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Abstract  
The rapid dissemination of misinformation on social media needs the creation of precise and efficient detection systems to maintain 
information integrity and public trust. This study introduces the Uncertainty- and Confidence-Adaptive BiLAT-SVM (UCA-BiLAT-SVM) 
model, which integrates deep learning and machine learning techniques for the classification of fake news. The system uses Support 
Vector Machine (SVM) for categorising the obtained latent space and employs Bidirectional Long Short-Term Memory with Attention 
(BiLAT) for acquiring contextual and semantic representations of words. An entropy-based uncertainty mechanism is used to 
adaptively select or combine predictions when cases are ambiguous, to increase the reliability of the predictions. The use of the 
Bayesian Optimization with Hyperband (BOHB) algorithm for hyperparameter optimization. The proposed model is tested on Fake & 
Real News, FakeNewsNet and ISOT datasets with the commonly used performance metrics. Experimental findings show good 
performance results with accuracy up to 99.5% and F1 score up to 99.4%. The results show the effectiveness and scalability of the 
proposed approach for fake news identification that combines contextual representation learning, margin-based classification and 
uncertainty-aware decision-making. 
                                                               
Keywords: Fake News Detection, BiLAT, Support Vector Machine, Uncertainty-Aware Classification, BOHB Optimization. 

 

I. Introduction 
Social media platforms are expanding fast, and the transmission of information has intensified; yet, they 
have also become a channel for the propagation of disinformation. It poses considerable problems to public 
trust, decision-making, and the dependability of information. Thus, the automated identification of false 
information is a significant research problem in the domain of natural language processing. Conventional 
Machine Learning (ML) approaches rely on hand-crafted features that often fail to encapsulate intricate 
language and contextual patterns. Compared to this, Deep Learning (DL) models offer better contextual 
comprehension, but can be over fitted and less reliable in situations of uncertainty and ambiguity. The 
limitations indicate a need for a more comprehensive and dynamic detection system. [1] 
There are recent studies that investigate hybrid methods combining ML and DL methods, taking advantage 
of their complementary advantages. For textual information, deep learning models like Bidirectional LSTM 
with Attention (BiLAT) are highly effective in modelling the contextual dependency and semantic 
relationships among sentences, and ML classifiers provide highly effective margin-based decision 
boundaries. But, most current hybrid techniques use fixed combination strategies, which do not consider 
the change in prediction confidence from sample to sample. This constraint results in poor performance, 
especially in situations of inconsistency and uncertainty, as in cases at the margins or when the predictions 
from any single model are unreliable. [2] 
To overcome these issues, this paper introduces an Uncertainty- and Confidence-Adaptive BiLAT–SVM 
(UCA-BiLAT-SVM) framework based on deep contextual representation learning and margin-based 
classification, which adopts a dynamic decision mechanism. The proposed approach is based on learning 
discriminative latent representations using a BiLAT model followed by an SVM in the learned 
representation space to improve the boundaries for the classification. The uncertainty estimation 
mechanism adopted uses entropy to select and/or combine predictions from both models to achieve 
reliable performance at different confidence levels. Additionally, Bayesian Optimisation with Hyperband 
(BOHB) effectively optimises hyperparameters to improve the model's overall performance and scalability. 
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II. Literature Review 
In the realm of false news detection research, advanced DL and hybrid architectures have replaced 
traditional ML techniques. The performance of the ML models SVM, LR, and RF has been tested and 
compared with the DL models CNN and LSTM by Alshuwaier & Alsulaiman (2025) [3], Tian et al. (2025) 
[4], and Mouratidis et al. (2025) [5]. Although DL models performed better in contextual understanding, 
most investigations were still comparative and did not provide integrated frameworks. In order to address 
these issues, Jaybhaye et al. (2023) [8] showed the effectiveness of LSTM-based architectures, Al-alshaqi et 
al. (2024) [7] used the BERT model with ensemble learning, and Ayyasamy et al. (2025) [6] developed a 
hybrid LSTM–CGPNN model with metaheuristic optimisation. These techniques often offer great accuracy 
but are more difficult to calculate and train. 
 
Strong advancements in multimodal and interaction-based learning have been prioritised recently. Hamed 
et al. (2023) [10] merged sentiment and emotion analysis to increase the detection rate, whereas Abdullah 
et al. (2026) [9] developed a multimodal ensemble model based on both textual and visual features. Qusef 
et al. [11] spoke about applying ML and DL techniques to identify bogus news in Arabic. Although these 
methods provide great accuracy, they are constrained by computing cost, noise in user-generated data, and 
a lack of cross-domain generalisation. These drawbacks highlight how crucial it is to have effective, scalable, 
and flexible false news detection systems. 
 

III. Methodology 
The proposed fake news detection framework UCA-BiLAT-SVM is presented in this section. The method is 
a well-structured pipeline based on deep contextual representation learning and margin-based 
classification. The framework is composed of pre-processing and embedding, representation learning with 
BiLAT, SVM-based latent space classification and adaptive decision making with uncertainty. Furthermore, 
Bayesian Optimization with Hyperband (BOHB) is used for the effective tuning of hyperparameters. 
 
A. Dataset Description 
To evaluate the proposed approach across diverse data distributions and authentic fake news contexts, 
three benchmarks were employed: Fake & Real News, FakeNewsNet, and ISOT. 

 
TABLE I. COMPARATIVE ANALYSIS OF DATASETS USED FOR FAKE NEWS DETECTION 

Dataset Type 
Data 
Source 

Size Strength 

Fake & 
Real 
News 
Dataset 
[12] 

Text-
only 

News 
articles 
(various 
sources) 

44,919 
articles 

Balanced 
and clean 
for NLP 
tasks 

FakeNe
wsNet 
[13] 

Multi
- 
moda
l 
(Text 
+ 
Socia
l) 

News + 
Twitter 
interacti
ons 

24,000
+ 
instanc
es 

Captures 
real-
world 
propagati
on 
behaviour 

ISOT 
Fake 
News 
Dataset 
[14] 

Text-
only 

Reuters 
+ 
unreliabl
e 
sources 

 
25,200 
articles 

High-
quality 
labelled 
and 
diverse 
content 
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Fig.1 Evaluating Fake News Detection Datasets 

 
In the figure, false news detection datasets are distributed. Particular datasets provide a wide range of news 
and social media information to allow for an effective assessment of fake news classification models for 
different types of misinformation situations. 
 
B.  Text Preprocessing and Embedding 
Data preprocessing is essential for preparing chest X-ray images for model training, ensuring they are 
consistent and contain the desired information. All images are first scaled to a fixed resolution by applying 
𝐼𝑟𝑒𝑠𝑖𝑧𝑒𝑑 = 𝑅𝑒𝑠𝑖𝑧𝑒(𝐼, 𝐻,𝑊), and since X-rays are grayscale, they are either kept single-channel or expanded 
to three channels for compatibility with pre-trained models: 𝐼3𝑐ℎ(𝑥, 𝑦, 𝑐) = 𝐼(𝑥, 𝑦) , 𝑐 ∈ {1,2,3} .Next, pixel 
intensities are normalized to stabilize learning: 𝐼𝑛𝑜𝑟𝑚 = 𝐼 − 𝐼𝑚𝑖𝑛 /𝐼𝑚𝑎𝑥 − 𝐼𝑚𝑖𝑛 , followed by contrast 

enhancement using histogram equalization:  𝐼𝑒𝑛ℎ𝑎𝑛𝑐𝑒𝑑(𝑥, 𝑦) = (𝐿 − 1)∑ 𝑝(𝑖)
𝐼(𝑥,𝑦)
𝑖=0 , where L is the number of 

intensity levels. Noise is reduced through Gaussian filtering:  𝐼𝑑𝑒𝑛𝑜𝑖𝑠𝑒𝑑(𝑥, 𝑦) = ∑ ∑ 𝐼(𝑥 − 𝑖, 𝑦 −𝑘
𝑗=−𝑘

𝑘
𝑖=−𝑘

𝑗). 𝐺(𝑖, 𝑗) and data augmentation like rotation is applied to improve generalization. To address class 
imbalance, weights are assigned as 𝑤𝑖 = 𝑁/𝑘 ∙ 𝑛𝑖, ensuring balanced learning across classes. One-hot 
encoding converts category labels to numbers: 𝑦𝑖 = {1 𝑖𝑓 𝑐𝑙𝑎𝑠𝑠 = 𝑖 ,  0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒}, enabling effective 
multi-class classification. 
 
C.  Hyperparameter Optimization  using BOHB 
Hyperparameter optimisation improves model efficiency and generalisation. This study uses Bayesian 
Optimisation with Hyperband (BOHB) to effectively explore a hyperparameter space with limited 
computing resources. Let Θ be a set of configurations in the search space and let θ ∈ Θ be a particular 
configuration from the search space Θ. The aim is to find the best configuration: 𝜃∗ = 𝑎𝑟𝑔 𝑚𝑎𝑥

𝜃∈𝛩
𝐹(𝜃) , with 

the validation performance metric F(θ). 
Direct evaluation of F(θ) is hard and time consuming, which is why BOHB uses a probabilistic model as a 
surrogate: 𝐹(𝜃)~𝐺𝑃(𝜇(𝜃), 𝜎2(𝜃)), where the mean performance μ(θ)  and uncertainty (variance) 𝜎2(𝜃) . 
denotes uncertainty (variance). The next configuration is selected by maximizing an acquisition 
function: 𝜃𝑡+1 = 𝑎𝑟𝑔 𝑚𝑎𝑥

𝜃
𝛼(𝜃) . One popular option is to use Expected Improvement: 𝛼𝐸𝐼(𝜃) =

𝐸[𝑚𝑎𝑥(0, 𝐹(𝜃) − 𝐹(𝜃+))] , where 𝜃+ is the best observed configuration. BOHB includes Hyperband to 

efficiently distribute computational resources. Each configuration is tested on a specific budget b, which is 
defined as a number of training epochs, and is tested on the following: 𝑏 ∈ {𝑏𝑚𝑖𝑛 , 𝜂𝑏𝑚𝑖𝑛 , 𝜂2𝑏𝑚𝑖𝑛 , … , 𝑏𝑚𝑎𝑥}, 
where, 𝑏𝑚𝑖𝑛  is minimum budget, 𝑏𝑚𝑎𝑥  is maximum budget and 𝜂 > 1 is reduction factor. The number of 
configurations at each stage is: 𝑛𝑖 = [𝑛0/𝜂𝑖] , here 𝑛0 is the initial number of configurations. Each stage, 
configurations are ordered by performance: 𝐹(𝜃1) ≥ 𝐹(𝜃2) ≥ ⋯ ≥ 𝐹(𝜃𝑛). Only the top fraction 1/𝜂 is 
retained: 𝛩𝑖+1 = 𝑇𝑜𝑝1 𝜂⁄ (𝛩𝑖) while the remaining configurations are discarded. A validation metric is used 

for each configuration. The selected optimal configuration is: 𝜃∗ = 𝑎𝑟𝑔 𝑚𝑎𝑥
𝜃∈𝛩𝑒𝑣𝑎𝑙𝑢𝑎𝑡𝑒𝑑 

𝐹(𝜃) . The completed 

model is then trained using 𝜃∗ on the whole training dataset. 
  

Table II. Hyperparameter Sets for UCA-BiLAT-SVM Framework 

Model Hyperparameters Set 1 Set 2 Set 3 

BiLAT 
Embedding Dimension 64 128 256 

BiLSTM Hidden Units 32 64 128 
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Number of BiLSTM Layers 1 2 3 

Dropout Rate 0.2 0.3 0.5 

Activation Function ReLU LeakyReLU ELU 

Learning Rate 0.001 0.0005 0.0001 

Batch Size 16 32 64 

Number of Epochs 30 50 70 

SVM 

Kernel Function Linear RBF Polynomial 

Regularization Parameter (C) 0.1 1.0 10 

Gamma 0.01 0.001 auto 

BOHB 

Minimum Budget (Epochs) 10 20 30 

Maximum Budget (Epochs) 30 50 70 

Reduction Factor (η) 2 3 4 

The above shows the hyperparameter search space explored with BOHB to optimize the proposed UCA-
BiLAT-SVM framework. 
 
D. Classification 
The classification stage is designed to correctly classify fake & real news articles using both deep learning 
and machine learning approaches. Individual performances of baseline models such as SVM [15], LSTM 
[16] and BiLAT are assessed to evaluate their baseline performance. SVM generates good decision 
boundaries based on the margin, whereas BiLAT is able to capture the contextual dependency in text. 
Single-model forecasts are however, not always reliable in situations of uncertainty. To overcome this, the 
proposed UCA-BiLAT-SVM framework is designed to combine deep representation learning with margin-
based classification via uncertainty-aware adaptive mechanism. 
 
Proposed: Uncertainty and Confidence-Adaptive BiLAT-SVM (UCA-BiLAT-SVM) 
The proposed system integrates deep contextual learning, which leverages state-of-the-art representation 
learning techniques, and a margin-based decision modelling technique to ensure robust and reliable 
classification. The input sequence 𝑥 = {𝑤1, 𝑤2, … , 𝑤𝑛} is first transformed into an embedding space: 𝑋 =
{𝑣1, 𝑣2, … , 𝑣𝑛}, 𝑣𝑖 ∈ 𝑅𝑑 . The backbone of the BiLSTM Attention Transformer (BiLAT) is a Bidirectional 

LSTM network processing the embedded sequence: ℎ𝑡
⃗⃗  ⃗ = 𝐿𝑆𝑇𝑀𝑓(𝑣𝑡 , ℎ𝑡−1

⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ) , ℎ𝑡
⃖⃗ ⃗⃗ = 𝐿𝑆𝑇𝑀𝑏(𝑣𝑡 , ℎ𝑡+1

⃖⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗ , ℎ𝑡 =

[ℎ𝑡
⃗⃗  ⃗; ℎ𝑡

⃖⃗ ⃗⃗ ]. An attention mechanism is used to attend to the relative importance of each token: 

𝑒𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑎ℎ𝑡 + 𝑏𝑎) , 𝛼𝑡 =
𝑒𝑥𝑝(𝑒𝑡)

∑ 𝑒𝑥𝑝(𝑒𝑖)
𝑛
𝑖=1

 

 
BiLAT introduces an attention refinement process 𝛼̃𝑡 = 𝐹(𝛼𝑡 , ℎ𝑡) to boost discriminative performance, 
where F(∙) is a nonlinear function for tuning attention weights according to the contextual interactions. The 
refined context representation is calculated as: 𝑐 = ∑ 𝛼𝑡̃

𝑛
𝑡=1 ℎ𝑡 . The deep model gives a probabilistic 

prediction: 𝑝𝐷𝐿 = 𝜎(𝑊𝑐𝑐 + 𝑏𝑐) and the BiLAT model has rich contextual dependencies, however, neural 
predictions might be unreliable near decision boundaries. To solve this problem, the learned 
representation c is then sent to a Support Vector Machine (SVM) that builds a function to maximize the 
margin, denoted as: 𝑓𝑆𝑉𝑀(𝑐) = 𝑤𝑇𝑐 + 𝑏 . The SVM output is transformed into a probability score: 

𝑝𝑆𝑉𝑀 =
1

1 + 𝑒𝑥𝑝(−𝑓𝑆𝑉𝑀(𝑐))
 

To integrate both models in a more efficient manner, an uncertainty-aware decision mechanism is added. 
The entropy is used to quantify the confidence of the deep model: 𝐻(𝑝𝐷𝐿) = −[𝑝𝐷𝐿 𝑙𝑜𝑔(𝑝𝐷𝐿) + (1 −
𝑝𝐷𝐿)𝑙𝑜𝑔(1 − 𝑝𝐷𝐿)]. The final prediction is made by implementing a confidence adaptive strategy: 

𝑓(𝑥) = {

𝑝𝐷𝐿                                , 𝑖𝑓 𝐻(𝑝𝐷𝐿) < 𝜏1

𝑝𝑆𝑉𝑀                                         , 𝑖𝑓 𝐻(𝑝𝐷𝐿) > 𝜏2

𝛼𝑝𝐷𝐿 + (1 − 𝛼)𝑝𝑆𝑉𝑀 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

The output of the final classification is: 𝑦̂ = {1, 𝑝𝑓𝑖𝑛𝑎𝑙 ≥ 0.5 ;  0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒. This blend of techniques results 

in better generalization and stability–deep contextual learning for confident prediction, margin-based 
classification for robustness in ambiguous areas. 
 
Input: Training dataset  𝑫, Validation dataset 𝑫𝒗𝒂𝒍 , Hyperparameter space 𝜣, Maximum Computational 
budget B  
Output: 𝜽∗, 𝒚̂ 
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Initialize BOHB with Θ, best score 𝑭𝒃𝒆𝒔𝒕  ←  𝟎 , best configuration 𝜽∗  ←  ∅   
while budget B not exhausted do   
    Sample configuration θ ∈ Θ using BOHB   
 
    Train BiLAT using 𝜽𝑫𝑳 for b epochs on 𝑫𝒕𝒓𝒂𝒊𝒏   
    for each sample x in 𝑫𝒕𝒓𝒂𝒊𝒏𝒂𝒏𝒅 𝑫𝒗𝒂𝒍 do   
        Compute embedding X   
        Compute hidden states 𝒉𝒕 using BiLSTM   
        Compute attention weights 𝜶𝒕  
        Apply refinement → 𝜶̃𝒕   
        Compute context vector c   
        Compute deep probability 𝒑𝑫𝑳   
    end for   
 
    Train SVM using 𝜽𝑺𝑽𝑴 on representations c (from 𝑫𝒕𝒓𝒂𝒊𝒏)   
    for each sample x in 𝑫𝒗𝒂𝒍 do   
        Compute 𝒑𝑫𝑳 from BiLAT   
        Compute 𝒑𝑺𝑽𝑴 from SVM   
        𝑯 ←  − [𝒑𝑫𝑳 𝒍𝒐𝒈(𝒑𝑫𝑳) + (𝟏 − 𝒑𝑫𝑳) 𝒍𝒐𝒈(𝟏 −  𝒑𝑫𝑳)]   
        if H < τ₁ then   
            𝒑𝒇𝒊𝒏𝒂𝒍 ← 𝒑𝑫𝑳   

        else if H > τ₂ then 𝒑𝒇𝒊𝒏𝒂𝒍 ← 𝒑𝑺𝑽𝑴   

        else 𝒑𝒇𝒊𝒏𝒂𝒍 ←  𝜶 · 𝒑𝑫𝑳 + (𝟏 − 𝜶) · 𝒑𝑺𝑽𝑴   

        end if   
        Predict label ŷ using 𝒑𝒇𝒊𝒏𝒂𝒍   

    end for   
    Evaluate 𝑭(𝜽) using F1-score on 𝑫𝒗𝒂𝒍   
    Update BOHB model with (𝜽, 𝑭(𝜽))   
     𝒊𝒇 𝑭(𝜽) >  𝑭𝒃𝒆𝒔𝒕 then   
        𝑭𝒃𝒆𝒔𝒕 ←  𝑭(𝜽)   
        θ* ← θ   
    end if   
end while   
Return θ* and final trained model 
 
The model then cleans and encodes the text into numerical vectors, after which the BiLAT network analyzes 
these vectors to comprehend context and make an initial prediction. Meanwhile, the internal 
representation acquired by BiLAT is fed to an SVM to build a robust decision boundary for classification. In 
the absence of blind faith, the system evaluates the confidence of the BiLAT prediction by using entropy, 
and if it is confident, it takes the BiLAT prediction, if not, it takes the SVM decision, if neither, it combines 
both predictions. While doing so, BOHB optimizes the settings of all models, testing their performance 
efficiently and retaining only the best ones. This leaves a more accurate and more reliable system, 
particularly during challenging or unclear situations. 
 

IV. Result And Discussion 
This section provides a thorough assessment of the proposed UCA-BiLAT-SVM model on three benchmark 
datasets. The performance is evaluated based on standard performance metrics [16] to get a balanced 
measure of classification performance. To optimize the training configuration for different computational 
budgets, BOHB was used to identify the optimal training configuration for different computational budgets. 
 

Table IV. Performance Comparison Using BOHB Optimization on Fake & Real News Dataset 

Model 
Accuracy 
(%) 

Precision Recall 
F1-
Score 

UCA-BiLAT-KNN 98.6 98.4 98.7 98.5 

UCA-BiLAT-LR 98.8 98.6 98.9 98.7 

UCA-BiLAT-RF 99.0 98.9 99.1 99.0 

UCA-BiLAT-SVM 99.3 99.1 99.4 99.2 

 

http://www.svedbergopen.com/ijaiml


www.svedbergopen.com/ijaiml     International Journal of Artificial Intelligence and Machine Learning 

 

Vol.6, No.12s, 2026                                                                                1345 
 

 
Fig.2 Performance Comparison of models on Fake & Real News Dataset 

 
The Fake & Real News dataset performance comparison suggests BiLAT with various classifiers works. The 
recommended UCA-BiLAT-SVM model has 99.3% accuracy and 99.2% F1 score, outperforming KNN, LR, 
and RF. In the taught latent space, SVM performs best in classification and delivers the best decision bounds. 

 
Table V. Performance Comparison Using BOHB Optimization on FakeNewsNet Dataset 

Model 
Accuracy 
(%) 

Precision Recall 
F1-
Score 

UCA-BiLAT-
KNN 

98.9 98.7 99.0 98.8 

UCA-BiLAT-
LR 

99.1 98.9 99.3 99.0 

UCA-BiLAT-
RF 

99.3 99.1 99.4 99.2 

UCA-
BiLAT-SVM 
(Proposed) 

99.5 99.3 99.6 99.4 

 

 
Fig.3 Model Performance Comparison of models on FakeNewsNet Dataset 

 
All hybrid models performed well with more than 98.9% accuracy on FakeNewsNet. The proposed UCA-
BiLAT- The SVM attained an accuracy of 99.5% and an F1 score of 99.4% on the suggested dataset, so 
confirming the efficacy of the proposed technique. 

 
Table VI. BOHB Optimization on ISOT Fake News Dataset Performance Comparison 

Model 
Accuracy 
(%) 

Precision Recall 
F1-
Score 

UCA-BiLAT-
KNN 

98.8 98.6 99.0 98.8 
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UCA-BiLAT-
LR 

99.0 98.8 99.2 99.0 

UCA-BiLAT-
RF 

99.2 99.0 99.3 99.1 

UCA-
BiLAT-SVM 
(Proposed) 

99.4 99.2 99.5 99.3 

 

 
Fig.4 Performance Comparison of models on ISOT Dataset 

 
All classifiers show comparable ISOT trends. UCA-BiLAT-SVM stood out with 99.4% accuracy and 99.3% 
F1 score, surpassing KNN, LR, and RF classifiers. The suggested framework is strong, resilient, and 
generalizable. 

Table VII. BOHB Optimization Analysis across Different Datasets 

Metric 
Hyper 
parame
ter Set 

Fake & 
Real 
News 

FakeNe
wsNet 

ISOT 

Validati
on Loss 

Set 1 0.126 0.118 0.121 

Set 2 0.079 0.071 0.075 

Set 3 0.041 0.036 0.039 

Training 
Time 
(min) 

Set 1 18 22 20 

Set 2 27 31 29 

Set 3 35 40 37 

Accurac
y (%) 

Set 1 98.4 98.7 98.5 

Set 2 99.0 99.2 99.1 

Set 3 99.3 99.5 99.4 

F1-
Score 

Set 1 98.3 98.6 98.4 

Set 2 98.9 99.1 99.0 

Set 3 99.2 99.4 99.3 
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Fig.5 Validation Loss and Training Time Analysis under BOHB Optimization 

 
The results of the BOHB optimization illustrates that increasing the amount of money spent on training the 
model gives rise to better performance on all datasets. The accuracy and F1-score values increase 
continuously from Set 1 to Set 3, while the validation loss decreases. The results for set 3 was best, 
indicating the effectiveness of BOHB in finding the best hyperparameter configuration. 

 
Table VIII. Performance Analysis across Different Stages of the Proposed Pipeline 

Pipeline Stage 

Fake & 
Real News 

FakeNewsNet ISOT 

Acc F1 Acc F1 Acc F1 

Raw Text (No 
Pre-
processing) 

88.6 88.2 87.9 87.5 89.2 88.9 

Pre-processing 
Applied 

91.8 91.5 91.2 90.9 92.4 92.0 

+ Embedding 
Layer 

94.6 94.2 94.1 93.7 95.0 94.6 

+ BiLAT 
Representation 
Learning 

98.3 98.0 99.0 98.9 98.6 98.5 

+ Latent-Space 
Classification 
(SVM) 

98.9 98.7 99.2 99.1 99.0 98.9 

+ UCA-BiLAT-
SVM 
(Proposed) 

99.3 99.2 99.5 99.4 99.4 99.3 
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Fig.6 Step-wise Accuracy Improvement across Datasets 

 
Each component of the proposed framework is emphasized in the step-wise analysis. The performance 
gradually increases in going from preprocessing and embedding to the representation learning, BiLAT, and 
SVM classification. 
V. CONCLUSION 
 
This research proposes the UCA-BiLAT-SVM system for false news detection using deep contextual 
representation learning and margin-based classification. The BiLAT model is able to learn semantic and 
contextual dependencies, and the SVM classifier improves the boundaries between the learned latent space 
classes. In uncertain situations, an entropy-based adaptive mechanism dynamically chooses or combines 
predictions for greater reliability. BOHB is used for efficient parameter optimization of hyperparameters. 
Experimental results on Fake & Real News, FakeNewsNet and ISOT datasets confirm the efficiency of the 
proposed framework with up to 99.5% of accuracy and 99.4% of F1-score. The findings demonstrate that 
the proposed approach with contextual learning, margin-based classification, and adaptive decision-
making is a powerful and scalable approach to fake news detection.  
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