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The rapid spread of fake news online poses a serious threat to public trust, making

NOISIAI

automated detection systems increasingly necessary. The proliferation of Al-generated

content has intensified this challenge, with the number of Al-enabled fake news sites
increased tenfold in 2023 alone [1]. This study is the first to compare seven deep learning
architectures — CNN, LSTM, Bi-LSTM, RNN, Bi-RNN, GRU, and Bi-GRU — under
identical experimental conditions on the same dataset, providing a reliable and unbiased
performance benchmark. All models were trained on a publicly available dataset of 44,919
labeled news articles (23,502 fake, 21,417 real) using the Adam optimizer (learning rate =
0.001), binary cross-entropy loss, a batch size of 64, and early stopping, with sequences padded
to 500 tokens and an 80/20 train-test split. Each model was evaluated using accuracy,
precision, recall, Fl-score, and misclassification count. GRU achieved the best overall
performance, with 99.91% accuracy, precision, recall, and Fl-score, recording only 8
misclassifications on 8,980 test samples. CNN ranked second with 99.82% accuracy and 16
misclassifications, followed by Bi-LSTM at 99.74% with 21 misclassifications. The LSTM
achieved 99.57%, while the RNN reached 99.21% Bi-RNN performed the weakest at 96.80%
accuracy with 287 misclassifications, the highest error count among all models. Notably, the
standard GRU outperformed its bidirectional counterpart, Bi-GRU (99.69%), suggesting that
increased architectural complexity does not always yield better performance. These findings
demonstrate that GRU is a strong, lightweight choice for real-time fake news detection and
offer practical guidance for selecting deep learning models in misinformation filtering systems.
Keywords: Deep Neural Networks, Fake News Detection, Convolutional Neural Networks
(CNN), Long Short- Term Memory (LSTM), Gated Recurrent Unit (GRU) Architecture.
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Introduction:

In the current digital era, where the dissemination of information is rapid through
websites, social media, and messaging applications, fake news has become a global issue. Many
people now prefer to get their daily news from online platforms, but not all the news available
online is true. Researchers often use the term “fake news” alongside related terms such as
misinformation, disinformation, hoax, and rumor, which refer to different forms of false
information dissemination. Misinformation refers to the sharing of false content without
considering intent, often caused by poor fact-checking or mistakes such as wrong labeling of
images. Disinformation refers to the false information that is purposely made and shared to
mislead or manipulate, often linked to propaganda. Rumors and hoaxes describe false stories
that are deliberately made to look real, even though the facts are inaccurate or fabricated [2].
The purpose of fake news is to mislead, sway, or create confusion among people. Important
sectors like politics, public safety, and even individual opinions might get influence by this. False
claims about vaccines resulted in widespread opposition during the COVID-19 pandemic, which
hindered immunization process [3]. If s now increasingly difficult for individuals to distinguish the
difference between the fake and real news because of Al-generated deepfakes and bots. Fake
news has the ability to quickly shape people’s opinions and decisions making this situation
particularly concerning. Fake news may negatively impact societies and continue to sway
opinions if it left unchecked.

Researchers and practitioners have investigated this issue from a variety of perspectives
and tried to address fake news through human moderation, fact-checking websites, and machine
learning, but all of these approaches are insufficient to keep up with the vast amount of
information that is shared online every second around the world. So, they started looking for
automated ways that can help in classifying misinformation. deep learning architectures have
achieved outstanding results in the detection of fake news [4]. Deep Learning architectures such
as Convolutional Neural Networks (CNNs), Long Short-Term Memory (LSTMs), and
Recurrent Neural Networks (RNNs) have been used to analyze the text, source, headline, and
metadata of news articles and these architectures performed better as compared to other
traditional methods [5]. Furthermore, deep learning architectures are trained in such a way that
they can easily learn the underlying trends and patterns of fake news, including bias,
inconsistency, and sensationalism. [0]. In order to make predictions, these models do not need
humans input instead they learn patterns from large datasets and by integrating such models into
online platforms, we can minimize the spread of fake news [7]. Recent studies further confirm
the severity of this problem. According to NewsGuard, the number of Al-enabled fake news
sites increased tenfold in 2023, and approximately half a million deepfake videos were shared on
social media in that same year [1]. [8] note that the rapid advancement of social media platforms
has facilitated the spread of misinformation at an unprecedented rate, making it difficult for
individuals to distinguish fact from fiction. Similarly, [9] highlight that the scale and speed of
online misinformation have made manual fact-checking and rule-based filtering fundamentally
insufficient for the volume of content produced daily.

In spite of these developments, we are still confused about how different deep learning
architectures distinguish from other architectures when used to detect fake news because each
architecture has their own pros and cons when handling textual data and to understand which
model perform best in different situations and why. Additionally, some previous studies used
only a single architecture to identify news as real or fake or they might does not test these models
on different datasets. This study solves this problem by comparing various deep learning
architectures alongside one another instead of using a single architecture. It takes a close
examination on the way each model is performing and what type of patterns they are picking up
and how good or bad they are performing.
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The literature has a definite research gap: most published works compare only a single
or two architectures separately under varying experimental conditions, and it is hard to compare
models reliably [10]. It is uncommon to compare bidirectional variants with their unidirectional
counterparts when applied to the same set of settings, and crucial implementation details
including tokenizer parameters, batch size and hardware configurations are often not included,
which constrains reproducibility [10]. This paper directly fills these gaps by enacting and
comparing seven architectures, using a completely standardized and documented experimental
protocol.

The primary goal of this study is to implement various deep learning architecture on the
Fake and Real news dataset and subsequently compare their outcome to understand how each
model functions. We are using news datasets that are publicly available on Kaggle for the training
purposes. After model's training, we will assess their performance through evaluation measures
such as accuracy, recall, Fl-score, precision and number of misclassifications and identify the
most effective model that can provide reliable results. We will compare each architecture's
performance and their ability to deal with various news types in order to understand its strengths
and weaknesses. We intend to develop and test these deep learning models, as they can quickly
and accurately detect misinformation, in order to produce a system that assists people in
avoiding misleading information. Researchers, online platforms, and regular users may find this
helpful. Additionally, we want to ensure that the models we build are reliable and are capable of
performing well in real-life situations. The sole subject matter of this research is not only about
the use of technology but making the internet safer, by educating people more about the
difference between the fake and real news. Through this paper, we want to stop the spread of
misinformation by utilizing better and smarter technologies.

Research Obijectives:
This study will be guided by the following specific and measurable objectives:

To use seven deep learning models (CNN, LSTM, Bi-LSTM, RNN, Bi-RNN, GRU, Bi-
GRU) to classify binary fake news on a standardized set of 44,919 labeled articles.

To compare every model on five quantitative measures: accuracy in the test, precision,
recall, F1-score, and the overall number of misclassifications, which is further broken down into
false positives and false negatives.

To determine which architecture has the best classification accuracy and the minimum
number of prediction errors given the same training conditions.

To understand whether bidirectional processing is always effective in boosting the
performance compared to unidirectional counterparts of all gating architectures.

The structure of this research paper is as follows: Section 2, introduces the previous
studies regarding the methods of detecting fake news with the assistance of machine learning
and deep learning algorithms. Section 3 addresses the proposed methodology, including dataset,
data preprocessing methods and deep learning architectures, which were used, such as CNN,
RNN, Bi-RNN, LSTM, Bi-LSTM, GRU and Bi-GRU. Section 4, shows the outcomes and
discusses the performance of these models. Lastly, Section 5, concludes the study by presenting
our findings.

Research Contributions:

This section clearly points out the difference and the extension of the current study to

the existing research on the topic of detecting fake news using deep learning.
Multi architecture benchmarking: This work implements and compares seven different
models using the same dataset, preprocessing pipeline, and hyperparameter settings, and
evaluation metrics, unlike most previous studies that only test a single or two architectures
[11]{12]. This makes sure that any differences in performance seen are due to true architectural
attributes and not experimental variability.
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Detailed metric reporting: This paper will also report on accuracy but will also include the
precision, recall, Fl-score, and the number of misclassifications by false positive and false
negative per model. This detail is not provided in a number of similar studies [12][13] and also
gives the practitioners the opportunity to choose models on the basis of particular error
tolerance needs.

New empirical evidence on bidirectionality: An important conclusion of this research is that
bidirectional extensions do not consistently outperform their unidirectional counterparts. Bi-
GRU (99.69%) underperforms standard GRU (99.91%), and Bi-RNN (96.80%) is the weakest
model overall. This directly counters one popular supposition of the literature and offers
practical advice in regard to architecture choice [14].

GRU as a lightweight high-accuracy solution: This paper shows that GRU has 99.91%
accuracy, which is higher than CNN, LSTM, and all the variants of bidirectional network, and it
has fewer trainable parameters than LSTM. This makes GRU a good candidate in resource
efficient real- time misinformation detector systems [14][15].

Fully reproducible experimental design: Complete implementation details — including
tokenizer parameters, padding strategy, batch size, learning rate, optimizer, early stopping
configuration, and hardware specifications — are reported to enable replication and extension
of this work [10].

Literature Review:

This section reviews earlier research on the detection of fake news, using deep learning
and machine learning techniques. To compare performance on different datasets, researchers
have tested a variety of models, including Naive Bayes, SVM, Random Forest, CNN, LSTM,
GRU, and their bidirectional. In order to create an accurate and reliable detection systems, it is
necessary to compare the effectiveness of these techniques and to find which model is most
effective for detecting fake news.

[11] conducted research to optimize deep learning models through hyperparameter
tuning in order to improve their fake news detection system. This research focuses on enhancing
the performance and reliability of system that can correctly identify misinformation on online
platforms. They used optimized CNN and LSTM models on two different datasets with political
news article labeled as fake or real to achieve research goals. To increase model accuracy, they
used HyperOpt for hyperparameter tuning. The optimized CNN was able to extract significant
features of the text and attain an accuracy of 93.1 percent, and the LSTM detected patterns of
sequences and attained 89.96. The performance was evidently increased when compared to the
non-optimized models. Also, the paper has highlighted the importance of tuning to enhance
detection and use of clean and labelled data. Their research supports using deep neural networks
to combat false information on the internet._Nevertheless, this paper only considers two
architectures and excludes GRU and any bidirectional variations. The accuracy figures reported
are significantly lower than those obtained in the current study; this could be due to differences
in size of data set or tuning depth. There is also no misclassification breakdowns reported in the
study, which restrict the analysis of errors.

[16] focused on utilizing ensemble deep learning models to detect fake news in the
Arabic language and by dealing with the unique challenges, their work makes it much easier to
identify misinformation. They used the Bi-LSTM and Bi-GRU architecture together and
therefore developed a powerful hybrid model that enabled the ability to comprehend the text
structure and meaning easily. This hybrid model was tested using two Arabic datasets, AFND
and ARABICFAKETWEETS which demonstrated high accuracy. They also transformed words
into useful vectors to be trained with FastText. They had a better hybrid model than other
models such as CNN-LSTM and RNN-CNN. They also tried other models of transformer such
as BERT and XLNet but the Bi-LSTM-Bi- GRU model worked better. This experiment
demonstrated that combining various deep learning models can go a long way in enhancing fake

April 2026 | Vol 8 | Issue 2 Page | 549



International Journal of Innovations in Science & Technology

news detection and offers a strong base to develop future systems that are multilingual and can
be adapted to various contexts. While notable for its multilingual scope, this study fuses Bi-
LSTM and Bi-GRU into a single hybrid model, making it impossible to isolate the individual
contribution of each component. The present study addresses this gap by evaluating each
architecture independently under identical conditions.

[13] worked on utilizing a deep neural networks approach based on LSTM to identify
fake news and investigates how deep learning and machine learning techniques can help in the
more effective and efficient detection. It considers different techniques for identifying false
information on the internet, especially on platforms like Facebook, Instagram were
misinformation spreads quickly. The main focus of this study is on sequential models which has
the ability to recognize hidden patterns in the news content which cannot be detected by
traditional machine learning models, and it highlights the importance of working with advanced
models to boost the performance. They found that deep learning handled the text flow much
better than other classifiers like Random Forest and Logistic Regression. Before training, they
ensured that the dataset was balanced to prevent biassed outcomes and used TF-IDF to convert
text into numerical representation after cleaning it by eliminating extra words and then breaking
text into tokens. Moreover, they mentioned that the next generation models will contain pictures
or videos since fake news doesn’t necessarily involve only texts. This paper is restricted to one
LSTM model and it does not discuss GRU, Bi-LSTM and bidirectional versions. The 94%
accuracy on the Kaggle dataset reported, although useful as a baseline, is also far lower than the
99.91% of GRU in the current study, which validates the importance of the larger comparison
performed here.

Using deep learning and machine learning architectures, [17] investigated COVID-19
fake news detection and public sentiment analysis. Their approach identified fake pandemic-
related content with a 97% accuracy. The authors draw attention to how quickly false
information spread on social media during the pandemic and point out the urgent need for
accurate and effective models to prevent the spread of false information. They evaluated deep
learning models like CNN, LSTM, Bi-LSTM, and GRU as well as models like Naive Bayes,
SVM, and Random Forest. According to their results, deep learning models particularly CNN
and Bi-LSTM performed better at identifying fake news, understanding text patterns and
processed more quickly and accurately as compared to traditional methods. To improve the
efficacy of such systems, the study proposed that future research should use social media
features, multi-language data, and real-time fake news detection tools. Bangyal et al. is among
the most directly comparable studies to this work, as it evaluates multiple architectures including
GRU. However, it does not include Bi-GRU or Bi-RNN|; leaving the cross-variant comparison
incomplete. Their finding that CNN and Bi-LSTM outperformed GRU contrasts with our
results; this difference may be attributable to the domain-specific nature of the COVID-19
dataset used.

[2] introduced an advanced deep learning approach to address the growing problem of
fake news spreading quickly across social media platforms. In a bid to enhance the automatic
process of detecting fake news- Convolutional Neural Networks (CNN) and Recurrent Neural
Networks (RNN), the authors suggested a hybrid model. This hybrid model was also
experimented with two datasets, that is, ISOT and FAKES and was built in such a way that it
could be in a position to identify significant pattern of words and context in the article, it was
found to be more effective than CNN, RNN;, or any other machine learning model, which was
seen to work individually. The study tested the extrapolation of the model on several datasets
and could conclude that the model was only useful in case the data were known, and the model
was pathetic in case the data were unknown. The authors have outlined limitations of what was
done in other research such as the inability to select features effectively and lack of flexibility
and have indicated that the models that are capable of addressing the different news types must
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be developed. According to the outcome of their investigation, deep learning is applicable to
finding fake news, but further studies are needed to make it more consistent across various data
sets.

[18] studied the way deep learning models could be applied to detect fake news using as
the sole information the text of an article. They tested three models (LMST, CNN and fine-
tuned BERT) to identify how they can categorize the news articles as fake or true ones. The
models were focused on the analysis of the title of the articles and primary content but not on
the social or user-related metadata. They had an experiment that BERT was the best in every
circumstance as it was able to generate an accuracy of over 93%. They were trained and tested
on TI-CNN and Fake News Corpus. The authors used Bayesian optimization of the
hyperparameters of the LSTM and CNN models though BERT was fine-tuned through the best
practices. Overall, the study has underscored that deep learning models, in most cases,
transformer-based models can be used to detect fake news more effectively with greater accuracy
using text only and with scaling. The following work cycle was to gather the new data so as to
increase the model performance and competence in handling the invisible data.

To counterfeit the widespread spread of false information on the Internet, [19] proposed
a deep learning model that discovers fake news. To employ an ensemble deep learning model,
which involves fusing the superiority of a large number of neural models and thus improving
the accuracy of the detection framework of the fake news, the authors used the LIAR dataset.
Through their experiment, they prove that detection performance can be significantly improved
using the textual and attribute-based features. Instead, they applied dense neural network to
other metadata features and Bi-LSTM-GRU on the attribute of textual statement. The research
entailed data pre-processing consisting of the initial phase of addressing missing data,
normalization, and natural language processing (NLP) including tokenization and
lemmatization. The authors discovered that the addition of other features to the model did not
affect the performance of the model and highest accuracy of 89.8% was achieved in the case of
the statement attribute alone. Their model was far better compared to the methods used in the
previous research on the same data. The authors jumped to the conclusion that despite the fact
that their model was highly successful, the improved generalization is possible with the
assistance of further research using the assistance of various data.

[12] proposed that the process of verifying the facts and the traditional approach have
drawbacks; thus, the deep learning tool should be applied to enhance the process of fake news
detection. The authors were able to come up with a detection system that was able to distinguish
the real and fake news based on the Long Short-Term Memory (LSTM) deep learning model
and compare the performance of LSTM to the other machine learning models i.e., the Support
Vector Machine (SVM) and the K-Nearest Neighbors (KNN). The LSTM model was more
accurate with 88 percent and recalled higher with 90 and high precision of 806. It is observed by
the authors that LSTM was quite effective because it could understand the sequence of words
in news articles. They demanded a viable system that can recognize fake news in the right and
effective way. Moreover, the authors suggested that this model was supposed to be tested on
larger data sets and that as many features as possible should be added to improve the
performance of this system. The significance of their move is in mollify bogus news on the net.

[20] identified the need to have improved tools capable of looking at the bigger picture
of the news. A hybrid deep learning architecture that is based on sequential learning strategies
alongside content-based approaches is suggested to address this as the authors suggested. They
tried to enhance the process of detecting fake news using feature extraction, which included N-
gram and TF-IDF, and text pattern learning, i.e., LSTM and BERT. Their model was geared
towards improving the representation of content involving news in a way that would be easy to
distinguish between real or fake contents. This combination method was also experimented on
this The WELFAKE and Kaggle Fake News data set and the results were 96.8% accuracy on
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WELFAKE and 94% accuracy on Kaggle Fake News because deep learning and traditional
feature extraction were jointly applied such that results were improved over the earlier models.
Future research, according to Kausar et al., should concentrate on testing using a variety of
datasets, investigating multimodal features, and enhancing the model's transparency for
improved decision-making,.

[21] worked on using deep neural networks to better identify fake news in English and
Turkish text. They build a transformer-based model that integrates news content and social
media opinions and can quickly detect fake news. Their model, that take motivation from the
BART architecture, combines social context elements like user comments, engagement metrics,
and credibility with news elements like headlines and body text. Additionally, they introduced a
weak supervision method that automatically assigns labels in order to address the problem of
limited labelled data. The accuracy of the model was 74.8% and it outperformed many deep
learning and traditional baselines particularly in the early detection of the characteristics. The
main advantage of the current research is that it will be able to spot the misinformation a few
minutes after its release and change it to the constantly-changing method with the fake news.
Their work underscores the importance of including the social context and content to the
process of detecting fake news. The authors proposed to consider adding more social
specificities and multilingual skills, improved multi-labeling detection and exploration of novel
data in the future studies.

[15] evaluated CNN, LSTM, CNN-LSTM, and CNN-GRU for fake news detection on
the ISOT and FakeNewsNet datasets. Their CNN-GRU model achieved 99.97% accuracy on
FakeNewsNet, demonstrating the power of combining convolutional and recurrent layers.
However, their study does not include standalone GRU or bidirectional variants, and the two-
dataset setup differs from our single standardized benchmark. [22] similarly proposed a hybrid
GRU-CNN architecture for news text classification, reporting improved accuracy over
standalone CNN and GRU baselines. While confirming the complementary strengths of these
architectures, their study does not isolate GRU performance under controlled conditions as
done in the present work.

However, even though the learning algorithms in detecting misleading news based on
deep neural network, machine learning and a combination of the two have made significant
progress, several limitations do exist. Experimenting with the LSTM and BERT, [20] obtained
high results, but, they did not consider other models and ignored them. Similar to [2], which
employed CNN and RNN, [19] employed a BiILSTM-GRU model without further comparing
the models which does not permit them to understand comparative weaknesses or strengths of
the model in a better way. BERT based models were giving plausible results as they were used
by [18] however there was also the issue of the model generalizability. Similarly, [12][11] used
LSTM and optimized CNN/LSTM models to improve the performance but their studies did
not include any comparison at large scales. While some researchers, like [21][16], widened the
scope of work to multilingual detection, most of studies were still based on isolated or limited
methods. Collectively, such gaps attract attention to the fact that there has not been a single
framework that would enable the simultaneous testing of multiple deep learning models in equal
conditions. To deal with this, our research uses and compares various architectures in the same
framework based on evaluation measures such as the number of misclassifications, accuracy,
precision, recall, and Flscore. This provides a better perspective of the comparative strengths
and weaknesses of different models and a better perspective on how they respond when
compared to each other.

Methodology:

Techniques using machine learning and deep learning were utilized in several recently
published studies in order to detect misinformation. Even though these techniques have yielded
positive outcomes but their performance depends on the dataset, news source and type of the
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model applied. Whereas certain models are more effective in cases where they are trained with
large datasets, others are more effective with lower volumes of data. To ensure that fake news
spreads in various forms, it is essential to test and compare various deep learning models under
the same conditions. To determine which model is the most efficient to detect fake news, the
research uses different deep learning models and then takes a closer look at their performance.
Our training and evaluation process was structured to train and evaluate various deep learning
architecture types used to detect real and fake news. The initial step was the preprocessing of
the data whereby it involved tokenizing the data into numerical sequences and cleaning the text
and removal of noise in the text. These data were purged to training (80%) and testing (20%).
The entire experimental pipeline follows a series of five steps: (1) Dataset Preparation - raw
CSVs are loaded, labeled (Fake = 0, Real = 1), and randomized with a fixed random seed; (2)
Text Preprocessing - text cleaning, tokenization, and sequence padding are performed on all
samples in the same way; (3) Model Construction — seven architectures are built in
TensorFlow/Keras, each shating a common embedding layer and sigmoid output; (4) Training
and Validation — all models are trained under identical hyperparameter settings with early
stopping, using an internal 20% validation split of the training set; (5) Evaluation — all models
are assessed on the same held-out test set using five performance metrics.

The authors have utilized different deep learning structures including CNN, LSTM,
RNN, GRU and their two-way counterparts. In order to provide fair comparison of each of the
models, all of them were trained in the same environment, after which each of the models was
evaluated using evaluation metrics such as accuracy, precision, recall, Fl-score and the
misclassification count. The measures help in identifying each model's advantages and
disadvantages. All the findings were compared finally towards the realization of the most
effective and dependable model of fake news identification. The method can be replicated and
expanded in future researches. The proposed research technique is presented in figure 1.
Dataset:

We uses the publicly available Fake and Real News Dataset from [23], which comprises
of Fake.csv file and True.csv file. The first file, Fake.csv, has 23,502 fake news articles, while the
second file, True.csv, has 21,417 true news articles. The true news dataset is made up of verified,
actual news reports, whereas the fake news dataset most likely includes facts which are fabricated
or false. The articles are labeled (Fake=0, Real=1) which shows whether the news is authentic
or fake. Figure 2 illustrates the class distribution, the difference in counts happened because the
total number of fake samples in the dataset is slightly less than what was originally mentioned.
To ensute that the model doesn't learn based on any particular order in the dataset, the data is
shuffled after labeling for the sake of randomness. The difference in the number of articles
between the two files is small, ensuring a balanced dataset for analysis. Such datasets are typically
utilized by researchers and developers to enhance machine learning models that are usually
trained with such files so as to differentiate between genuine and fraudulent news. Key features
of Fake and Real News Dataset is shown in Table 2.
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Data Preprocessing:

Before being fed into any deep learning model, the fake and real news data underwent
several preprocessing steps that were performed to prepare the data to be analyzed. First, all text
was converted to lowercase to ensure uniformity. Regular expressions are used to remove
unnecessary content like text in square brackets, URLs and HTML tags. The non-alphabetic
characters were removed too and additional spaces were substituted by one space to ensure that
the text remains in order. Words that do not add much significance to the analysis process (like
the, and, a) were filtered out to give attention to the meaningful words. After cleaning the text,
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it is then tokenized with Keras Tokenizer with a vocabulary size of the 5,000 most common
words, which boosts the performance of the model and alleviates noise. Padding is also
employed to ensure that all sequences are exactly 500 tokens in length since models need input
to be the same length. Longer texts are truncated and shorter texts are padded with zeros to
ensure that the model is able to deal with input easily in uniform. Finally, the dataset is split into
training and testing sets with 8,980 samples assigned to testing and 35,918 samples assigned to
training.

Training data shape: (35,918, 500)

Testing data shape: (8,980, 500)

Table 1 below sums up the preprocessing steps. The Keras Tokenizer was set up with a
vocabulary size of 5,000 words and an out-of-vocabulary token to handle unseen words. Each
sequence was then padded or truncated to a constant length of 500 tokens (zeros were used as
padding), resulting in each input being the same shape. We have used a fixed random seed (42)
to randomize the dataset before dividing the data to prevent any ordering effects. During
training, 20% of the training data was kept aside as a validation set to track model performance
and decide when to stop training early.

Table 1. Summarized preprocessing steps
Input Combined news text (title + body text)
Step 1 | Convert all text to lowercase
Step 2 | Remove URLs, HTML tags, and content within square brackets (regex patterns)
Step 3 | Remove non-alphabetic characters; replace multiple spaces with single space
Step 4 | Remove English stopwords (NLTK stopword list, ~180 words)
Step 5 | Tokenize using Keras Tokenizer: vocab_size = 5,000; oov_token = '<OOV>'
Step 6 | Convert cleaned tokens to integer sequences
Step 7 | Pad / truncate all sequences to length = 500 (post-padding, post-truncation; pad
value = 0)
Step 8 | Label encoding: Fake = 0, Real = 1
Step 9 | Shuffle dataset with fixed random seed (random_state = 42)
Step 10 | Split: 80% training (35,918 samples) / 20% test (8,980 samples)
Output | Integer sequences of shape (N, 500) with binary labels {0, 1}
Table 2. Key Features of the Fake and Real News Dataset

Column Description Example

title Headline of news article "Trump Just Closed the Office
That Coordinates Russia Sanctions"

text body text of news article | "With Donald Trump late on

implementing the new sanctions..."
subject | Topic of news atticle (e.g., | "News"

news, politics)
date Date of publication "October 27, 2017"
Deep Learning Model Architectures:

We developed deep neural network models to meet the objectives of our research. Their
working is to convert the text to vectors (Embedding Layer) and it is terminated with a dense
layer that will tell whether a news is real or fake. All architectures are trained with Adam
optimizer, binary cross-entropy loss and concept of eatly stopping (stop after 3 rounds without
improvement). Such designs are compatible with typical standards in the study of fake news
detection (e.g., LSTM, GRU, CNN). The common feature of all models is their input structure:
an Embedding layer (input dimension = 5,000; output dimension = 128; input length = 500;
trained end-to-end) and architecture-specific layers, with a final Dense output layer with sigmoid
activation as a binary classifier.
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Below is a brief explanation of each model:
Convolutional Neural Network (CNN):

Convolutional neural networks (CNNs) are useful to identify text patterns, including
particular phrases or groups of words that commonly occur in fake news. In this work, text was
initially converted to word embeddings, and then filtered through ConvlD filters to scan
important n-grams. Max-pooling dimensionality-reduces and prevents overfitting. The actual
prediction was done by the last layers. However, CNN is not able to recall sentence structure or
extensive context, and it is excellent at quick detection and works well on short text. Recent
studies with CNN+LSTM hybrids indicate improved pattern recognition in fake-news
problems. Hyperparameter-tuned optimized CNNs have obtained significant accuracy
improvements [11]. The CNN model employed in this study has an embedding layer and a
convolutional layer with ReLLU activation, a max pooling layer, a flatten layer, and several dense
layers and a sigmoid activated output to perform binary classification. The proposed CNN based
text classification model is detailed and the structure is shown in Figure 3.1n this study, the CNN
uses 128 filters of kernel size 5 with ReLLU activation, followed by global max pooling, a Dense
layer (64 units, RelLU), Dropout (rate = 0.5), and sigmoid output. CNN inference is fully
parallelizable, making it faster than recurrent models at test time — a practical advantage for
high-throughput applications [15].

Long Short-Term Memory (LSTM):

LSTM models are constructed to deal with longer text in which previous portions of a
sentence influence subsequent meanings. In this project the LSTM retain long term context with
the help of internal memory cells and gating. This assisted in comprehending the connection of
the words throughout the sentence. The LSTM required additional time to train, although it
performed better on full-length articles. In a 2023 study, LSTM was estimated to be 94 percent
accurate on the identical Kaggle fake-news dataset [13]. LSTM layer, as Figure 4 demonstrates,
is effective in its ability to deal with the sequential nature of the text, which is why it can be used
in the task of fake news classification. In our research, the LSTM model consists of one LSTM
layer (128 units, return sequences = False) and one Dense layer (64 units, ReLLU), Dropout (0.5)
and a sigmoid. Three gating mechanisms of LSTM input, forget and output gates enable selective
retention of information that is contextually relevant, which is advantageous with long news
articles.

Input Layer

Embedding Layer: (5000, 128)

(Params: 640,000)

v

ConviD: 32 filters, kernel=28, ReLlU

(Params: 32,800, Output: 493, 32)
-

MaxPooling1D: pool size=2

(Output: 246, 32)

v

Flatten Layer: 7.872

-

Dense Layers

Dense (64), ReLlUU —» 503,72 params
Dense (32). ReLl) —» 2.080 params

Dense (16). ReLU ——» 528 params

~

Output Layer: Sigmoid (1) —» 17 params

v

Binary Classification

(Real or Fake)

Figure 3. Architecture of the Proposed CNN Based Text Classification Model
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+

Binary Classification

(Real or Fake)

Figure 4. Architecture of the Proposed LSTM Based Text Classification Model
Bidirectional LSTM (Bi-LSTM):

Bi-LSTM reads the text in two directions both forward and backward, as shown in
Figure 5, helping it in understanding what came before and after each word. The results of both
the forward and backward LSTM paths were combined and passed on to dense layers in our
research. It did take more training time but gave improved accuracy. The attention-based Bi-
LSTM model shows remarkable performance, outperforming other architectures in terms of
accuracy (97.66%) and other key metrics [8]. In our study, Bi-LSTM achieved higher accuracy,

recall and precision than LSTM.

Embedding Layer: (5000, 128)

(Params: 640,000)

+

BI-LSTM Layer: 64 units, dropout=0.2

(Params; 98,816, Output. Mone, 128)

.

Denze Layers

Dense (64), ReLl — 8,256 params
Dense (32), ReLlU —»2,080 params

Densze (16), ReLU —» 528 params

'

‘ Qutput Layer: Sigmoid (1) —» 17 params

)

Binary Classification

(Real or Fake)

Figure 5. Architecture of the Proposed Bi-LSTM Based Text Classification Model
Simple Recurrent Neural Network (RNN):

The current project used a simple RNN to determine the performance of more simplistic
models. The simple RNN processes information sequentially, storing past information. The
study adopted an embedding layer, followed by an RNN layer and dense layers for output, as
demonstrated in Figure 6. Although very efficient, RNNs tend to have problems with longer
text since they have forgotten the previous sections of the text, which is referred to as vanishing
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gradient problem and short long-term memory. The recurrent neural networks (RNNs)
architecture has difficulties in acquiring long-term memories, because of vanishing and
exploding gradients [24]. In our case, RNN performed moderately well on short inputs but gave
limited results on longer text. Despite this, it is useful for quick baseline evaluations and
environments with limited resources due to its computational simplicity and minimal training
tme.

Input Layer

Embedding Layer: (5000, 128)

(Params- 640 000)
-
Conv1D: 32 filters, kermel=8, RalLl)

(Params: 32,800, Output: 493, 32)

+

MaxPooling1D: pool size=2
(Output: 246, 32)

i (100 units)
(Params: 13,300, Output
None, 100)

¥

Dense Layers

Dense (64), Rel L) —» 6 464 params
Dense (32), Rel\) —* 2,080 params

Dense (16), RelLU —» 528 params

‘

Output Layer Sigmoid (1) —» 17 params |

v

Binary Classification

(Real or Fake)

Figure 6. Architecture of the Proposed RNN Based Text Classification Model
Bidirectional Recurrent Neural Network (Bi-RNN):

BiRNNss have two simple layers of RNN: The first reads the text backward and forward
and the second reads it forward and backward. This dual processing aids the model by
considering both in the previous and later context in the interpretation of meaning of each word
more comprehensively and then fuses the outputs and comes up with a final prediction. It can
be applied when it comes to text classification where, perhaps because of the context in both
ends of a sentence, the results are better than without the understanding of it. BIRNNSs can still
be utilized to maintain the clarity of the information flow in the course of training and
deployment. Figure 7 below shows the proposed architecture of the Bi-RNN based model of
text classification.

Gated Recurrent Unit (GRU) & Bidirectional GRU (Bi-GRU):

Gates Recurrent Units (GRUs) is a gate-based decision-maker on what to remember or
what to forget, and it was faster and faster, which provided it with the same performance as
LSTM, but with less parameters. GRU provided similar results as LSTM in our work but it was
able to learn faster. GRU model architecture is represented in figure 8, whereby the gates are
used to recall valuable text information. The Bi-GRU model, shown in Figure 9, reads text in
both directions and provided the best balance between speed and accuracy. Bi-GRU in our
experiments was almost as accurate as Bi-LSTM and requires less training time, which supports
the argument that Bi-GRU can be as efficient and effective as LSTM-based models [25]. GRU
was chosen as the main subject of this paper due to its good trade-off between accuracy and the
cost of computation. GRU has two gates, reset and update, instead of three in comparison to
LSTM, which decreases the number of trainable parameters but does not affect sequence
modeling abilities [14]. This causes GRU to be more appropriate in resource-constrained
environments like mobile applications and edge servers. The empirical finding that GRU (99.91)
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is expected to perform better than Bi-GRU (99.69) is also in line with the results that the extra
model complexity of the bidirectionality does not always result in a better performance, as it was
observed in [206].

Input Layer
v
Embedding Layer: (5000, 128)

(Params: 640,000)

v

Bidirectional SimpleRNN (100
units) (Params: 45,800,
Output: None, 200)

.

Dense Layers

Dense (64), ReLU, —» 12,864 params
Dense (32), ReLl), —» 2,080 params
Dense (16), ReLU —» 528 params

'

Output Layer: Sigmoid (1) —» 17 params

v

Binary Classification

(Real or Fake)

Figure 7. Architecture of the Proposed Bi-RNN Based Text Classification Model
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GRU Layer: 64 units, dropout=0.2

(Parameters: 37,248, Output: None,
64)

v

Dense Layers

Dense (64), Rell) —» 4,160 params
Dense (32), ReLy. —» 2,080 params

Dense (16), ReLU —*528 params

!

Output Layer Sigmoid (1) — 17 params

v

Binary Classification

{Real or Fake)

Figure 8. Architecture of the Proposed GRU Based Text Classification Model
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Figure 9. Architecture of the Proposed Bi-GRU Based Text Classification Model
Implementation Details:
All seven models were trained under the following identical configuration to ensure a fair
comparison:
Optimizer: Adam with learning rate = 0.001
Loss function: Binary cross-entropy
Batch size: 64
Maximum epochs: 10 (with early stopping)
Early stopping: Patience = 3 epochs, monitoring validation loss
Embedding layer: input dimension = 5,000; output dimension = 128; input length = 500; trained
end-to-end
Framework: TensorFlow 2.x / Keras
Hardware: NVIDIA CUDA-enabled GPU, 16 GB RAM, Intel Core i7 processor

The models were also trained in a single deterministic run with a specific random seed
(42). This is because the early stopping and the use of fixed random seed provides reproducibility
to all the reported results. Keras was trained on a 20% validation split of the training data (7,184
samples), which was sampled randomly out of the 35,918 training samples, and used to monitor
convergence during the training. This should be done to many runs with various seeds in the
future to report mean accuracy and standard deviation [10].

Results and Discussion:

This section presents the comparative evaluation of various deep learning models
implemented for binary classification of news as "real" or "fake". The models were evaluated
using key performance metrics: test accuracy, precision, recall, Fl-score, and the number of
misclassifications (i.e., sum of false positives and false negatives). Evaluation metrics like
accuracy, precision, recall are used to evaluate classification models for balanced datasets [27].
Accuracy tells us how many total predictions are correct out of all the predictions made.

T, +T,
Ty+Fk+T,+E
Precision measures the number of positive cases that are correctly predicted.

T

T, + E,

Accuracy =

Precision =

April 2026 | Vol 8 | Issue 2 Page | 560



OPEN ACCESS . . . .
8 International Journal of Innovations in Science & Technology

Recall shows how well the model identifies actual positives cases.

Recall Ty
ecatt =
T, + F,

The F1-score is most useful when data is imbalanced, and it is a harmonic average of precision
and recall.

Precision * Recall

F1 — Score = 2 * —
Precision + Recall
Table 3. Evaluation metrics of deep learning models on the test dataset

Test .. F1 FP + FN
Model Accuracy Precision | Recall Score | (Misclassifications)
CNN 99.82% 99.81% | 99.81% | 99.81% 16 (8+8)
GRU 99.91% 99.91% |99.91% | 99.91% 8 (5+3)
EIS—TM 99.74% 99.58% | 99.88% | 99.73% 21 (16+5)
LSTM 99.57% 99.76% | 99.32% | 99.54% 44 (11+33)
Bi-GRU 99.69% 99.72% | 99.62% | 99.67% 27 (12+15)
RNN 99.21% 99.39% | 98.94% | 99.16% 71 (26+45)
Bi-RNN 96.80% 96.50% | 96.75% | 96.63% 287 (149+138)

As noted by [28], although some metrics like accuracy and F1-score are affected when one class
significantly outweighs the other, in balanced datasets these same metrics provides more reliable
and meaningful evaluations of both positive and negative predictions. Among all the deep
learning models, the GRU model achieved the highest performance with a test accuracy of
99.91%, and precision, recall, and F1-score all recorded at 0.9991, as shown in Figure 10 and
Figure 11. Figure 13 shows that, it made only 8 misclassifications, indicating that the model has
learned the underlying patterns in the data, not just memorized the training examples and its
ability to work well even when the input text is messy, incomplete, or has errors. The CNN
model followed closely with a 99.82% accuracy, showing balanced precision and recall (both
0.9981), as shown in Figure 10 and Figure 11. As shown in Figure 12 and Figure 13, the model's
16 misclassifications were evenly divided, containing 8 false positives and 8 false negatives.

Precision, Recall and F1-Score Comparison
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Figure 11. Compaﬂson of different deep learning architectures based on Precision, Recall, and
F1-Score
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Error Analysis: False Positives vs False Negatives

False Positives
msm  False Negatives

Count

100

CNN GRU Bi-LSTM LST™M Bi-GRU RNN Bi-RNN

o]

Figure 12. Error analysis of deep learning architectures showing the comparison of false
positives and false negatives for each architecture
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Figure 13. Total number of misclassifications for each model, highlighting overall prediction
errors across different DL architectures

As illustrated in Figure 11, the Bi-LSTM model also performed well, obtaining a high
F1-score of 0.9973 and it has the ability to process text in both forward and backward directions
helped it comprehend the context better. The Bi-GRU model, however, did not function as well.
Even so, its F1-score of 0.9967 produced decent outcomes, as illustrated in Figure 11, compared
to the standard GRU, which had fewer misclassifications, its performance is slightly worse (see
Figure 13). Although it is often believed that bidirectional models perform better because they
can capture both past and future context, this is not always true. As stated in [26], the intricacy
of the data and the trade-off between model depth and overfitting risk can affect how well Bi-
GRU and related architectures perform. This means that simpler model like GRU can be more
effective than models in which we have added bidirectionality. Interestingly, the LSTM model
had made 44 misclassifications despite having a good accuracy of 99.57%, as illustrated in Figure
10 and Figure 13, which implies that it struggled a bit picking up long term patterns. With 99.21%
accuracy and 71 misclassifications, RNN performed slightly worse, as illustrated in Figure 10

and Figure 13, demonstrating its inability to handle long sequences since it lacks memory gates
like LSTM.
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The Bi-RNN model showed the weakest performance, with only 96.80% accuracy and
the highest number of misclassifications (287), as illustrated in Figure 10 and Figure 13. Simple
RNN architecture was not able to detect complex patterns in fake news. These results align with
previous studies that found vanilla. RNNs have weaknesses that include vanishing gradients,
which reduce their capability of recognizing long run dependencies in textual data [29]. Table 3
demonstrates that gated models such as GRU and LSTM, and their bidirectional versions, are
overall superior to simple ones such as RNN. The model that was most effective in this study
in terms of classification of fake news was the GRU based model. Since deep learning models
are able to capture contextual relationships in text, they have been demonstrated to perform
quite well in detecting fake news particularly when using memory units such as LSTMs and
GRUs [30].
Regarding result confidence: Fach model was trained in a single deterministic run with a fixed
random seed. The consistent ranking of gated models (GRU, CNN, LSTM) above non-gated
models (RNN, Bi-RNN) across all five metrics — and the large performance gap between GRU
(99.91%) and Bi-RNN (96.80%) — provides strong qualitative confidence that the observed
differences reflect genuine architectural effects rather than random variation. Future work
should conduct multiple runs with different seeds to formally report standard deviation and
confidence intervals.
Component Contribution Analysis:

Although a formal ablation study was not conducted - since each model is a discrete
architectural choice rather than a modular component of a single system - the controlled
comparison allows the contribution of each architectural element to be assessed conceptually.
Effect of gating mechanisms: Comparing RNN (99.21%) to LSTM (99.57%) and GRU
(99.91%) isolates the contribution of gating. Adding gates consistently reduces
misclassifications, confirming that the ability to selectively retain or discard sequence
information is critical for long-text classification [14].

Effect of bidirectionality: Bi-GRU (99.69%) underperforms GRU (99.91%), and Bi-RNN
(96.80%) is the weakest model overall. This suggests that bidirectionality introduces additional
parameters that increase overfitting risk on this binary classification task without proportional
accuracy gains, consistent with [26].

Convolutional effect: CNN (99.82) is better than LSTM, RNN, Bi-GRU, and Bi-RNN, and it
is clear that for this dataset, local n-gram features that ConvlD filters capture are very
discriminative without modelling long-range dependencies [15].

Practical Implications:

The results of the current study have a number of practical implications on organizations
implementing real-world fake news detectors.

GRU for high-accuracy pipelines: With 99.91% accuracy and only 8 misclassifications on
8,980 samples (error rate: 0.09%), GRU is well-suited for automated content flagging where a
small residual error can be handled through human review.

CNN on real-time high through putt systems: CNN is appealing to real-time systems due
to its parallel nature of inference and the fact that it is 99.82 percent accurate, which would
introduce bottlenecks when used sequentially in the recovery of repetition inference [15].
Avoiding Bi-RNN in production: The significantly lower accuracy of Bi-RNN (96.80%) and
its high misclassification count (287) suggest it should not be used in production-level systems
without substantial further development.

Lightweight deployment: GRU requires fewer parameters than LSTM, making it better suited
for resource-constrained environments such as mobile applications and edge devices.
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Conclusion and Future Work:
Conclusion:

This study was aimed to compare and evaluate the performance of various deep learning
architectures to check the authenticity of news articles. We utilized a Fake and Real News
Dataset on the Kaggle and trained several deep learning frameworks, which are CNN, LSTM,
Bi-LSTM, RNN, Bi-RNN, GRU, and Bi-GRU. We also assessed the models after training and
testing in terms of accuracy, precision, recall, F1-score and the misclassifications. Although we
did not find any of the models worse than the other, we found out that some were more reliable
and accurate than the others. To illustrate, GRU presented the best overall performance with
the highest test accuracy and the least misclassifications. Conversely, such models as Bi-RNN
possessed poorer accuracy and greater misclassifications. This fact is one of the main benefits
of this study, as it will be possible to compare various deep learning models with each other on
the same dataset and on the same evaluation methods. This facilitated our easier understanding
of not only the models that do better but also their response to same input data.

To see how each model performs in detecting fake news, we used multiple models rather
than just one or two. Some models gave more consistent results but others were more effective
at detecting subtle patterns in the news. This will be able to guide others to the best model that
can meet their needs. We would like to determine in the future how these models will perform
across regions, topics and datasets such as in other languages and by combining ensemble
methods and hybrid models to further enhance accuracy. Also, real-time fake and real news can
be used to further promote upcoming research and enhance the accuracy of such systems.
Future Work:

Based on the result and limitation of this study, the following are the recommendations that can
be made to future research:

Comparison based on transformers: BERT, RoBERTa, and DistilBERT, in turn, need to be
compared within the same experiment to find out whether their performance improvement can
justify such a significant increase in the cost of computation.

Cross-lingual evaluation: The models will be evaluated on non-English datasets (such as
Arabic, Urdu, and Hindi) to test cross-lingual generalizability.

Hybrid architectures: GRU and CNN should be considered as ensembles due to the
complementary properties of local feature detection (CNN) and sequential context modeling
(GRU) that have been shown in this work [22].

Multimodal fake news detection: Adding metadata on images, video content, or social
engagement indicators to text could enhance the ability to detect more recent types of fake news
that use visual manipulation [9].

Multi-run statistical assessment: Future research needs to use multiple runs of the training
with varied random seeds and to report average accuracy and standard deviation to describe
statistically sound performance assertions.

Real-time implementation: Implementing the GRU and CNN models on social media
streams in real-time would confirm the findings in production environments and expose the
challenges that are not reflected in offline assessments.
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