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1. INTRODUCTION

The digital age has democratized content creation, but also
enabled the proliferation of misinformation. A 2022 MIT study
found fake news spreads 6x faster than true news on Twitter. The
2016 US elections and COVID-19 pandemic highlighted the
real-world impact of fake newsWang, W. Y. (2017).
Traditional detection relied on hand-crafted features like word
frequency, POS tags, and source credibility. However, fake news
creators now use sophisticated language to mimic legitimate
journalism. Deep learning eliminates manual feature engineering
by learning hierarchical representations directly from text.

Research Gap: Existing models either use BERT or LSTM
separately. BERT captures context but is computationally heavy

bidirectional context. Few works combine both with attention
focused on fake news semantics (Devlin, J. et al., 2019).

Contribution:

1. We propose HybridBERT-LSTM-Attention , a novel
architecture fusing contextual embeddings with sequential
modelling.

2. We introduce Deception-Aware Attention that weights
politically biased and emotional phrases higher.

3.  We provide interpretability analysis crucial for journalistic
deployment.

4.  We achieve SOTA results on 3 public datasets. Ahmed, H.,
et al. (2018)

for long articles. LSTM handles sequences well but misses 2. LITERATURE REVIEW
Study Model Dataset Accuracy Limitation
No contextual information; poor performance
0, )
Wang et al. (2017) CNN + LSTM LIAR 27.4% on short statements
Ahmed et al. (2018) LSTM ISOT 92.1% Unidirectional architecture; fails to capture
) o long-range contextual dependencies.
Devlinetal. (2019) | BERT-base FakeNewsNet 94.2% Limited to 512 tokens; computationally
expensive and slow
Kaliyar et al. (2021) BERT + CNN | COVID-19 Fake News Dataset 95.6% Lacks sequential modelling capability
GCN + Text .. o Requires social network graph information;
Shu et al. (2020) Features I 89.3% unsuitable for text-only detection

Key Insight: Transformer models like BERT improved
accuracy drastically but failed on

articles >512 tokens. LSTM models handle long sequences but
lack deep context. Hybrid approaches remain underexplored for
fake news. Kaliyar, R. K., et al. (2021). Haque S., et al. (2021).

3. METHODOLOGY

3.1 Problem Formulation
Given a news article $D =\{w_1, w_2, ..., w_n\} $, predict the
label $y \in \ {0,1\} $ where 1 = Fake, 0 = Real.

3.2 Proposed Architecture: HybridBERT-LSTM-Attention

Step 1: BERT Embedding Layer

Input text is tokenised and passed through BERT-base-uncased.
For articles >512 tokens, we use a sliding window with a stride
of 128. Output: contextual embeddings E €R™7%8,

Step 2: BiLSTM Layer
BERT embeddings fed to a 2-layer Bidirectional LSTM with 256
hidden units. This captures long-term dependencies and writing
style. Output: HER™312,

Step 3: Deception-Aware Attention
Standard attention fails on fake news because deception cues are
sparse. We modify attention:

exp(ul us - d;)
Zj exp{u?us -dj)

Ct_’,iz

Where deception scores from a lexicon of biased words like
"shocking", "unbelievable", "they don't want you to know". This
forces the model to attend to sensational language (Shu, K. et al.,

2020).

Step 4: Classification

Weighted sum v = Z—i e passed to a dense layer with
sigmoid.

3.3 Training Details

- Loss: Binary Cross-Entropy + Focal Loss to handle class
imbalance

- Optimizer: AdamW, Ir = 2e-5, batch_size = 16

- Hardware: Single NVIDIA V100, 6 hours per dataset

- Regularisation: Dropout 0.3, Early stopping

4. Experiments:

4.1 Datasets

1. LIAR: 12.8k short political statements, 6 classes merged to
binary. Hardest due to short context.

2. ISOT: 44k full news articles, balanced. Contains title + text.
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3. FakeNewsNet: 23k articles from PolitiFact/GossipCop
with social context. We use text-only.

4.2 Baselines
SVM, CNN, LSTM, BERT-base, RoOBERTa, BERT+CNN

4.3 Results

Model LIAR ISOT FakeNewsNet
Accuracy Accuracy F1-Score
SVM 25.1% 85.3% 0.84
LSTM 26.9% 92.1% 0.88
BERT-base 38.2% 94.2% 091
RoBERTa 40.1% 95.0% 0.92
Proposed o N
Model (Ours) 42.7% 97.3% 0.95
Ablation Study on ISOT:

- Remove Attention: 97.3% — 95.1% =-2.2%

- Remove BiLSTM: 97.3% — 94.8% = -2.5%

- Replace BERT with GloVe: 97.3% — 91.2% =-6.1%

This proves each component matters. Attention helps most on
LIAR with +4.1% gain. Ribeiro, M. T., et al. (2016)

5. DISCUSSION & INTERPRETABILITY

5.1 Error Analysis:

Model fails on satire and articles with heavy sarcasm. Example:
"The Onion" articles flagged as fake with 99% confidence, but
they are satire, not malicious fake news. This shows the need for
satire detection as a separate task.

5.2 LIME Visualisation:

We use LIME to explain predictions. For a fake article:
"BREAKING: Scientists shocked that this one fruit cures cancer.
Big Pharma hates this trick!"

Words "BREAKING", "shocked", "cures", and "hates" got the
highest weights. This matches our Deception-Aware Attention
design. Vosoughi, S., et al. (2018).

5.3 Limitations:

1. English-only, doesn't work on Hindi/Hinglish fake news

2. Computationally expensive: 1.2s per article vs 0.1s for LSTM
3. Dataset bias: A model trained on US politics may fail in the
Indian context

6. CONCLUSION & FUTURE WORK

We presented HybridBERT-LSTM-Attention, a novel deep
learning model for fake news detection. By combining BERT’s
context, LSTM’s sequential power, and custom attention, we
achieved SOTA on 3 benchmarks. The interpretability layer
makes it suitable for newsroom use.

Future Work:

1. Multilingual extension using XLM-RoBERTa

2. Multimodal fake news with images/videos

3. Real-time deployment via model distillation to TinyBERT
4. Add fact-checking via knowledge graphs
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