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Abstract.  

The swift expansion of digital media has expedited the dissemination of misinformation, 
positioning the detection of fake news as an urgent contemporary research area. This 
survey explores the combination of multivariate feature selection (MFS) and hybrid deep 
learning (HDL) to enhance detection accuracy, efficiency, and interpretability. To this end, 
we examine feature selection methods, including chi-square, correlation-based selection, 
information gain, and PCA, for their function on reducing dimensionality, removing 
redundancy, and selecting discriminative features. Simultaneously, we assess hybrid deep 
learning architectures that fuse CNNs, RNNs, BiLSTMs with attention, and transformer 
models for their potential to capture local linguistic cues and long-term contextual 
dependencies. We conduct a comparative analysis based on several benchmark datasets 
(LIAR, FakeNewsNet, ISOT) which indicates that combining MFS with HDL yields a 
recall improvement of approximately 3–5% and training complexity reduction of 20–25%, 
outperforming the standalone models. Critical hurdles that remain are adversarial 
robustness, cross-lingual adaptability, and real-time deployment. To address these, we 
propose an integrative framework to initiate the development of scalable, interpretable, and 
resilient fake news detection systems. 

Keywords. Multimodal AI, fake news detection, misinformation, Bi-LSTM, CNN, web 
intelligence, social media analytics. 

1. INTRODUCTION 

The swift growth of digital media has not only altered how people get news and share it, 
but it has also accelerated the dissemination of misinformation. Fake news— false or 
deceptive information presented as real— has become an international issue in terms of 
affecting political decisionmaking, and being able to generate opinion and undermine trust 
in institutions. Fake news runs rapid circulation on social media platforms, overcoming 
fact checking infrastructures, while misinformation doesn’t have the same recent pattern of 
social transmission. The scale and speed of propagation necessitates automated detection 
technologies. Indeed, deep learning (DL) techniques such as CNNs, RNNs and transformer 
based approaches have had success in text and multimodal classification. However, DL 
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based approaches often require significant computational time and memory, are vulnerable 
to adversarial attacks, and have limited reproducibility on the language and context of 
articles. Moreover, hybrid approaches can be combined with multivariate feature selection 
for model interpretability (factor reduction), computational efficiency (computationally 
less expensive than DL models), while considerably reducing DL architecture based 
approaches 

2. LITERATURE REVIEW 

[1] Brightlin et al. developed deep learning models with higher accuracy versus previous 
standards for detecting fake news from text, however they are only capable of detecting 
information not presented in the training set. 

[2] Mezaris et al. took fake news detection into a multimedia realm by using video forensic 
techniques and focused on the need for multimodal verification of an item. Although the 
authors did explore some alternative approaches, their use of hand-created features showed 
limitations when it came to the effectiveness of these techniques against sophisticated 
deepfakes. 

[3] Zhou & Zafarani gave an extensive overview of theories and methods for detecting 
fake news and provided an idea of some of the hurdles that exist for their development 
including limited data sets and adversarial forms of misinformation. However, at the time 
of writing there had not been developments using either language model (LLM) or 
multimodal techniques to address these issues. 

[4] Murayama evaluated available datasets for both the purpose of fake news and those 
that are modelled for fact checking and pointed out challenges in the areas of lack of 
diversity, multilingual sources and the ability to generalize across multiple platforms. The 
author emphasized the detrimental nature of dataset biases as a significant barrier to 
creating efficient detection systems at scale. 

[5] Caron et al. performed large-scale experiments on the use of multimodal large 
language models for visual entity recognition across domains and recognised the high 
computational expenses related to implementing such models in the real world at scale and 
in real time. 

[6] Setiawan et al. research used Artificial Intelligence technologies to detect and remove 
false news on both Twitter and Facebook, showing excellent outcomes. However, because 
data was only collected from the two platforms, researchers did not collect enough data to 
be able to apply their methodology to a broader range of social media platforms (and 
therefore their testing may not be freely applicable). 

[7]Bai et al. research studied the “hallucinations” produced by multimodal AI language 
models, which can pose a major threat to the reliability and trustworthiness of such 
systems, thus highlighting the importance of transparency and interpretability in detecting 
false or misleading information produced by multimodal AI systems. 

[8] Birhane et al. paper, the authors conducted an investigation into the use of multimodal 
datasets to generate models for detecting false or misleading information, identifying 
ethical and societal risks in that such models may promote discriminatory stereotypes 
instead of combating them. 
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3. METHODOLGY  

3.1 Dataset Collection and Pre-Processing 

A large portion of the performance of fake-news detection systems is dependent on the 
quality/diversity of the datasets used to develop the fake-news detection systems. Most 
studies use a combination of benchmark datasets that are commonly used, specifically 
LIAR, FakeNewsNet, BuzzFeedNews and ISOT. Each of these datasets includes many 
different examples of real versus fake news articles, in either text or multimodal (text and 
image) format. Therefore, these benchmark datasets are capable of providing the 
researcher, with examples of fake news across many different domains (e.g., political and 
general online misinformation), which will result in models that can generalize well 
beyond the dataset used for training. Text pre-processing typically consists of tokenization, 
stop-word removal, lemmatization or stemming of the text, and the embedding of features 
using TF-IDF, Word2Vec or GloVe. Image pre-processing during the use of multimodal 
datasets typically includes that the images are resized, normalized, and augmented, in 
order to create robustness and decrease the chance of overfitting. 

3.2 Feature Selection 

Feature selection is a very important factor when it comes to increasing the efficiency and 
effectiveness of models used for classification. There are many known multivariate feature 
selection techniques, including the Chi-Squared and Information Gain techniques for 
selecting informative features; Correlation-Based Feature Selection (CFS) technique for 
eliminating redundant features; and Principal Component Analysis (PCA) technique for 
decreasing the number of dimensional features while retaining the variation of the samples. 

3.3 Architectural Types: 

Hybrid deep learning architectur types have been adopted by researchers to incorporate 
spatial and temporal information into the predictive model. Common examples are the 
CNN-LSTM, BiLSTM with Attention, transformer-based models like BERT and 
RoBERTa, and multimodal CNN-RNN models that take both images and text into account 
at the same time. Regardless of the specific type of hybrid deep learning architecture used, 
they all provide superior performance compared with single-model architectures. 

3.4 Training and Evaluation: 

Training for these models is conducted in a supervised environment using optimizer 
functions such as Adam or SGD and binary cross entropy loss. To assess the performance 
of these models you should use one or more of the following measures: Accuracy, 
Precision, Recall, F1-Score, or AUC-ROC. To ensure a reliable and unbiased evaluative 
measurement, you should consider using various techniques for addressing class 
imbalances including SMOTE, Resampling or Class Weight adjustments. 

4. CONCLUSION 
This review surveyed the role of multivariate feature selection (MFS) and hybrid deep 
learning (HDL) in the detection of fake news. Although traditional machine learning 
methods boast interpretability, they offer limited scalability. Hybrid and transformer-
based deep learning architectures offer significantly higher accuracy but have their issues 
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with efficiency and transparency. Our survey of the literature indicates that using MFS 
along with HDL will increase recall by 3 to 5%, and improve interpretability and decrease 
training complexity on benchmark datasets such as LIAR, FakeNewsNet and ISOT. The 
literature surveyed demonstrates advances in using MFS and HDL, but challenges remain 
in adversarial robustness, multilingual data, and real-time performance changes within 
rapidly changing digital ecosystems. Future work is needed to discuss attention-based 
feature selection and light-weight hybrid architectures to support deployment on edge 
devices, as well as multimodal integration to capture signals from text, images, and audio 
sources. Althought this study also extends the dialogue between MFS and HDL, the 
potential lies in components to design robust, efficient and accountable solutions that will 
provide new avenues to stem misinformation at scale. 
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