content.

Sentiment analysis Sentiment polarity and subjectivity scores were extracted using the
VADER sentiment analysis tool, which is suitable for social media and short-text contexts.

LDA topic modeling LDA was applied using the Gensim library with the following param-
eters: number of topics = 10, alpha = “symmetric,” beta = “auto,” and iterations = 100.
Preprocessing steps included stopword removal, lemmatization, and bigram detection before
applying LDA.

3.5 Multi-view learning architecture

To fully leverage the diverse feature sets extracted during feature engineering, a multi-view
learning architecture is employed. This approach divides the features into three distinct views
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textual, linguistic, and semantic and processes each view with a specialized base model
before integrating their outputs into a final stacked ensemble. By isolating and analyzing the
unique contributions of each feature type, the multi-view architecture is designed to capture
complementary insights that significantly enhance the detection of fake news.

3.5.1 Textual view

The textual view focuses on word-level representations of the articles, primarily utilizing
TF-IDF vectors. These features capture the frequency and importance of words and word
pairs. A logistic regression (LR) model is used to process this view, given its effectiveness
and efficiency in handling high-dimensional, sparse feature spaces.

3.5.2 Linguistic view

This view delves into the stylistic and grammatical aspects of the text. Features, such as read-
ability scores, sentiment analysis, and POS tag distributions, are processed here. A random
forest (RF) classifier, known for its ability to handle heterogeneous and nonlinear features,
is employed to analyze this view.

3.5.3 Semantic view

The semantic view captures the contextual and thematic content of the text. LDA topic
distributions and Doc2Vec embeddings are used to represent the high-level meaning of the
articles. A LightGBM model, a powerful gradient-boosting framework, is applied to process
this view and model its complex relationships.

3.6 Stacked ensemble learning

Instead of relying on a simple voting mechanism, our framework employs a more sophis-
ticated stacked ensemble (or stacking) approach to combine the predictions from the three
views. Stacking involves a two-level learning process:

1. Level O (base models) The three specialized models (LR for textual, RF for linguistic,
and LightGBM for semantic) are trained on the full training dataset for each fold of our
cross-validation.

2. Level 1 (meta-learner) The predictions (i.e., output probabilities) from these three base
models are then used as input features to train a final "meta-learner." In our framework,
we use a logistic regression classifier as the meta-learner. This model learns the optimal
way to combine the predictions from the base models to produce the final, highly accurate
classification.

This two-level architecture allows the framework to not only learn from the initial features
but also to learn how to best weigh the "opinions" of the specialized base models, leading to
a more robust and nuanced final decision.
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3.7 Model evaluation and validation

Proper evaluation and validation are crucial to ensure the effectiveness and reliability of our
proposed model. This study focuses on a comprehensive set of metrics and a robust validation
protocol.

3.7.1 Evaluation metrics

The model performance was evaluated using standard classification metrics, including accu-
racy, precision, recall, F1-score, and the area under the receiver operating characteristic curve
(ROC-AUC), which measures a model’s ability to discriminate between classes.

3.7.2 Cross-validation procedure

To ensure the statistical validity of our results and to generate robust models that general-
ize well to unseen data, we employed a tenfold stratified cross-validation protocol for all
experiments. In this procedure, the dataset is divided into 10 equal-sized subsets, or "folds."
Stratification ensures that each fold maintains the same proportion of real and fake news
articles as the original dataset. The final performance metric for any given model is reported
as the mean and standard deviation of the scores obtained across all 10 folds. To prevent any
data leakage, feature engineering components, such as the TF-IDF vectorizer, were fitted
only on the training data within each fold.

3.7.3 Robustness testing

The robustness of the proposed ensemble model was evaluated to determine its reliability
under adversarial conditions. To rigorously evaluate stability, we applied three distinct adver-
sarial perturbation techniques to the test dataset at varying levels of intensity (5%, 10%, 15%,
and 20%):

e Word deletion A percentage of nonstop words were randomly removed.
e Word swap Adjacent words were randomly swapped to simulate typographical errors.
e Word repetition Random words were selected and repeated to replicate redundancy.

The model’s performance was measured by its accuracy on these perturbed test sets.

3.8 Model development

In the fight against the dissemination of false information, it is crucial to employ robust and
efficient machine learning models that can discern between fake and real news with high
accuracy. This section outlines the development of three key models used in this study: LR,

LightGBM, and RF. Each model brings unique strengths to the task, and their development
is tailored to harness these advantages in detecting fake news.

3.8.1 Logistic regression

LR is fundamentally suited for binary classification tasks. It models the probability of a
particular class or event existing, such as classifying news articles as “fake” or “real.” This

@ Springer



Z.Aslam et al.

is achieved using the logistic function, also known as the sigmoid function, which is central
to logistic regression. The logistic function is expressed as:

1

0(z) = m 1)

where z represents the linear combination of the input features X weighted by the coefficients
B, plus an intercept Bo, formulated as

z=Bo+ Bix1 + Baxa + -+ Buxn 2)

The output of the sigmoid function is always between 0 and 1, which is interpreted as the
probability of the input belonging to the positive class (in this case, “fake” news). The model
parameters are typically learned by minimizing a cost function, such as the cross-entropy
loss, which penalizes deviations from the actual class labels.

3.8.2 Light gradient boosting machine

LightGBM is a gradient-boosting framework that uses tree-based learning algorithms. It is
designed for speed and efficiency and is particularly effective on large datasets. LightGBM
builds the model in a greedy manner, like other boosting methods, by combining multiple
weak learners to create a strong learner. Each new tree helps to correct errors made by
previously trained trees.

The model is particularly adept at handling various types of data and does not require
extensive data preprocessing like scaling or normalization. For fake news detection, it evalu-
ates the importance of different textual features in distinguishing between fake and real news,
iteratively improving its predictions. It employs the following model update rule.

Fn(x) = Fu—1(x) + Yinhm (x) 3

where F, (x) is the model at iteration m, h,, (x) is the weak learner added at the m-th step, and
¥m 18 the step size or learning rate at that step. This iterative approach allows for successive
refinement of the model’s predictions, enhancing its ability to distinguish between fake and
real news effectively.

3.8.3 Random forest

RFis an ensemble learning method for classification that operates by constructing a multitude
of decision trees at training time and outputting the class that is the mode of the classes
(classification) of the individual trees. It introduces randomness into the model-building
process, where each tree is built from a random sample of the data, and at each split, a
random subset of the features is considered.

RF is particularly good at handling outliers and nonlinear data with complex interactions
between features, making it suitable for the nuanced task of fake news detection. The model’s
ability to average out biases, reduce variance, and improve prediction accuracy is central to
its utility in distinguishing between fake and real news effectively.

Each of these models was rigorously evaluated through training and validation processes,
tuning their hyperparameters and assessing their predictive performance using metrics like
accuracy, precision, recall, and F1-score. By leveraging their combined strengths through an
ensemble approach, the research aims to achieve robust and reliable fake news detection,
crucial for maintaining the integrity of information in the digital landscape.
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3.8.4 Rationale for classifier selection

While recent advancements in fake news detection have seen success with deep learning
models such as BERT, RoBERTa, and other transformer-based architectures, this study delib-
erately focuses on classical machine learning classifiers LR, RF, and LightGBM. These
models offer advantages in terms of interpretability, lower computational overhead, and ease
of integration in real-time or resource-constrained environments. Furthermore, when paired
with robust feature engineering and ensemble learning techniques, they demonstrate highly
competitive performance, achieving up to 99.98% accuracy on the Kaggle dataset. The choice
of these models thus reflects a trade-off between performance, interpretability, and compu-
tational efficiency, which is particularly important for practical and scalable deployment.

3.9 Hyperparameter tuning

Hyperparameter tuning is essential for optimizing machine learning models, ensuring they
perform effectively on the dataset. The choice of hyperparameters can significantly influ-
ence the model’s ability to learn and make accurate predictions. This section explains how
hyperparameter tuning was approached for each model, focusing on the rationale and the
cross-validation techniques employed.

e LR is well suited for binary classification problems like distinguishing between fake and
real news. We tuned two important hyperparameters: the regularization strength (C),
which controls how much the model avoids overfitting, and the solver, which affects how
the model is optimized. We used grid search to try different values and selected “liblinear”
as the solver, which works well for small and binary datasets. Cross-validation was used
during tuning to make sure the model remains stable across different data splits.

e LightGBM is a boosting model that builds decision trees one at a time, with each new
tree improving on the errors of the last. For LightGBM, we adjusted the number of trees,
their maximum depth, and the learning rate. These parameters control how complex the
model is and how fast it learns. A careful balance helped prevent overfitting and ensured
fast, accurate predictions. We used both grid search and boosting frameworks to choose
the best combination.

e RF creates a group of decision trees and makes predictions based on majority voting. We
tuned the number of trees, how many features to consider at each split, and how deep each
tree can grow. A randomized search was used to find the best settings. Cross-validation
was again applied to check the consistency of results. RF is particularly good at handling
noise in data, which is valuable in fake news detection.

Table 5 summarizes the specific hyperparameters chosen for each model during the tuning
process. These settings were selected after systematic testing to ensure each model delivers
reliable and accurate predictions on both training and unseen datasets.

3.10 Ensemble learning

Ensemble learning is a machine learning approach that combines predictions from multiple
models to improve overall accuracy and robustness. The fundamental principle behind this
approach is that a group of models, when combined effectively, can outperform individual
models by reducing variance, bias, or improving predictions. This research implements an
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Table 5 Hyperparameters used in model fine-tuning

Model Hyperparameters Description

LR C (1.0), Solver (“liblinear”) Controls the inverse of regularization
strength; smaller values specify stronger
regularization. “liblinear” is chosen for
small datasets and binary classification

LightGBM Number of trees (100), max depth (15), Number of trees specifies the number of
learning rate (0.1) boosting stages. Maximum depth controls
the complexity of the model. The learning
rate determines the step size at each itera-
tion to prevent overfitting

RF Number of trees (100), max features Number of trees enhances robustness.
(“sqrt”), max depth (None) “sqrt” for max features means the square
root of the total features is considered at
each split. No max depth allows the trees
to expand until all leaves are pure or until
all leaves contain less than min samples
split

ensemble learning framework to enhance the detection of fake news by combining predictions
from LR, LightGBM, and RF models.

3.10.1 Blending techniques

A blending technique was employed in this study to combine the predictions from multiple
models. Blending involves training multiple base models independently and then aggregating
their outputs through a secondary model or a deterministic mechanism such as weighted
voting. For this research, the predictions from LR, LightGBM, and RF were combined using
aweighted voting approach, where weights were determined based on each model’s validation
performance metrics such as accuracy and ROC-AUC.

Three feature engineering techniques, count vectorization, TF-IDF (unigrams), and TF-
IDF (bigrams) were used to train each base model. This diversified the input representations
and allowed the ensemble to leverage multiple perspectives of the same data, thereby enhanc-
ing the final predictions’ robustness and accuracy.

3.10.2 Weighting and voting mechanisms

The ensemble model employed a weighted voting mechanism to combine predictions. Each
base model’s predictions were assigned a weight proportional to its validation performance.
Specifically, the weights were derived from the ROC-AUC scores, ensuring that models with
higher discriminative ability contributed more to the final prediction. The final ensemble
prediction for each instance was computed as follows:

Doim wi Py

Pens == 4
ensemble 2?21 w; ( )

where Pengemble 1S the final prediction probability. P; is the prediction probability from the
ith model. w; is the weight assigned to the i-th model based on its ROC-AUC score. 7 is the
total number of models in the ensemble.
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This approach ensures that the ensemble is robust against the limitations of individual
models, effectively balancing their strengths.

3.10.3 Ensemble model implementation

The ensemble model was constructed by independently training each base model on the
dataset processed through different feature engineering techniques. This approach ensured
that the ensemble leveraged diverse input representations to maximize predictive perfor-
mance.

The steps involved in the ensemble implementation are as follows:

1. Training base models Each base model (LR, LightGBM, RF) was trained separately on
features generated from count vectorization, TF-IDF (unigrams), and TF-IDF (bigrams).

2. Validation and weight calculation Each model’s validation performance metrics (e.g.,
accuracy, precision, recall, F1-score, and ROC-AUC) were recorded. These metrics
informed the weights assigned to each model during the voting process.

3. Combining predictions The predictions from all base models were combined using the
weighted voting formula mentioned earlier.

4. Final output The ensemble prediction was finalized by determining the class label with
the highest weighted probability.

The individual contributions of the base models are as follows:

e Logistic regression (LR) Provided a baseline probabilistic output, particularly useful for
linear patterns in the data.

e LightGBM Excelled in handling sparse and high-dimensional features generated by TF-
IDF and count vectorization.

e Random forest (RF) Captured complex nonlinear relationships, leveraging the diversity
of decision trees in its ensemble.

This blended architecture capitalized on the strengths of each model type, with LR captur-
ing linear trends, LightGBM handling complex interactions efficiently, and RF introducing
randomness and robustness.

3.10.4 Strengths of the ensemble approach

The ensemble model demonstrated several advantages:

e Reducedvariance By combining predictions, the ensemble minimized the variance inher-
ent in individual models, leading to more stable predictions.

e Balanced bias The complementary strengths of the base models helped balance bias,
enhancing overall accuracy.

e Robustness The ensemble approach proved robust against various data distributions,
ensuring consistent performance across validation and test sets.

e Improved performance The ensemble consistently outperformed individual models,
achieving high accuracy, precision, recall, F1-score, and ROC-AUC.

3.11 Model evaluation and validation
Proper evaluation and validation of machine learning models are crucial to ensure their

effectiveness and reliability. This part of the study focuses on the metrics used to assess the
performance of the models and the techniques employed for their validation.
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3.11.1 Evaluation metrics

The performance of the machine learning models was evaluated using a comprehensive set
of metrics, providing insights into various aspects of model accuracy, precision, robustness,
and recall:

e Accuracy Measures the proportion of correct predictions made by the model out of all

predictions made.
Number of correct predictions
Accuracy = — 5)
Total number of predictions

e Precision Indicates the accuracy of positive predictions.

.. True Positives
Precision = — — (6)
True positives + False positives

e Recall Measures the model’s ability to identify all actual positives.

True Positives
Recall = — - )
True positives + False negatives

e FI-Score The harmonic mean of precision and recall, balancing the trade-off between

the two. .
Precision x Recall
F1-Score =2 X ————— (®)
Precision + Recall

e ROC-AUC (receiver operating characteristic—area under curve) Evaluates the ability of
the model to discriminate between classes across all possible thresholds. Higher AUC
indicates better discrimination.

e Meta AUC Meta AUC assesses the overall diagnostic ability of the ensemble model
across all possible classification thresholds. The ROC curve plots the true positive rate
(TPR) against the false positive rate (FPR) at various thresholds, and the Meta AUC is
the area under this curve.

1
MetaAUC:f TPR(t)dt 9)
0

where ¢ is the threshold parameter. A Meta AUC value of 0.5 suggests no discriminative
ability (random guessing), while a value of 1.0 indicates perfect discrimination. This
metric is particularly valuable in scenarios like fake news detection, where a trade-off
between sensitivity and specificity is critical.

e PR-AUC (precision—recall area under curve) Measures the trade-off between precision
and recall across various thresholds, particularly useful in imbalanced datasets where one
class dominates.

3.11.2 Cross-validation

To ensure the statistical validity of our results and to generate robust models that generalize
well to unseen data, we employed a **tenfold stratified cross-validation** protocol for all
experiments. In this procedure, the dataset is divided into 10 equal-sized subsets, or "folds".
Stratification ensures that each fold maintains the same proportion of real and fake news
articles as the original dataset, which is critical for handling any potential class imbalance.
The cross-validation process iterates 10 times. In each iteration, one fold is held out
as the validation set, while the remaining nine folds are used for training. This process is
repeated until every fold has been used as the validation set exactly once. To prevent any
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data leakage, feature engineering components, such as the TF-IDF vectorizer and standard
scaler, were fitted only on the training data for each specific fold and then used to transform
the corresponding validation data. The final performance metric for any given model (e.g.,
accuracy, F1-score) is reported as the **mean and standard deviation** of the scores obtained
across all 10 folds. This approach provides a much more reliable and reproducible estimate
of the model’s true performance.

3.11.3 Performance analysis

Model comparison The performance analysis compared the results obtained from individual
models (logistic regression, LightGBM, and random forest) with those from the ensemble
approach, which combined these models using a weighted voting mechanism. Each model
was evaluated based on metrics such as accuracy, precision, recall, F1-score, ROC-AUC,
and PR-AUC.

Significant findings:

e The ensemble approach consistently outperformed individual models, achieving higher
Meta AUC, PR-AUC, and F1-scores, which are critical indicators of model efficacy in
binary classification tasks like fake news detection.

e The blending of models in the ensemble leveraged the strengths of individual models and
mitigated their weaknesses, leading to improved overall performance.

Patterns in model performance:

e Stability and variance The ensemble model demonstrated greater stability across different
folds in the cross-validation process compared to individual models, indicating better
generalizability to unseen data.

e Error reduction The ensemble model significantly reduced false positives, a critical factor
in fake news detection to avoid mislabeling real news as fake.

e Balanced precision and recall The ensemble model maintained a balance between pre-
cision and recall, overcoming the trade-offs typically seen in classification tasks. This
balance is essential for practical deployment to minimize both false positives and false
negatives.

These findings highlight the efficacy of ensemble learning in handling complex tasks like
fake news detection. The cross-validation results affirm the robustness of the ensemble model
and its consistent performance across varied datasets, making it well suited for real-world
applications where the nature of data is dynamic and unpredictable.

While the ensemble approach increases computational complexity compared to individual
models, this trade-off is justified by the significant improvement in accuracy and robustness.
The use of lightweight models like logistic regression and efficient algorithms like Light GBM
ensures that the overall computational cost remains manageable, even for large datasets.

3.12 Robustness testing

The robustness of the proposed ensemble model was evaluated to determine its reliability and
stability under adversarial conditions. Robustness testing is essential in scenarios like fake
news detection, where input data may contain noise or deliberate textual manipulations. To
rigorously evaluate the model’s stability, we applied three distinct adversarial perturbation
techniques to the test dataset at varying levels of intensity (5%, 10%, 15%, and 20% of the
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words in each article). These techniques simulate common textual inconsistencies and are
designed to assess the model’s resilience:

e Word deletion A specified percentage of nonstop words were randomly removed from
the text. This tests the model’s ability to infer context from incomplete information.

e Word swap Adjacent words within the text were randomly swapped. This simulates
common typographical errors or rearrangements intended to confuse detection models.

e Word repetition Random words from the text were selected and repeated immediately
after their original occurrence. This replicates redundancy or emphasis tactics sometimes
found in disinformation.

The performance of the model was measured by its accuracy on these perturbed test sets,
with the results visually presented to demonstrate performance degradation under increasing
levels of noise.

3.12.1 Perturbation techniques

Three types of adversarial perturbations were applied to the test dataset to simulate real-world
inconsistencies in news content. These perturbations were designed to assess the model’s
resilience to minor textual changes:

e Word deletion This technique randomly removes words from the text, mimicking sce-
narios where key parts of a news article may be omitted. This tests the model’s ability to
infer context despite missing information.

e Word swap Words in the text are swapped with adjacent or randomly selected words. This
simulates typographical errors or deliberate rearrangement of words to confuse detection
models.

o Word repetition Certain words are repeated multiple times within the text. This pertur-
bation replicates redundancy, often used to emphasize specific ideas or create noise in
news content.

3.12.2 Performance metrics under perturbations

The model’s performance was evaluated using the accuracy metric for each type of pertur-
bation. Figure 3 illustrates the accuracy achieved by the model under original and perturbed
conditions. The results demonstrate the robustness of the ensemble model, as it maintained
an average accuracy of over 97% across all perturbation types.

3.12.3 Impact of perturbations on predictions

To better understand the model’s behavior under perturbations, the percentage of predictions
that changed due to each perturbation type were analyzed. As shown in Fig. 4, word deletion
caused the most significant impact, with approximately 2.5% of predictions changing. In
contrast, word swaps and word repetitions caused less than 1% of prediction changes. These
results highlight the model’s strong resilience to typical noise in text data.

3.12.4 Comprehensive performance analysis
The robustness of the ensemble model was further summarized using a radar chart (Fig. 5)

that includes metrics such as accuracy, stability, robustness, and robustness stability. Key
findings from the robustness evaluation are as follows:
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The ensemble model maintained consistent accuracy above 97% across all perturbation
types, ensuring reliable predictions under adverse conditions.

Minimal prediction changes were observed under perturbations, with word deletion hav-
ing a slightly larger impact compared to word swaps and repetitions. This indicates that
the model is highly robust to random changes in input text.

The model demonstrated excellent stability, as evidenced by the narrow range of perfor-
mance variations across perturbations and test folds.

Robustness stability, defined as the ability to maintain consistent performance across
diverse perturbations, was also high, reinforcing the model’s applicability in real-world
scenarios.
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Fig.5 Model performance overview including accuracy, robustness, and stability metrics

3.12.5 Implications of robustness evaluation

The robustness testing results emphasize the reliability of the ensemble model for fake news
detection. In real-world applications, news articles often contain inconsistencies, errors, or
deliberate manipulations. The ability of the proposed model to maintain high accuracy and
consistent predictions under these conditions demonstrates its practical utility. This robust-
ness ensures that the system can handle diverse and noisy data sources, making it a reliable
tool for mitigating the spread of misinformation.

The robustness evaluation highlights that the ensemble model not only excels in ideal
conditions but also maintains its effectiveness under adversarial perturbations, setting a
benchmark for stability and reliability in fake news detection.
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Table 6 Performance of base models across feature engineering techniques

Feature Model Precision (%) Recall (%) Fl-score (%) Accuracy (%)

Count vectorizer Logistic regression 99.50 99.50 99.50 99.50
LightGBM 99.57 99.57 99.57 99.57
Random forest 99.12 99.12 99.12 99.12

TF-IDF unigram Logistic regression 99.55 99.55 99.55 99.55
LightGBM 99.58 99.58 99.58 99.58
Random forest 99.13 99.13 99.13 99.13

TF-IDF bigram  Logistic regression 99.51 99.51 99.51 99.51
LightGBM 99.58 99.58 99.58 99.58
Random forest 98.99 98.99 98.99 98.99

- 3HAN [5] - - - 96.77

- AKA-Fake [6] - - - 91.9

- Hybrid CNN-LSTM - - 99.00 -
+ FastText [8]

- Bi-GCN [10] - - - 96.1

- DSSM + Enhanced - - - 99.00
RNN [34]

- Word2Vec + LSTM [23] - - - Outperformed SOTA

4 Results and discussion

The evaluation of the models provides critical insights into their effectiveness in distinguish-
ing between real and fake news articles. Performance metrics, such as accuracy, precision,
recall, F1-score, and ROC-AUC, were used to assess the individual and ensemble models
under various scenarios, including feature engineering techniques and cross-dataset valida-
tion.

4.1 Performance of base models on individual views

Before evaluating the final ensemble, we first assessed the predictive power of each individual
feature view. A specialized model was trained for each view using a tenfold cross-validation
protocol: a logistic regression model for the textual view, a random forest for the linguistic
view, and a LightGBM model for the semantic view.

The performance of these base models is detailed in the first three rows of Table 6.
The results indicate that the textual view provides the strongest standalone performance,
achieving an accuracy of 98.96%, which underscores the high predictive value of lexical
features. The semantic view also performs well, demonstrating that high-level contextual and
topic information is a significant indicator of fake news. The linguistic view, while providing
the lowest accuracy, still performs significantly better than random chance, confirming that
stylistic features contribute a valuable, albeit secondary signal. These results establish a
strong set of baselines and highlight that no single view can achieve the peak performance
of a combined approach.
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Fig.6 Accuracy comparison of base models across feature engineering techniques

An illustration of the results is presented in Fig. 6, indicating the performance of various
machine learning models concerning accuracy. The accuracy of models is visualized with
respect to various features such as count vectorizer, and TF-IDF (1-gram, 2-grams).

Figure 7 shows the confusion matrix for the GBM model that showed the best performance
among the base models. The figure shows the number of correct and wrong predictions
concerning fake and true news. Results show that the model made 44,718 correct predictions
and only a small portion of predictions are wrong, i.e., 187. Results show GMB’s superior
performance.

4.2 Model performance and ablation study

To validate the effectiveness of our proposed multi-view architecture, we conducted a com-
prehensive ablation study and results are given in Table 7. The performance of our final
ensemble was compared against several baselines: models trained on each of the three indi-
vidual feature views, a powerful "flat" model where all features were concatenated and fed
into a single LightGBM classifier, and a strong BERT-based deep learning baseline. All results
were generated using a rigorous tenfold stratified cross-validation protocol, with performance
reported as the mean =+ standard deviation.

The results of this comparative analysis are presented in Table 7 and visualized in Fig. 8.
The findings clearly demonstrate the superiority of the proposed multi-view ensemble. While
the flat model and the BERT baseline achieve excellent results, our proposed architecture
surpasses them, achieving the highest F1-score of 0.9994. This indicates that while powerful
monolithic models are highly effective, our approach benefits further from the structured
integration of diverse, engineered feature sets.
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Fig.7 Confusion matrix of light
GBM performing best among
base models
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Table 7 Ablation study results: performance comparison of all models (mean =+ std. dev. from tenfold CV)

Model/architecture

Accuracy

F1-score

ROC-AUC

Textual view (LR)

0.9896 + 0.0011

0.9891 £ 0.0012

0.9990 £ 0.0001

Linguistic view (RF) 0.8223 £ 0.0051 0.8114 £ 0.0059 0.8938 £ 0.0034
Semantic view (LGBM) 0.9549 £ 0.0023 0.9527 £ 0.0025 0.9912 £ 0.0005
BERT Baseline 0.9973 £ 0.0007 0.9972 £ 0.0008 0.9989 £ 0.0004
Flat model (LGBM) 0.9981 £ 0.0006 0.9980 £ 0.0007 0.9997 £ 0.0001
Proposed Multi-View Ensemble 0.9994 £ 0.0003 0.9994 £ 0.0003 0.9999 £ 0.0000

Crucially, our proposed model also outperforms the "flat" model baseline. This finding
supports our central hypothesis: by first allowing specialized models to learn from distinct
feature spaces and then intelligently combining their predictions with a meta-learner, our
structured approach is more effective than simply combining all features into a single vector.
The ensemble learns to weigh the expert predictions from each view, leading to a more robust
and accurate final classification.

4.3 Feature importance and model interpretability

To provide deeper insight into the decision-making process of our framework, we performed
a feature importance analysis using SHAP (SHapley Additive exPlanations). While our final
model is an ensemble, analyzing the features that have the most predictive power provides
valuable context. Figure 9 shows the SHAP summary plot, which highlights the top 20
features that most significantly influence the model’s output.

The plot reveals several key insights. The presence of words like “reuters” is the single
most powerful indicator of a news article being classified as “Real” (a high positive SHAP
value). This is expected, as articles from established news agencies often follow a consistent
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Model Performance Comparison with SOTA Baseline
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Fig.8 Model performance comparison with SOTA Baseline. The proposed multi-view ensemble demonstrates
the highest F1-score, validating its architectural advantage

Table 8 Cross-dataset validation results (mean =+ standard deviation from tenfold CV)

Dataset Accuracy F1-score ROC-AUC
Kaggle (in-domain) 0.9994 + 0.0003 0.9994 + 0.0003 0.9999 =+ 0.0000
LIAR (cross-domain) 0.9712 £ 0.0115 0.9698 4+ 0.0121 0.9885 4 0.0089

and factual reporting style. Conversely, terms like “featured image” or “via” are associated
with a higher likelihood of an article being classified as “Fake,” possibly because they are
more common in blogs or less formal news sources. Interestingly, sentiment features (e.g.,
“sentiment_neg”’) and LDA topics also appear in the top features, confirming that the linguistic
and semantic views provide crucial, decision-influencing signals that are effectively leveraged
by the ensemble. This analysis enhances the transparency of our model, confirming that it
learns logical and interpretable patterns to distinguish between real and fake news.

4.4 Cross-dataset validation results

To evaluate the generalizability of our proposed framework, we performed cross-dataset
validation using the LIAR dataset, which contains shorter, politically focused statements.
This out-of-domain test is crucial for assessing how well the model adapts to different data
distributions, text lengths, and content styles. The performance of our multi-view ensemble
on both the primary Kaggle dataset and the cross-domain LIAR dataset is summarized in
Table 8.
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SHAP Summary: Feature Importance for 'Real News' Class
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Fig. 9 SHAP summary plot illustrating the impact of the top 20 most important features on the model’s
prediction for the “Real News” class

4.4.1 In-domain (Kaggle dataset) performance

The ensemble model achieved near-perfect performance on the Kaggle dataset, with an
accuracy of 0.9994 and an ROC-AUC of 0.9999. These results reflect the model’s ability to
effectively learn from and adapt to the dataset’s specific characteristics such as well-defined
labels and diverse text lengths. The extremely high accuracy and F1-score underscore the
ensemble’s ability to minimize both false positives and false negatives, making it highly
reliable for distinguishing between real and fake news within this domain.

4.4.2 Cross-domain (LIAR dataset) performance

On the LIAR dataset, the ensemble model achieved an impressive accuracy of 0.9712 and
an ROC-AUC of 0.9885. While these results are slightly lower than those observed on the
Kaggle dataset, they indicate strong generalization capabilities despite the challenges posed
by the LIAR dataset. The slight decline in performance can be attributed to:

e Shorter text lengths The LIAR dataset comprises shorter news snippets compared to the
longer articles in the Kaggle dataset. This limits the amount of contextual information
available for feature extraction.
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e Nuanced labels LIAR labels are often more subjective, requiring a deeper understanding
of context and sentiment, which adds complexity to the classification task.

e Data distribution shift The LIAR dataset’s distribution of linguistic and semantic features
differs significantly from the Kaggle dataset, making it a more challenging cross-domain
task.

Despite these challenges, the ensemble model’s high Fl-score of 0.9698 on the LIAR
dataset demonstrates its ability to capture the nuances of cross-domain data, reinforcing the
effectiveness of the multi-view architecture.

4.4.3 Insights and implications

The results of cross-dataset validation highlight the ensemble model’s adaptability and robust-
ness. While the slight performance drop on the LIAR dataset is expected due to domain
differences, the model’s overall metrics remain strong, suggesting its potential for real-world
applications. The following key insights emerge from this analysis:

e Feature engineering strength The diversity in feature engineering techniques contributed
to the model’s resilience across datasets.

e Ensemble learning effectiveness The stacking of logistic regression, LightGBM, and ran-
dom forest classifiers ensured that the ensemble could capture both linear and nonlinear
patterns, enhancing its cross-domain generalizability.

e Future directions The findings suggest that fine-tuning the model using domain-specific
data or leveraging transfer learning techniques could further improve cross-dataset per-
formance.

4.5 Robustness and stability analysis

Beyond classification accuracy on clean data, a critical measure of a model’s real-world utility
is its robustness against adversarial perturbations. Figure 10 illustrates the performance of
our proposed multi-view ensemble under increasing levels of word deletion, swapping, and
repetition.

The model demonstrates remarkable stability, particularly against word swapping and
repetition, where accuracy remains above 99.5% even with 20% of the words perturbed.
While performance degrades more significantly under word deletion, a known challenge
for models reliant on specific keywords—the graceful nature of the decline highlights the
architecture’s resilience. This stability can be attributed to the multi-view design; when noise
is introduced into the textual view (e.g., via word deletion), the linguistic and semantic views
provide a compensatory signal, preventing catastrophic prediction failure and underscoring
the benefits of our approach.

4.6 Error analysis

To provide a clear picture of our model’s classification performance at a granular level, we
present the confusion matrix for the proposed multi-view ensemble in Fig. 11. The matrix
summarizes the predictions from one of the validation folds, providing a representative snap-
shot of the model’s error profile.

The results are exceptionally strong, with a very low number of misclassifications. Out
of approximately 4758 “Fake” articles, only 6 were misclassified as real, and out of approx-
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Model Accuracy under Different Perturbations
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Fig. 10 Model accuracy of the proposed multi-view ensemble under different types and levels of textual
perturbation
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Fig. 11 Confusion matrix for the proposed multi-view ensemble model on a representative validation fold

imately 4222 “Real” articles, only 7 were misclassified as fake. This extremely low rate
of both false positives and false negatives is a testament to the model’s high precision and
recall. This level of accuracy compares very favorably with other state-of-the-art systems
and highlights the model’s potential for reliable, real-world deployment where minimizing
both types of errors is critical.
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Training Complexity Comparison
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Fig. 12 Comparison of average training time per fold for key models, illustrating the computational complexity
trade-off

4.7 Computational complexity analysis

In addition to predictive performance, the practical utility of a model also depends on its
computational efficiency. To evaluate this, we compared the average training time per fold
for our main architectures, as shown in Fig. 12. The results indicate that the "Flat Model
(LGBM)" is the most efficient, with an average training time of approximately 30 per fold.
As expected, the BERT baseline is the most computationally expensive. Our proposed multi-
view ensemble, with an average time of 45, represents a moderate increase in complexity
over the flat model. This additional time is due to the two-stage training process inherent in
the stacked ensemble design.

4.8 ROC curve analysis

To further visualize and compare the diagnostic ability of our top-performing models, we
plotted their receiver operating characteristic (ROC) curves, as shown in Fig. 13. The ROC
curve illustrates the trade-off between the true positive rate and the false positive rate at
various classification thresholds. The area under the curve (AUC) serves as a single, aggregate
measure of a model’s performance across all possible thresholds.

The plot clearly shows that all three benchmark models, the BERT baseline, the flat model,
and our proposed ensemble, exhibit exceptional performance, with curves that are pushed
toward the top-left corner, indicating high true positive rates and low false positive rates.
However, our proposed multi-view ensemble achieves a near-perfect AUC of 0.9999, slightly
surpassing the other models. This visual evidence reinforces the findings from our ablation
study: our model not only achieves the highest accuracy and F1-score but also possesses the
best overall ability to discriminate between real and fake news.
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Fig. 13 Comparative ROC curves for the top-performing models, illustrating the superior discriminative ability
of the proposed multi-view ensemble

4.9 Discussion

The comprehensive experimental results confirm that our proposed multi-view stacked
ensemble achieves state-of-the-art performance, outperforming a variety of strong baselines.
Our ablation study provides a clear rationale for the architectural choices made. While indi-
vidual feature views, particularly the textual view, are highly predictive, no single view could
match the performance of the integrated models. Crucially, the superiority of our multi-view
ensemble over the powerful "flat" model demonstrates that a structured, hierarchical approach
to feature analysis is more effective than a monolithic one for this task. The meta-learner in
our stacking architecture successfully learns to weigh the specialized predictions from each
view, correcting errors and leveraging their complementary strengths to achieve a higher
overall accuracy.

A critical aspect of this study is positioning our framework relative to other sophisticated
architectures cited in the literature such as the OE-MDL [7] and 3HAN [5]. While these
models incorporate advanced techniques like optimized deep learning classifiers or hierar-
chical attention, our framework demonstrates that a meticulous separation and synthesis of
textual, linguistic, and semantic features can achieve a classification accuracy (0.9994) that is
highly competitive and demonstrably state-of-the-art. It is also important to contextualize our
performance; our reported accuracy is the result of a comprehensive tenfold cross-validation
protocol, providing a more robust and reliable estimate of real-world performance than a
single train-test split, which may be reported in other works.
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An important consideration in our analysis is the trade-off between model complexity and
performance. As shown in our computational analysis, the proposed multi-view ensemble
requires a moderately longer training time (45 s per fold) than the simpler "flat" model (30 s per
fold). However, this modest increase in complexity is justified by the tangible improvement
in classification accuracy and F1-score, which ultimately led to its superior performance.
Furthermore, our model is significantly more efficient than the BERT baseline (180s per
fold), yet still outperforms it. This positions our framework as an optimal solution, achieving
the best possible predictive accuracy without incurring the prohibitive computational costs
associated with large-scale deep learning models, thus striking an effective balance between
performance and practicality.

4.10 Ethical considerations in development of fake news detection system

In the field of fake news detection, ethical considerations play a pivotal role in guiding the
development and implementation of technological solutions. This research adheres to several
key ethical principles to ensure that our methodologies and outcomes respect individual rights
and promote transparency.

e Privacy and data security Given that the proposed study involves analyzing news content
that could potentially include personal data, strict measures were implemented to ensure
data privacy and security. We ensured that all data used was anonymized, stripping any
identifiable information that could be traced back to individuals. This minimizes the risk
of privacy breaches and adheres to data protection regulations.

e Bias and fairness Another critical ethical concern is the potential for algorithmic bias.
Machine learning models can inadvertently perpetuate or amplify biases present in their
training data. To mitigate this, we carefully curated the dataset to be as diverse and
representative as possible. Furthermore, we continuously tested the models to identify
any bias in predictions, adjusting our algorithms to ensure fairness across different news
topics and demographics.

e Transparency and accountability Transparency in machine learning algorithms is crucial,
especially in applications like fake news detection, where trust and credibility are at stake.
We strived to maintain a high level of transparency by thoroughly documenting the model
development process, feature selection, and the rationale behind the choice of algorithms.
This not only aids in building trust with the end users but also facilitates accountability,
allowing for external validation of our findings.

e Responsible use The deployment of fake news detection models carries significant respon-
sibilities. It is crucial to ensure that these technologies are used in a manner that promotes
the public good and does not infringe upon freedom of expression. We are committed to
monitoring the usage of machine learning models to prevent any misuse such as censor-
ship or manipulation of information.

e Ongoing monitoring and adaptation Ethical considerations require ongoing attention. As
such, we are committed to continuously monitoring the performance and impact of the
proposed detection system. This includes adapting the proposed approach in response to
new ethical challenges and evolving standards in digital communication.

By addressing these ethical considerations, we aim to ensure that the proposed work on
detecting fake news is conducted responsibly, respecting individual rights and contributing
positively to the information ecosystem. This commitment is fundamental to fostering trust
in Al applications and ensuring that they serve society’s best interests.
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5 Conclusion and future work

This research addressed the critical challenge of fake news detection by proposing and val-
idating a sophisticated multi-view learning framework. Our approach was founded on the
hypothesis that by separating news content into distinct textual, linguistic, and semantic views
and modeling them with specialized classifiers, a stacked ensemble could achieve superior
performance by intelligently integrating these diverse perspectives.

Our comprehensive experiments, conducted under a rigorous tenfold stratified cross-
validation protocol, have validated this hypothesis. The proposed multi-view ensemble
achieved a state-of-the-art accuracy of 0.9994 on the primary dataset and maintained high
performance on a cross-domain dataset, confirming its robustness and generalizability. Cru-
cially, it outperformed a series of strong baselines, including single-view models, a powerful
"flat" model, and a BERT-based classifier. The model’s stability was further validated through
perturbation testing.

The primary contribution of this work is the empirical validation of a multi-view archi-
tecture as a state-of-the-art solution for fake news classification. This establishes a new
benchmark for precision and reliability in the field.

Future research could extend this framework in several promising directions. Integrating
multimodal data, such as images and video content, would provide an even richer set of
features. Exploring more advanced deep learning models as either base-learners or the final
meta-learner could yield further performance gains. Finally, adapting and testing the frame-
work on different languages and evolving forms of disinformation remains an important
avenue for continued investigation.
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