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Abstract

Fake news is considered a serious threat to trust and stability in the digital age. To address this issue, a robust
ensemble learning model comprising Naive Bayes, CNN-RNN, and fine-tuned BERT was proposed to detect fake
news with improved accuracy and robustness. Although similar combinations of models have been reported in
the literature, the novelty of our proposed paradigm lies in the integration method: we use soft voting with weight-
tuned performance to maximise the effectiveness of ensemble models across various linguistic categories of the
LIAR dataset. In addition, we use F2-score as a performance enhancer, a focus not felt in previous studies. F2-
score is especially important in detecting fake news, as it helps minimise false negatives and reduce the risk of
spreading false news. The framework captures the slow grammar and contextual semantics of lexical and
contextual word meanings, thereby allowing us to accurately classify real-world fake news. In LIAR, the ensemble
model achieves 90% accuracy, 90% F1-score, and 91% F2-score on the benchmark dataset. This shows how
multi-model synergy can be useful to counter misinformation. It provides an ethically grounded, flexible, and
interpretable ensemble system applicable to online media and social media.

Keywords: Fake news, Machine learning; BERT, CNN-RNN; LIAR dataset;, Deep learning; Natural language
processing.

Introduction

In today’s online world, information is spreading
faster than ever, and the same is true for fake news.
In the specialised fields of human communication,
digital media, and social media are ubiquitous, and
many people depend on them for news, but verifying
their accuracy remains challenging (Athira et al.,
2022). Fake news, or misleading information, has

significant effects in politics, health, and finance
(Deokate, 2021; Setiawan et al., 2021). For example,
during the COVID-19 pandemic, false information
about treatments and prevention was widespread,
damaging public safety and contributing to global
health crises (Cueva et al., 2020; Kaliyar et al.,
2020). When humans read every news item that
emerges on these platforms, we cannot just assume
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we will find an accurate fact (Wu and Rao, 2020). I
therefore need to develop automated methods for
detecting fake news as well (Shim et al., 2021). The
researchers have been actively studying
countermeasures to fake news and are learning to
detect false news using Al and machine learning to
understand language, structure, and sources (Ali et
al., 2022).

Naive Bayes and neural networks were powerful
tools for distinguishing truth from false news using
machine learning. Recently, convolutional neural
networks, RNNs, and transformer-based models
such as BERT have become even more accurate in
text classification, enabling systems to discover
local patterns and long-range dependencies
(Kredkova et al., 2019; Al-Tai et al., 2022).

This work was a collaboration of two new models
and methods to combine and improve the reliability
of fake news detection systems (Keya et al., 2021).
Abedalla et al. (2019) analyse the strengths and
weaknesses of the ensemble to improve accuracy by
combining the strengths of several models. I have
focused on models for the LIAR dataset, which
combines identified statements with six levels of
truthfulness (Deepak and Chitturi, 2020.

Second, combining Naive Bayes, CNN-RNN
hybrids, and BERT, BERT suggests that Al-
powered systems can efficiently classify news
correctly, i.e., model-based or beyond the scope of
models, such as human models (Huang, 2023; Islam
et al, 2020). Preprocessing gathers data and
identifies patterns, enabling machines to learn to
detect fake news (Deepak and Chitturi, 2020).

Text cleaning, tokenisation, and vectorisation are
essential for automatic text processing (Ali et al.,
2022; Setiawan et al, 2021). Stemming and
lemmatisation standardise inputs, minimising
lexical variation for the model. Consequently,
machine learning models can better predict trends
and deliver precise outputs (Crestani and Rosso,
2020; Deepak and Chitturi, 2020). In rapidly
changing contexts such as COVID-19, where online
information proliferates, robust fake news detection
requires integrating diverse data types, including
social platforms and metadata. Neural architectures
like CNN-RNN and BERT (Deepak and Chitturi,
2020) demonstrate efficacy for Al-driven fake news
detection, yet optimal ensemble methods for their
integration remain unresolved.

This paper also rewrites the problem by applying
Naive Bayes for probabilistic keyword analysis,
CNN-RNN hybrids for sequential and local pattern
learning, and BERT for deep contextual
representation. This work goes beyond the use of
individual models in isolation by introducing
strategic convergence through a soft-voting
ensemble that leverages the complementary

predictive strengths of each constitutive model. The
proposed ensemble is systematically assessed
against state-of-the-art benchmarks, Deep FND
(Setiawan et al., 2021), and standard transformers
such as ROBERTa and FakeBERT (Setiawan et al.).
This study contributes to automatic fake news
detection through improved predictive performance
as well as the interpretation, structure, and
methodological novelty underpinning the ensemble
framework.

Methodology

This work provides a new ensemble, combined with
Naive Bayes from CNN-RNN (Lee et al., 2019).
hybrid, and an optimised BERT model to detect fake
news with greater accuracy, robustness, and
adaptability. Unlike the performance-tuned soft
voting approach used in many other works that rely
on a single model or uniform ensemble weights
without optimisation, we employ a performance-
tuned soft voting algorithm to determine the weights
allocated to each model based on validation metrics.
The proposed system not only improves detection
accuracy but also provides a flexible foundation for
deploying fake news detection at large scale.
(Sharma and Singh 2016).

Novelty and Motivation

As with previous studies of fake news detection, this
study is not unique to this research in two ways; first,
it is not new in the field of ensemble methods for
fake news detection, but it is innovative in three
ways.

1. Tri-model integration with tuned weight
assignment: Most of the work of this period uses
unweighted or dual-model ensembles. We introduce
a three-model architecture with learned voting
weights based on individual model performance, as
evaluated via 5-fold cross-validation.

2. Architectural complementarity: These models are
selected for their non-overlapping strengths: i. Naive
Bayes captures statistical regularity via vectorisation
with TF-IDF. ii. CNN-RNN learns hierarchical and
sequential patterns from raw text. iii. BERT
provides deep contextualised representations via
bidirectional attention.

1. Recall-centric optimisation: Our focus is on F2-
score — key to falsifying fake news situations where
missing a fake instance can have wider social
implications. 2. Recall-centric optimisation: The
most important thing to recall in the context of fake
news is that missing a fake account can have great
social consequences.

The three components of this study are adaptive
weighting, model complementarity, and recall-
focused assessment.
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Model Components and Integration

Each model in our architecture is trained separately
before integration. The results are class probabilities
for the six LIAR dataset labels.

Naive Bayes Classifier: Trained on TF-IDF
features.

It assumes independence and produces results that
are quickly readable. Though simple, it anchors the
ensemble and offers resilience in noisy
environments.

CNN-RNN Hybrid:

i. A convolutional layer captures local n-gram
features.

ii. Max-pooling reduces the dimensionality and
reversibly retains patterns.

iii. LSTM layer captures sequence relationships.

iv. Dense layers convert features into prediction
vectors. This combination ensures that both local
syntax and global sentence structure are understood.
BERT (Fine-Tuned):

i. We pre-trained a BERT base model and refined it
for the LIAR dataset.

L

08

Probability
o

~

ii. The model uses multi-head self-attention to gain
meaning from complex sentences.

The final layer is replaced with a dense classification
head for six-class prediction.

Ensemble Learning Strategy

Once each model generates a probability
distribution over classes, Pyg, Pcyn—rnn Pserr > the
ensemble output is computed as:

PFinal: aPng+ BPcN +YPBERT (1)
Where a, B,y in (1) are soft-voting weights such
thata+ g+ y = 1.

These weights are not predefined; they are learned
via grid search on validation sets, using the
combination that yields the highest F2-score.

This approach differs from traditional unweighted
ensembles because it adjusts model influence
proportionally to their reliability to improve
generalisation and robustness

0.6
| I I I
0.0

good book

Fig. 1. Nalve Bayes Positive and Negative Class Simple Analysis

Experimental Configuration

Dataset: LIAR dataset with 12,836 short
statements, each labelled into six factual classes.
Split: 80/20 train-test division with stratified

sampling.
Cross-Validation: 5-fold CV for weight tuning.
Libraries: Scikit-learn, TensorFlow/Keras,

HuggingFace Transformers.

System Scalability and Adaptability

The modular design simplifies the swapping or
upgrading of models. For instance, BERT can be
swapped with RoBERTa or DeBERTa, or CNN-
RNN could be substituted with BILSTM or GRU
variants. There is no alteration to the ensemble logic,
and the upgrades are seamlessly done. This implies

that our approach is also suitable for lifelong
learning and enterprise deployment.

2.6 Design and Architecture of the Model In this
research, the primary models that were used are
Naive Bayes, CNN-RNN Hybrid, and BERT.

Each of these models captures different details
within text data, and they are combined in an
ensemble to improve both accuracy and
performance.

Naive Bayes Model

Naive Bayes is a probabilistic model based on
Bayes’ Theorem, assuming that features are
conditionally independent of the class. It is widely
used in text classification because it can handle
high-dimensional data, as with the bag-of-words

HFU TAJEET Vol. 20 (spec) (https://doi.org/10.51459/futajeet.2026.20.special.579)



Lawal et al. [FUTA Journal of Engineering and Engineering Technology/ 20(special), 135-151, 2026

model. Naive Bayes is often a reliable baseline for comparisons to advanced models such as CNN-
comparison of larger models (Abedalla et al., 2019). RNN and BERT (Huang, 2022; Mohr and Rijn,
Naive Bayes is an efficient text classifier because it 2021.

has a relatively short memory and is useful for text
categorisation. This enables it for both preliminary

Input Text

Input . beddings

BERT Layers

Self-Att€Ntion

Final Classification

Fig. 2. BERT Model Structure
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Fig. 3. An Example Diagram of How an Ensemble Model Works

The probability that a class is given a document is
calculated as: P(C|d) = p(C)Hi;zdF;(WIIC) )
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Where:

1. p(C|d) in (2) Is the posterior probability of class
C given document d

3. p(w|C) Is the likelihood of word wi given class.
c

4. p(d) Is the evidence, which can be ignored during
classification as it is the same for all classes.

The probabilistic behaviour of the Naive Bayes
classifier is illustrated in Fig. 1, showing class-level
distribution patterns.

CNN-RNN Hybrid Model

The convolutional layer will extract local features of
the input text by filtering to identify key patterns,
such as n-grams, that help the model select relevant
text characteristics (Han and Mehta, 2019, 48, 52).
To learn complex representations beyond linear
features, the ReLU activation function is applied
after these convolutional layers, introducing non-
linearity and enabling the network to learn complex
representations (Sun et al, 2019).

Max Pooling

A pooling layer will limit the spatial dimensions,
retain the most essential features, improve accuracy,
and reduce computational burden, as noted by
Goonathilake and Kumara (2023).

LSTM Layer

One LSTM layer will follow the CNN layers and
provide temporal dependencies and contextual
information across longer text sequences,
supporting context across longer passages.

Dense Layer

This is followed by an embedded layer, then a fully
connected layer, which consolidates the learned
features into output classes for accurate text
classification (Kaliyar et al., 2020). The hybrid
CNN-RNN model can capture fine-grained and
long-range dependencies in text, which may be used
for fake news detection (Kredkova et al., 2019).
BERT Model

BERT (Bidirectional Encoder Representations from
Transformers) is a transformer model that captures
context bidirectionally when processing text to
determine the context of both left- and rightward
words (Devlin et al., 2019). In 2019, the pre-trained
BERT model will be optimised for fake news
classification (Abedalla et al., 2019). BERT studies
the value of words relative to other words in a
sentence according to self-attention (Devlin et al.,
2019). Here, there are several transformer layers —
two of which include multi-head self-attention and
fully connected layers (Panda and Kumari, 2022).
The last layer is fine-tuned to produce fake news
classifications, as in Panda and Kumari (2022) and
Girgis and Amer (2022). The structural architecture

of the BERT model is presented in Fig. 2,
highlighting its transformer-based design.
Ensemble Method

The outputs of the Naive Bayes, CNN-RNN, and
BERT models will be combined using an ensemble
learning approach to improve overall classification
performance. Specifically, a soft-voting ensemble
will be used, where each model outputs a probability
distribution over the classes, and the final prediction
will be made based on the weighted average of these
probabilities (Bensouda et al., 2024). The ensemble
learning mechanism adopted in this study is depicted
in Fig. 3, demonstrating model integration strategy.

Formula for Soft Voting:

Pensempie(C) = a1Pyp (€) + azPeyn—run (€) +
azPpgrr (C)

3)

1. Pyg(C), Peyn—run(C) and Pgggr (C) are
the predicted probabilities from the Naive
Bayes, CNN-RNN, and BERT models
respectively.

2.  ay,a,, a3 are the weights assigned to each
model based on their individual
performance.

Weights will be tuned during cross-validation to
ensure that the ensemble achieves optimal
performance.
Performance Metrics
The models will be evaluated using the following
performance metrics:

i.  Accuracy (4): The proportion of correctly

classified instances out of all instances.

_ __ TP HTN )
TP+TN+FP+F
il. Precision (P): The proportion of correctly

identified fake news instances out of all

instances classified as fake.
TP

= TP+FP
(5)
1il. Recall (R): The proportion of actual fake
news instances that were correctly

classified.
. TP
B ©
V. F1 Score: The harmonic mean of precision
and recall.
F1=2x 2XR
P+R
(7)

Vi. F2 Score: A weighted version of the F1
score, giving more emphasis to recall.

F2=5x X8
4XP+R
)

This is a measure of the models' strengths
and weaknesses.
Experimental Setup and Evaluation
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Fig. 6. Comprehensive word embedding and systemic BERT tokenization

This section examines the model evaluation using
measures of accuracy, precision, recall and F1 or F2
scores. While CNN-RNN and BERT used a range of
technologies, including sophisticated models and
large datasets, our focus here is on how the results
are evaluated.

The overview provides not only information about
the results but also outlines approaches for
evaluating each model’s performance. It aims to

provide a clear understanding of the overall
effectiveness of the models without making
everything technical about deep learning, since that
might be too deep for the readers of this research or
the program's code. The research experimentation is
conducted in such a way that both technical and non-
technical readers can understand and learn the
meaning of research.
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These models' performance metrics and combined
predictions are compared against the earlier
performance benchmarks, and each model’s
predictions, regardless of performance, are
evaluated on their scale using those benchmarks.
Environmental Setup

Tools and libraries are installed to begin testing the
assessment.

Python Version: Python 3.x.

There are libraries available.

1. Numpy/Pandas: data manipulation.

1. Scikit-learn: Naive Bayes and evaluation metrics.
3. Tensorflow/Keras: training the CNN-RNN hybrid
model.

4 Transformers: modifying the BERT model from
HuggingFace.

Matplotlib/Seaborn: Viewing results.

Dataset Description and Data Splitting

This study utilises the LIAR Dataset, which contains
12,836 short statement labels. These statements are
divided into six levels of truthfulness, ranging from
"true" and "false" to "pants-on-fire."

Data Splitting

Since machine learning has established a default
split of 80% for training and 20% for testing, it is
based on this split. This approach ensures adequate
assessment for unknown data while maintaining a
solid training set (Islam et al., 2020). The dataset
partitioning into training and testing sets is shown in
Fig. 4, ensuring balanced data distribution.

1. Training Set: It is used to train models and tweak
their parameters.

2. Testing Set: a set of models that are tested on
completely unseen data.

Preprocessing of Data

Preprocessing ensures that the raw text is cleanly
scanned and transformed into a format that models
can understand and understand.

Text Cleaning

1. Open all text.

2. Make any punctuation, URLs or other irrelevant
symbols.

3. Stemming and lemmatising can also be used to
eliminate words to roots.

Tokenisation and Vectorisation

Two methods of translation of text into numerical
order are :

1. TF-IDF Vectorisation for Naive Bayes:

1.2 TF-IDF (Term Frequency-Inverse Document
Frequency) is used to construct numerical features
from text for use in the Naive Bayes model. The
overall data preprocessing workflow is illustrated in
Fig. 5, outlining text preparation steps.

1. Tokenization and Embeddings for CNN-
RNN and BER
To prepare text for these models, tokenisation
and word embeddings are required.
1. Word Embeddings for the CNN-RNN
Hybrid Model: This CNN-RNN model is
trained on word embeddings to convert text
into dense vector representations. These
embeddings capture semantic connections
between words that help the CNN detect
local patterns and the RNN quantify the
sequence of text dependencies. Word
embeddings place semantically similar
words closer together in a continuous
vector space, enabling a more detailed
understanding of word meanings (Huang,
2022).
BERT, a bidirectional encoder representation from
Transformers, uses tokenisation to split words into
smaller subword units for assessing what strands
describe and how they are understood in sentences.
The same function is also used in creating BERT,
which generates word representations based on
context in which verbs are referenced (Deepak et al.,
2020). Here, it also lets BERT learn about some
language differences, which is very useful. The
combined word embedding and BERT tokenisation
process is presented in Fig. 6, capturing semantic
representation flow.
Cross-Validation and Hyperparameter Tuning
Five-meter cross-validation is used to train the
machine learning model for robust learning and
reliable performance assessment. In this approach,
the training dataset can be divided into five subsets,
or folds, each of which provides us with training
data. The model was trained on four folds per
iteration and evaluated on the remaining fold. The
entire process is repeated five times, and each fold
is used once as the validation set. The final
performance is then compared across all folds to
improve generalisation and minimise the risk of
overfitting (Deepak and Chitturi, 2020).
Grid Search is a technique used to improve
hyperparameter tuning. It explores all possible
combinations ~ within a chosen set of
hyperparameters. For example, it can adjust the
learning rate and batch size in gradient models, or
the smoothing parameter in Naive Bayes models.
The best hyperparameters found with Grid Search
can make the model more accurate and robust.
Building on these fundamental concepts, we
previously discussed the emergence of Grid Search
and cross-validation in recent results. Both are
highly useful in complex machine learning for
maximising performance and ensuring proper
assessment: Grid Search enables systematic
parameter tuning, while cross-validation offers
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robust performance evaluation. In addition to these,
a few other methods have been researched, such as
k-fold cross-validation with bi-level optimisation,

validation strategies by reducing computational cost
without excessive sacrifice in accuracy (Mohr and
Rijn, 2021).

which aims to develop more efficient cross-

(it best pacams )

Fig. 7. Cross-Validation and Hyperparameter Tuning Overview
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Fig. 9. Implementation of CNN-RNN Flow
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Throughout the model training process, cross-
validation and systematic hyperparameter tuning are
used to maximise generalisation performance,
accuracy, and consistent evaluation across different
data subsets perform well across different tasks, so
we can trust it to work on various types of data,
especially in this work (Xu and Kechadi, 2024). The
cross-validation and hyperparameter tuning process
is demonstrated in Fig. 7, improving model

generalisation.
Training and Evaluating the Models
Naive Bayes Model
!
y_pred_bert = bert_model.predict(test e
y_pred_bert = pred
probs_be - De e el.p ed i — —
(elassification oot ix teat.

A Naive Bayes classifier is trained on the dataset's
TF-IDF features. The Naive Bayes algorithm
assumes that words are independent of one another
and generates a probability distribution for
classifying text.

Combined with TF-IDF features, this approach
produces efficient and interpretable  text
classification. The training procedure for the Naive
Bayes model is outlined in Fig. 8, showing
classification workflow stages.

final predictionsl)

Fig. 11. Ensemble of the system

CNN-RNN Hybrid Model Using Convolutional
Neural Networks and Recurrent Neural Networks
(RNNs)

The CNN-RNN hybrid model utilises the strengths
of Convolutional Neural Networks and RNNs to
handle the more complex text classification tasks.
On the RNN side, LSTM units are widely used to
understand how sequences develop over time and to
determine short- and long-run relationships. For text
classification, the hybrid model is beneficial because
it integrates CNN’s for feature extraction and RNNs
for sequence understanding (Panda and Kumari,
2022). The implementation flow of the CNN-RNN
hybrid model is illustrated in Fig. 9, capturing
sequential feature learning. The implementation

flow of the CNN-RNN hybrid model is illustrated in
Fig. 9, capturing sequential feature learning.

Fine-Tuning BERT Model

To resolve the issue of finding statements as real or
fake, we fine-tune the BERT model — Bidirectional
Encoder Representations from Transformers. The
architecture of BERT has been privileged with self-
attention, which enables it to understand word
relations backwards and forward in a sentence.
BERT is particularly well-suited to the task of word
classification, where language features are essential
for understanding contextual information. In
addition, recent improvements in fine-tuning have
further increased BERT’s accuracy and overall
performance (Sun et al., 2019). The BERT fine-
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tuning workflow for classification is shown in Fig.
10, refining contextual understanding.

Table 1 Quantitative Comparison of the Proposed Ensemble with Existing Fake News Detection Approaches

F2

Model Year Architecture Accuracy 1 Source
Score Score
Ensemble
Deep
DeepFND 2023  Learning 0.88 0.86 0.85 g:lnk;g;]alam
(GRU + N
CNN)
RoBERTa Transformer
+ Logistic 2022 with linear 0.86 0.84 — [Alietal., 2022]
Regression classifier
FNDNet 2020 Deep CNN  0.84 083 — %gg{ar ot al,
LSTM + o a%hﬂM 0.85 s [Shim et al,
Attention . ’ ’ 2021]
attention
BERT [Ding et al
(baseline 2023  Transformer  0.87 0.87 0.88 2020% °
fine-tuned)
Proposed
f;l]s;mbli Soft Voting
CNN- 2024 Weighted 0.90 090 091 This study
RNN  + Ensemble
BERT)
1.00p = i
0.95
0.90 |
o)
©
5 0.85}
(&)
<
0.80 |
0.75
S Naive|Bayes CNN:RNN BEIRT Ense'mble

Fig. 12. Accuracy-Driven Performance Contrast Between Individual Models and the Proposed Ensemble
Framework

Ensemble Model Evaluation
The proposed ensemble model outperforms NB,
CNN-RNN, and BERT by combining their strengths
for better classification. Each model predicts a
probability for a given input (soft voting), and the

final prediction is the product of these probabilities.
As a fundamental method, soft voting is commonly
used with diverse algorithms to improve accuracy
and robustness across various data distributions.
Each of these models has strengths:
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1. Naive Bayes is a computationally efficient
baseline for text classification and provides robust
performance for many applications (Ali et al., 2022).
2. CNN-RNN models are adept at capturing both
local feature representations and long-range
sequential dependencies, facilitating the modelling
of complex linguistic structures (Paliwal et al.,
2023).

3. BERT utilises self-attention mechanisms to
capture deep contextual information, enabling
nuanced comprehension of language (Ali et al.,
2022).

The performance parameters for the ensemble’s
predictions include accuracy, precision, recall, F1
score and F2 score. This combination of ensemble
models lUEjmproves model  robustness and

generalisation and relies on each model’s strengths
to address limitations in a single algorithm (Cueva
et al, 2020). The overall ensemble system
architecture is presented in Fig. 11, integrating
multiple model outputs.

Comparative Evaluation With the state-of-the-
Art-models
The comparison of our proposed ensemble
framework with one of many models from the recent
literature demonstrated its effectiveness. All models
were assessed using the LIAR dataset or a similar
benchmark dataset. These metrics are Accuracy,
Precision, Recall, F1 Score and F2 Score, available
if appropriate.

Precision
—e— Recall
—e— F1 Score
—e— F2 Score
095
0.90
g
o
O
%]
0.85
0.80
0'75}\Iaive Bayes CNN-RNN BERT Ensemble

Fig. 13. Multi-Metric Performance Profiling of Individual Models and the Proposed Ensemble

Results and Discussion
The experimental evaluation shows that each model,
Naive Bayes, CNN-RNN, and BERT, performs
well, albeit tested separately. However, performance
is enhanced by combining their predictions using the
proposed performance-weighted soft voting
ensemble (Panda and Kumari, 2022).
Performance summary
As detailed in Table 1 and visualised in Figures 1
and 2, the ensemble model achieves:

1. Accuracy: 90%
Precision: 89%
Recall: 91%
F1 Score: 90%
5. F2 Score: 91%
This marks a consistent improvement over
standalone classifiers, especially in recall-
sensitive contexts where false negatives
(undetected fake news) are costly.

o

Interpretation of model strength

Naive Bayes is a fast, easily interpretable performer
with little to no syntax.

The local and sequential dependencies of CNN-
RNN are retained, resulting in better F1
performance.

BERT can connect to context, improve sharpness,
and improve recall.

The ensemble can leverage the strengths of all three
while compensating for individual model
limitations. (Huang 2022)

Significance of recall and F2 score

Fake news detection requires high recall—missing a
fake claim can lead to misinformation spreading. It
is also apparent that, given the importance of the F2
score as a measure of this study, this report makes it
distinctive. Our approach prioritises low false
negatives, so our model is more useful for real-world
applications such as media filtering or
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misinformation monitoring than before. Sharma and
Singh 2016

Visual Analysis of Model Performance

To more accurately estimate model performance, we
present comparisons across performance measures
from accuracy, precision, recall, F1 score, and F2
score. The ensemble model performs well, even in
recall-based metrics that can help minimise the risk
of unethical fake content. The comparative accuracy
performance of the models is depicted in Fig. 12,
highlighting ensemble superiority.

Fig. 12, illustrates the accuracy of each model. The
proposed ensemble model achieves the overall
accuracy (90%), reflecting its generalized learning
capability. The comparative accuracy performance
of the models is depicted in Fig. 12, highlighting
ensemble superiority. The multi-metric performance
comparison across models is illustrated in Fig. 13,
emphasising evaluation consistency.

Precision, Recall, F1, and F2 Comparison

A grouped dot plot (Fig 13) shows the variation in
each model’s performance across multiple metrics.
The ensemble method excels particularly in:

1. Precision: Accurate identification of fake
news.

il. Recall: Consistent detection of all fake
content.

iii. F2 Score: Emphasizing recall for real-

world deployment.
These metrics are essential for applications where
missing fake news has greater consequences than
false alarms. (Mridha et al., 2021)
Conclusion and Future Work
This paper presents a new, performance-driven
ensemble architecture for fake news detection,
combining Naive Bayes, CNN-RNN, and fine-tuned
BERT models with a tuned soft-voting mechanism.
It is similar to previous research that relies on a
single deep learning model or on fixed-weight
ensembles, in which model influence is dynamically
calibrated, = with  particular  attention  to
reconfigurability for recall-focused tasks, using the
F2-score.
Novelty and Technical Contribution:
1. A three-tier ensemble design is presented here,
providing a three-tier structure with each model
providing unique linguistic perspectives: Naive
Bayes provides statistical generalisation; CNN-
RNN captures structure and sequence, and BERT
offers deep contextual understanding.
2. The soft voting policy with performance-adjusted
weights is not fixed arbitrarily, but optimised with
5-fold cross-validation to guarantee robustness and
adaptability.
3. By focusing on the F2-score, the lowest scoring
measure used in fake news detection, we remember,
as opposed to false negatives, which are essential to

high-value environments such as political discourse,
public health, or financial news.

4. The system proposed is modular and allows for
new models or multilingual extensions to be used,
such as RoBERTa, DeBERTa or multilingual
extensions.

The technical and architectural decisions that set this
work apart from the mainstream literature offer both
scientific and applied novelty.

Practical Implications:

Its performance and flexibility make it a good fit.

1. Real-time misinformation detection in social
media.

2. Integration into automated news curation systems.
3. It is used by election monitoring agencies and
fact-checking organisations.

Future Work:

As a continuation of the study.

1. We will extend the model to support multilingual
fake news detection in low-resource languages
where misinformation often spreads unchecked.
Two additional multimodal features, such as image-
text pairs, can be implemented to further enhance
detection robustness.

3. Future versions will be described in the XAl layer
to improve transparency and trust in deployment
contexts.
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