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Abstract: 

This study looks at how Explainable Artificial Intelligence (XAI) methods can be combined 

with Deep Learning (DL) models, namely Convolutional Neural Networks (CNN) and 

Recurrent Neural Networks (RNN), to make it easier to spot fake news. Fake news is a big 

problem for society, and regular ways of finding it are not always good at picking up on the 

complex language patterns and semantic details that are common in false information. Even 

though DL models, especially CNN and RNN, are very good at classifying text, it is hard to 

figure out how they make decisions because they are "black boxes." This could make them 

less reliable in high-stakes situations like finding fake news. To get around this problem, we 

investigate how XAI methods can make DL models more reliable and useful by making them 

clear and easy to understand. CNN and RNN models are used in the study to find fake news 

by looking at the text's complicated language structures and meaning trends. We use XAI 

techniques like SHAP (SHapley Additive Explanations) and LIME (Local Interpretable 

Model-agnostic Explanations) to show how these models understand the data they are given, 

showing important traits and trends that affect the discovery process. Our results show that 

combining XAI and DL makes the model better at finding fake news by bringing out 

language clues, rhetorical structures, and semantic errors that are often signs of fake content. 

The suggested method not only makes detection more accurate, but it also helps us 

understand the underlying language and semantic patterns better. This makes fake news 

detection systems more open and reliable. This study tells us a lot about how XAI can make 

DL models easier to understand. This makes it possible for more useful and trustworthy tools 

to be used in the fight against fake news. 

Keywords: Explainable AI (XAI), Deep Learning (DL), Fake News Detection, 

Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), Linguistic 

Patterns Analysis 

I. Introduction 

In this digital age, fake news spreads very quickly and has become a major problem for 

society. It affects public opinion, government security, and trust in society. As social media 

platforms make it easier for more people to share information, it becomes more difficult and 

important to tell the difference between real and fake information. Because of this, there is a 

greater need for improved technologies that can correctly find false information and stop it 
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from spreading. Deep Learning (DL) methods, especially Convolutional Neural Networks 

(CNN) and Recurrent Neural Networks (RNN), have shown a lot of promise in automating 

the discovery of fake news by finding complex patterns in text data. But the fact that these 

DL models are unclear and "black boxes" makes things very hard because it's hard to figure 

out how they make decisions, which makes people worry about their dependability and 

trustworthiness [1]. Deep understanding models, such as CNNs and RNNs, are very good at 

understanding complicated language and semantic patterns. This makes them very good at 

finding fake news. CNNs [2] are very good at finding local patterns and hierarchical features 

in text, while RNNs can get information about the context and the order of events, which 

helps them spot minor signs of misleading content. Even though these models work very 

well, they are not always clear, which makes it hard for stakeholders to understand why they 

make the statements they do. In high-stakes tasks like finding fake news, where wrong 

classifications can have very bad results, it is important to have models that can be 

understood and give reasons for their choices. 

Explainable Artificial Intelligence (XAI) methods have gotten a lot of attention to make DL 

models more open and reliable to solve the problem of interpretability. The goal of XAI 

methods is to connect the forecasting power of deep learning algorithms with the need for 

reasons that people can understand. XAI can help find the language patterns, meaning 

structures, and environmental cues that guide the classification of fake news by showing how 

DL models make decisions. Making this happen not only makes the recognition process more 

reliable, but it also helps people trust AI-driven systems more, which makes them more 

useful in real life. This study suggests a complete system that combines XAI methods with 

CNN and RNN models to make it easier to spot fake news. The goal of the merger is to catch 

the complicated language patterns and meaning insights that are typical of fake news while 

also making the decision-making process clear. We want to understand how CNN and RNN 

models work by using XAI techniques like SHAP (SHapley Additive Explanations) and 

LIME (Local Interpretable Model-agnostic Explanations). This will help us find the most 

important features and patterns that help classify fake news. This method helps us learn more 

about how certain words, phrases, and sentence patterns affect the model's results. This gives 

writers, experts, and fact-checkers useful information they can use [3]. 

The work is important because it could make models that find fake news more accurate and 

easier to understand. Previous study has mostly worked on making recognition better. This 

paper, on the other hand, stresses how important it is for AI systems to be able to be 

explained. Our method combines the best features of CNN and RNN models with XAI 

techniques to make a strong and clear system that can spot fake news very accurately and 

give clear reasons for its predictions [4]. The main problem this paper tries to solve is finding 

fake news. It does this by using DL models and XAI methods to make a solution that works 

and can be understood. The suggested approach not only improves the best way to find fake 

news, but it also adds to the growing body of study on explainable AI by showing how 

interpretability can make deep learning models more reliable and useful in the real world [5]. 

The point of this study is to learn more about how language complexity, semantic knowledge, 
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and explainability work together. This will help make AI-based solutions for fighting lies 

more reliable and effective. 

II. Literature Review 

In recent years, finding fake news has become an important area of study. This is because 

false information is spreading quickly and can hurt people. The speed with which fake news 

spreads on social media and other online platforms has made it even more important to have 

automatic ways to tell the difference between real and fake news. To solve this problem, 

researchers have investigated different machine learning and deep learning methods, focusing 

on understanding the complicated language patterns and hidden meanings in fake news. 

Support Vector Machines (SVM), Naïve Bayes, and Decision Trees were some of the first 

machine learning models that were used to find fake news. To find fake news, these models 

often used traits that were built by hand, like word frequency, mood analysis, and artistic 

trends. Some of these methods worked, but they were not perfect because they could not pick 

up on the complex and detailed language patterns that make up misleading material [6]. For 

example, studies showed that features that were made by hand didn't always work across 

different datasets. This showed the need for more advanced methods that can easily learn 

complex patterns. 

Deep learning [7] has made a big difference in the field of finding fake news by letting 

models learn from raw text data without having to do feature engineering by hand. These 

days, Convolutional Neural Networks (CNNs) are often used for text classification jobs 

because they can find local word patterns and hierarchical features within lines. Researchers 

have shown that CNN-based models can very accurately spot fake news by finding small 

language clues and patterns that are often signs of lying. CNNs are very good at recognizing 

grammar structures, which helps them spot the false or sensationalist language that is often 

used in fake news stories. Recurrent Neural Networks (RNNs) and their variations, such as 

Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU), have also become 

popular in study that tries to spot fake news. CNNs focus on recording local features, but 

RNNs are good at modeling sequence relationships and surrounding information. This means 

they can understand the bigger meaning behind news stories. RNNs can find errors and gaps 

that may point to dishonesty because they can model how information flows between words 

[8]. 

Even though CNNs and RNNs are very popular, they are often attacked for being "black 

boxes" because it is hard to understand how they make decisions. This lack of openness is a 

big problem, especially in areas like finding fake news where faith and being able to explain 

things are very important. Explainable Artificial Intelligence (XAI) has come up as a 

potential way to solve this problem. It offers ways to make the way deep learning models 

make decisions easier to understand. Researchers have used methods like SHAP (SHapley 

Additive Explanations) and LIME (Local Interpretable Model-agnostic Explanations) to 

figure out the traits and trends that affect model forecasts [9]. This helps us understand how 

CNNs and RNNs tell the difference between real and fake news. Recent studies have started 

to combine XAI methods with deep learning models to make it easier to understand when 
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fake news is being spread. For instance, study used SHAP to find the most important words 

and phrases for classifying fake news. This gave researchers a better idea of the language and 

semantic patterns that affect model choices. Similarly, other studies used LIME to come up 

with reasons for RNN predictions. These studies [10] showed how certain story patterns and 

artistic elements can help find fake news. The results of these studies show that mixing deep 

learning with XAI could lead to more open and reliable methods for finding fake news. 

Recently published study has also shown how important it is to use meaningful knowledge to 

spot fake news. Beyond just looking at patterns at the word level, semantic analysis tries to 

figure out what words, phrases, and sentences mean and how they relate to each other. 

Language models that have already been taught, such as BERT (Bidirectional Encoder 

Representations from Transformers) and GPT-3, are very good at catching meaning details 

and surrounding information. This makes them useful tools for finding fake news. 

Researchers found that BERT-based models could do better than standard CNN and RNN 

methods [11] by using contextual embeddings to understand what text really means, which 

made it easier to spot fake news. Although BERT and other transformer-based models have 

come a long way in terms of accuracy, they are still hard to understand. Researchers are still 

looking into how to combine these advanced models with XAI techniques. For example, 

attention weights and gradient-based methods can help us understand how transformer 

models make decisions. There is a clear progression from basic machine learning methods to 

advanced deep learning methods that use CNNs, RNNs, and transformer models in the 

literature on finding fake news. Deep learning has made it easier to record complicated 

language patterns and meaningful information, but it is still hard to figure out what it all 

means. Adding Explainable AI methods is a potential way to make fake news detection 

models more open and reliable. This will help us learn more about the language and semantic 

clues that tell the difference between real and fake content. This mix of deep learning and 

XAI is a big step toward making tools that fight the spread of false information more reliable 

and effective in the digital age. 

Table 1: Summary of related work 

Approach Methods Finding Focused 

Parameters 

Limitation Advantage 

Traditiona

l Machine 

Learning 

[12] 

SVM, 

Naive 

Bayes, 

Decision 

Trees 

Moderate 

accuracy, 

struggles with 

complex patterns 

Word 

Frequency, 

Stylistic 

Patterns 

Limited 

generalization 

across diverse 

datasets 

Easy 

implementat

ion, 

interpretable 

features 

CNN-

based 

Deep 

Learning 

[13] 

Convolutio

nal Neural 

Network 

(CNN) 

High accuracy, 

effective in 

capturing local 

features 

Local Word 

Patterns, 

Syntactic 

Features 

Limited 

interpretability

, black-box 

nature 

High 

accuracy in 

pattern 

recognition 

RNN-

based 

Recurrent 

Neural 

Good at capturing 

sequential 

Contextual 

Information, 

Difficulty in 

capturing non-

Captures 

sequential 
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Deep 

Learning 

[14] 

Network 

(RNN) 

dependencies Sequential 

Dependencie

s 

sequential 

features 

information 

effectively 

Hybrid 

CNN-

RNN 

Model 

[15] 

Combinati

on of CNN 

and RNN 

Enhanced 

performance in 

combining local 

and sequential 

features 

Combination 

of Local and 

Sequential 

Patterns 

Complexity in 

model training 

and 

implementatio

n 

Combines 

advantages 

of CNN and 

RNN 

Transform

er Models 

(BERT) 

[16] 

Transforme

r-based 

BERT 

Model 

Superior 

performance in 

capturing 

semantic nuances 

Semantic 

Context, 

Phrase-Level 

Analysis 

High 

computational 

resources 

required 

Handles 

complex 

semantic 

relationships 

LSTM 

with 

Attention 

Mechanis

m [17] 

LSTM 

with 

Attention 

Layer 

Improved 

detection through 

focused attention 

on key text 

segments 

Attention on 

Key Phrases 

and Words 

Prone to 

overfitting 

with small 

datasets 

Enhanced 

attention to 

important 

text 

segments 

GAN for 

Fake 

News 

Detection 

[18] 

Generative 

Adversarial 

Networks 

(GAN) 

Captures 

deceptive patterns 

via generative 

approach 

Pattern 

Generation 

and 

Detection 

Challenges in 

training and 

generating 

accurate 

samples 

Innovative 

approach to 

identifying 

fake news 

Ensemble 

Learning 

Models 

Random 

Forest, 

AdaBoost, 

XGBoost 

Combines 

strengths of 

multiple models 

for higher 

accuracy 

Combination 

of Model 

Strengths 

Risk of 

overfitting and 

complexity 

Improved 

accuracy 

through 

model 

integration 

Hierarchic

al 

Attention 

Networks 

[19] 

Hierarchica

l Attention 

Networks 

Effectively 

identifies 

hierarchical 

structures in text 

Hierarchical 

Text 

Structures 

Computational

ly intensive, 

requires large 

datasets 

Effectively 

captures 

multi-level 

text 

structures 

Bi-

Directiona

l LSTM 

[20] 

Bi-

Directional 

LSTM 

(BiLSTM) 

Better 

understanding of 

contextual 

information 

Contextual 

and 

Sequential 

Dependencie

s 

Difficulty in 

training, 

requires 

extensive data 

Better 

representati

on of 

context and 

semantics 

Graph 

Neural 

Networks 

[21] 

Graph 

Convolutio

nal 

Networks 

(GCN) 

Leverages graph-

based 

relationships in 

text 

Graph-Based 

Relationships 

and 

Dependencie

s 

High 

computational 

demand, 

complex 

structure 

Captures 

relational 

information 

in data 

Contextua

l 

Word2Vec, 

GloVeEmb

Captures deep 

semantic 

Word 

Meaning, 

Limited 

interpretability

Deep 

semantic 
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Embeddin

g Models 

eddings meanings in word 

usage 

Semantic 

Context 

, requires pre-

trained models 

understandi

ng of text 

Explainab

le AI 

Integratio

n 

SHAP, 

LIME with 

Deep 

Learning 

Models 

Provides 

transparency and 

interpretability in 

decisions 

Interpretabilit

y, Feature 

Importance 

Interpretability 

techniques 

may not 

capture all 

nuances 

Adds 

explain 

ability to 

deep 

learning 

models 

 

III. Dataset Description 

The Kaggle Fake News Detection dataset [22] is a complete set of data that can be used to 

build and test machine learning models that can spot fake news. This dataset has many news 

stories that have been marked as either fake or real. This makes it a good choice for training 

and testing classification algorithms. A news story's title and text are two of its most 

important parts. The title gives a short overview of the story, and the text is the whole story. 

It is very important to look for these things in order to find the language patterns and meaning 

frameworks that separate fake news from real news. Another important feature is the theme, 

which sorts articles into groups like politics, science, and entertainment. This gives 

recognition models more context, which can make them more accurate. The release date is 

also given, which lets experts look at how fake news spreads over time. Finally, the label 

property tells you whether the story is real or fake. This is usually done with binary values, 

with 0 meaning "fake" and 1 meaning "real."Because this dataset is so diverse and large, it's a 

great way to test out different ways to find fake news, such as deep learning methods like 

CNNs, RNNs, and transformer models. It gives researchers a lot of chances to look into how 

different parts of text and language clues can be used to make systems that can spot fake 

news accurately and reliably. In the figure 1, Fake News Detection dataset that is shown: title, 

text, subject, and date. Each row is a different news story, and the "title" column shows the 

article's headline, which is often very important for knowing what the story is about. The 

main content for studying and spotting fake news is the "text" column, which has a short or 

full body of the story. The "subject" column, which looks like "politicsNews," sorts the 

pieces by topic or field, and the "date" column shows when they were published. By looking 

at word patterns, the bigger picture, and current events, this dataset format can help machine 

learning models find fake news. 

 
Figure 1. Dataset Description 
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The bar chart illustrates in figure 2 the distribution of fake and real news articles in the 

dataset. There are slightly more fake news articles compared to real ones, indicating a 

balanced dataset. This balance is essential for training machine learning models effectively, as 

it ensures that the model learns to distinguish between both classes accurately. 

 
Figure 2. News Distribution 

IV. Methodology 

A. Data Pre-processing: 

1. Check Missing Values: 

The first step in pre-processing data is to look for datasets that are missing values. Values that 

are missing can be caused by poor data entry, communication mistakes, or other things. It is 

very important to find and deal with these missing numbers because they can change the 

research results and make machine learning models work less well. Data security can be 

maintained by doing things like getting rid of rows with missing values or filling them in with 

the right values (mean, median, or mode). 

Algorithm: 

 Let D be the dataset with n rows and m columns. 

Define M(i,j) as an indicator function where: 

   𝑀(𝑖, 𝑗)  =  

   1 𝑖𝑓 𝑡ℎ𝑒 𝑣𝑎𝑙𝑢𝑒 𝑎𝑡 𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 (𝑖, 𝑗) 𝑖𝑠 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 

   0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

Calculate the total number of missing values T in the dataset: 

   𝑇 =  𝛴 (𝑖 = 1 𝑡𝑜 𝑛) 𝛴 (𝑗 = 1 𝑡𝑜 𝑚) 𝑀(𝑖, 𝑗) 

Calculate the missing value ratio R for each column j: 

𝑅𝑗 =
∑ 𝑀(𝑖, 𝑗)𝑛
𝑖=1

𝑛
 

2. Remove Noisy Words from Text: 

 These are words that do not belong there and don't add to your understanding of the text. 

URLs, HTML tags, numbers, letter marks, and special symbols are all examples. These parts 

can make things more complicated than they need to be, which makes it harder for the model 

to learn important things from the data. Getting rid of words that don't add anything to the 

sense of the text helps make it more focused and meaningful, which makes machine learning 

models more accurate. 
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Algorithm: 

1. Let S be the set of all words in the text, and N be the set of noisy words (e.g., punctuation, 

numbers, special characters). 

2. Define a filtered word set S': 

   S' = S - N 

3. For each word w in S, check: 

w in N -> remove w 

3. Remove Stopwords: 

Get rid of stopwords, which are common words like "the," "is," "in," and "and" that show up 

a lot in text but don't add much to the analysis. You don't need to know these words to 

understand the context or sense of the text, and they can slow down computers. Getting rid of 

stopwords makes the dataset shorter, which lets the model focus on words that are more 

useful for finding fake news. 

Algorithm: 

1. Let S be the set of all words in the text, and W be the predefined stopwords list. 

2. Define a clean word set S' as: 

   𝑆′ =  𝑆 −  𝑊 

3. For each word w in S: 

   𝑤 𝑖𝑛 𝑊 −>  𝑟𝑒𝑚𝑜𝑣𝑒 𝑤 

4. Stemming and Lemmatization: 

Stuttering and lemmatization are ways to break down words into their root forms. 

Lemmatization takes words back to their base or dictionary form, stemming gets rid of word 

endings to get to the base form. "Running" changes to "run," and "better" changes to "good." 

These methods help to normalize text data, lower its dimensionality, and make sure that 

words that are similar are treated the same, which makes the model work better. 

1. Given a word w in the text, define stem(w) as the stemmed version and lemma(w) as the 

lemmatized version. 

2. Apply stemming: 

w -> stem(w) 

3. Apply lemmatization: 

w -> lemma(w) 

5. Generating Word Count: 

To make a word count, you must figure out how often each word appears in a text or across 

the dataset. This step helps you understand the most popular words and find important trends 

in the text. Word count is an important part of machine learning models because it helps them 

figure out how important and common certain words are, which can help them tell the 

difference between fake and real news, as shown in figure 3. This step helps organize the data 

more clearly so that it can be analysed more effectively. 

Algorithm: 

1. Let D = {d1, d2, ...,dn} be the set of documents, and W = {w1, w2, ..., wm} be the 

vocabulary of unique words. 

2. Define the frequency f(w_i, d_j) as the count of word w_i in document d_j: 
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   𝑓(𝑤𝑖, 𝑑𝑗) =  𝛴 (𝑘 = 1 𝑡𝑜 |𝑑𝑗|)1(𝑤𝑘 = 𝑤𝑖) 

where 1(𝑤_𝑘 =  𝑤_𝑖) is an indicator function that equals 1 if w_k = w_i and 0 otherwise. 

3. Create the word count vector F_j for document d_j: 

𝐹𝑗 = [𝑓(𝑤1, 𝑑𝑗), 𝑓(𝑤2, 𝑑𝑗), … , 𝑓(𝑤𝑚, 𝑑𝑗)] 

 
Figure 3. Word Count 

6. Punctuation Removal 

Getting rid of punctuation marks, such as commas, periods, exclamation points, and question 

marks, is an important part of preparing text. These symbols do not add to the sense of the 

text, but they can make natural language processing tasks noisier, which can make models 

work better and lower the number of dimensions. 

Step-wise Mathematical Model: 

1. Define Text Set: 

   Let T = {w1, w2, ...,wn} be the set of all words in the text, where each wi may include 

punctuation. 

2. Define Punctuation Set: 

   Let P be the set of punctuation marks: P = {.,!,?,;,:,',",-,—,()}. 

3. Filter Words: 

   For each word wi in T, check: 

   𝑤′_𝑖 =  𝑤𝑖 −  𝑃  

where w'_i represents the word without punctuation. 

4. Create Clean Text: 

   The resulting clean text T' is: 

   𝑇′ =  {𝑤′_1, 𝑤′_2, . . . , 𝑤′_𝑛} 

7. Sentiment Analysis (FEATURE) 

The data shown is the outcome of analyzing how people felt about a group of news stories. 

Each row has a cleaned piece of text and an emotion score that goes with it. The "text" 

column shows the articles' processed text, which is free of capitalization, stopwords, and 
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other unnecessary words so it can be analyzed. The numbers in the "sentiment" column range 

from 0 to 1, which show how the text makes you feel. Values that are closer to 0 show 

negative sentiment, while values that are closer to 1 show good sentiment. This research 

helps us understand the emotional tone of the stories, which is a key part of spotting fake 

news and figuring out the general tone or bias of the news. 

 
Figure 4. Sentiment Analysis 

B. Feature Extraction 

A very important step in getting text data ready for machine learning models is feature 

extraction. To do this, written information must be turned into number representations that 

capture the meaning and structure of the text. This makes it possible for machine learning 

systems to read the words correctly. Text-2 Vector Conversion and Word2Vec are two 

feature extraction methods that are used a lot. 

1. Text-2 Vector Conversion 

Text-2 Vector Conversion is a way to turn text data into number vectors so that machine 

learning models can easily handle text data. One popular method is the Bag-of-Words (BoW) 

model, which shows each document as a list of words that are used a lot. The Term 

Frequency-Inverse Document Frequency (TF-IDF) method is another famous one. It finds out 

how important a word is in a document compared to a group of documents. 

"Bag-of-Words" (BoW): This method makes a list of all the unique words in the dataset. 

Once that is done, each text is shown as a vector, with each piece showing how often a word 

from the dictionary appears. For instance, if the word "fake" shows up three times in a text, 

its vector number will be three.TF-IDF: This method gives words weights based on how 

often they appear in a document and how rarely they appear in all documents. This is how to 

figure out TF-IDF: 

𝑇𝐹 − 𝐼𝐷𝐹(𝑡, 𝑑) = 𝑇𝐹(𝑡, 𝑑) × log(𝐷𝐹(𝑡)𝑁) 

Where t is the term, d is the document, N is the total number of documents, and DF(t) is the 

number of documents containing the term t. This method captures the importance of words, 

making it more informative than simple word counts. 

2. Word2VEC 

Word2Vec is a sophisticated feature extraction method that turns words into dense, 

continuous vector representations that show how they relate to each other semantically. 

Word2Vec, unlike BoW or TF-IDF, makes word embeddings that show words in a three-
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dimensional space, with similar words being closer together. Neural networks are used in this 

method to learn how to describe words based on the context in which they appear. 

There are two main architectures used in Word2Vec: 

Continuous Bag of Words (CBOW): This method has the model guess a target word by 

looking at the words that are around it. CBOW learns to guess the main word from a group of 

words that make up the background. This helps figure out what words mean by looking at the 

words around them. 

This model, called skip-gram, works the other way around from CBOW. It looks at the main 

word and guesses the things that go with it. Some word connections are hard to find, but skip-

gram is great at finding them, and it is often used when datasets are not very big. 

Word2Vec embeddings give a full picture of words, including subtle differences in grammar 

and meaning. This makes them very useful for jobs like finding fake news, figuring out how 

people feel about something, and sorting text into groups. This set of word vectors can be fed 

into deep learning models to help them learn more complex links in written data. 

C. DL Model 

1. CNN 

Convolutional Neural Networks (CNNs) are strong deep learning models that are commonly 

used to pull out features in text-based tasks like finding fake news. CNNs are usually used to 

process images, but they are also great at handling natural language (NLP) tasks because they 

can find local patterns and n-grams (word sequences) in text. When CNNs try to find fake 

news, they use convolutional filters on word embeddings (like Word2Vec) to find important 

patterns and traits that separate fake news from real news. The convolution layers pull out 

hierarchical features, and the pooling layers lower the number of dimensions so that they can 

focus on the most important data. CNNs are good at finding important language cues, 

context, and meaning structures. This lets them correctly label text as either fake news or real 

news. 

 

Figure 5: Representation of CNN sequence on Dataset 

The figure 5shows how a sequence CNN model for finding fake news is put together. It is 

made up of several layers, including two 1D convolutional layers (conv1d), max-pooling 

layers, a flatten layer, and fully linked (dense) layers. The model has a dropout layer for 
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regularization that keeps it from fitting too well. It's possible to train 222,017 factors, and the 

final form of each layer is very specific. This parameter count shows how complicated the 

model is, matching its ability to learn and its ability to run quickly. The last layer of output 

gives a single number that can be used for binary classification to show whether the news is 

real or fake. 

Step wise Process: 

1. Word Embedding Layer 

The input text is converted into a word embedding matrix using a pre-trained model like 

Word2Vec. Let the input sequence of words be x = [x1, x2, ...,xn], where n is the number of 

words in the text. Each word xi is represented as a vector of dimension d. 

The word embedding matrix E for the entire input sequence is: 

E = [[e11, e12, ..., e1d][e21, e22, ..., e2d]...[en1, en2, ..., end]] 

where E is of dimension n x d. 

2. Convolution Operation 

A convolution operation is performed using a filter W of size h x d. This filter slides over the 

embedding matrix E, capturing local features. For a given position i, the convolution 

operation produces: 

𝑐𝑖 =  𝑓(𝛴 (𝑗 = 1 𝑡𝑜 ℎ) 𝛴 (𝑘 = 1 𝑡𝑜 𝑑) 𝑊𝑗𝑘 ∗  𝑒(𝑖 + 𝑗 − 1, 𝑘)  +  𝑏) 

where W is the filter matrix, b is the bias term, and f is an activation function (e.g., ReLU: 

f(x) = max(0, x)). The result is a feature map C = [c1, c2, ..., c(n-h+1)]. 

3. Multiple Filters Application 

Multiple filters of different sizes h are applied to capture various n-grams and patterns in the 

text. For m filters, the feature maps for each filter are represented as: 

F = [C1C2...Cm] 

where F is of dimension m x (n-h+1). 

4. Max Pooling Layer 

A max-pooling operation is applied to reduce the dimensionality of each feature map and 

retain the most important features. For each feature map Ci, the pooled value pi is: 

𝑝𝑖 =  𝑚𝑎𝑥(𝐶𝑖)  =  𝑚𝑎𝑥([𝑐𝑖1, 𝑐𝑖2, . . . , 𝑐𝑖(𝑛 − ℎ + 1)]) 

The pooled feature vector P becomes: 

𝑃 =  [𝑝1, 𝑝2, . . . , 𝑝𝑚] 

where P is of dimension m. 

5. Flattening Layer 
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The pooled feature vector P is flattened into a single column vector to form the input to the 

fully connected layer: 

F_flattened = [p1p2...pm] 

Where F_flattened is of dimension m x 1. 

6. Fully Connected Layer 

The flattened vector is passed through a fully connected layer to learn complex combinations 

of features. The output y from the fully connected layer is calculated as: 

𝑦 =  𝑓(𝑊𝑓 ∗  𝐹_𝑓𝑙𝑎𝑡𝑡𝑒𝑛𝑒𝑑 +  𝑏𝑓) 

Where Wf is the weight matrix, bf is the bias vector, and f is the activation function (e.g., 

sigmoid or softmax for binary/multi-class classification). 

7. Output Layer and Loss Function 

The final output from the fully connected layer is passed to an output layer that predicts the 

class label (fake or real). For binary classification, the output probability y_hat is computed 

using the sigmoid function: 

𝑦ℎ𝑎𝑡 =
1

1 + exp(−𝑦)
 

The loss function used for training is the binary cross-entropy loss: 

𝐿 =  − (
1

𝑁
)∑[𝑦𝑖 ∗ log(𝑦ℎ𝑎𝑡𝑖) + (1 −  𝑦𝑖) ∗ log(1 − 𝑦ℎ𝑎𝑡𝑖)]

𝑁

𝑖=1

 

where N is the number of training samples, yi is the true label, and y_hat_i is the predicted 

probability. 

2. RNN 

Recurrent Neural Networks (RNNs) are great at finding fake news because they are very 

good at processing linear data and gathering environmental information. RNNs are different 

from standard models because they can handle word sequences in articles while keeping the 

order of events and knowing how words relate to each other. Because of this, RNNs are very 

good at finding the patterns, subtleties, and contexts in language that separate fake news from 

real news. Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) are two 

variations that make it easier for RNNs to keep track of long-term relationships, which solves 

the problem of disappearing slopes. RNNs are very good at accurately identifying fake news 

because they learn from patterns, which lets them follow the flow of information, spot errors, 

and spot misleading language. 
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Figure 6: Representation of RNN Architecture 

Figure 6 shows the structure of an RNN model for finding fake news, with a focus on layers 

that can go both ways. The model starts with an embedding layer with 1,280,000 parameters 

that turns words into vectors. The next part has two bidirectional layers (Bidirectional 

LSTM/GRU) that handle text in both forward and backward ways. This lets the model 

understand how sets of events are related to each other in context. There are 117,376 trainable 

factors in these levels as a whole. After a dropout layer to stop overfitting, a fully linked 

dense layer with 64 units is used to learn more features. With a total of 1,399,553 trainable 

parameters, the last thick layer gives out a single number for binary classification. 

3. CNN + RNN 

The CNN+RNN combined method takes the best parts of both Convolutional Neural 

Networks (CNN) and Recurrent Neural Networks (RNN) and uses them together to find fake 

news more effectively. This combination makes it easier for the model to understand both 

short-term word-level traits and long-term environmental relationships. This makes it better 

at looking at complex textual data. Using convolutional filters, the CNN part pulls out 

important features like n-grams, word patterns, and grammar structures. The RNN (usually 

LSTM or GRU) part handles the text's sequence connections and context. In real life, the text 

that is being entered is first turned into word embeddings and then sent through the CNN 

layers, which look for important local patterns. The RNN layers then take these traits and use 

them to understand how time and context move. Together, these elements help the model 

better spot minor language cues, errors, and lies in stories. The mixed CNN+RNN method is 

very good at finding fake news because it uses CNNs' ability to find important word patterns 

and RNNs' ability to understand how information is put together. This leads to better 

classification and a better understanding of fake news material. 

CNN + RNN: Hybrid Approach for Fake News Detection - Mathematical Model 

Step 1: Word Embedding Layer 

The input text is converted into a word embedding matrix using a pre-trained model like 

Word2Vec or GloVe. Let the input sequence of words be x = [x_1, x_2, ...,x_n], where n is 

the number of words, and each word x_i is represented as a vector of dimension d. 

The embedding matrix E for the sequence is: 

𝐸 =  [𝑒11 𝑒12  …  𝑒1𝑑][ 𝑒21 𝑒22  …  𝑒2𝑑] 

  . . . [𝑒_𝑛1  𝑒_𝑛2  . . .  𝑒_𝑛𝑑] 
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𝑤ℎ𝑒𝑟𝑒 𝐸 ∈  ℝ^(𝑛 ×  𝑑). 

Step 2: Convolution Operation (CNN) 

A filter W of size h × d slides over the embedding matrix E to perform the convolution 

operation. For a given position i, the convolution output c_i is computed as: 

𝑐𝑖 =  𝑓(𝛴𝑗=1
ℎ 𝛴𝑘=1

𝑑 𝑊𝑗𝑘 ∗  𝑒𝑖+𝑗−1,𝑘 +  𝑏 ) 

where f is an activation function (e.g., ReLU), and b is a bias term. This operation generates a 

feature map C = [c_1, c_2, ..., c_(n-h+1)]. 

Step 3: Max Pooling Layer (CNN) 

A max-pooling operation is applied to the feature map C to reduce its dimensionality and 

retain the most important features: 

𝑝 =  𝑚𝑎𝑥(𝐶)  =  𝑚𝑎𝑥([𝑐_1, 𝑐_2, . . . , 𝑐_(𝑛 − ℎ + 1)]) 

The output is a pooled feature vector P that summarizes the important features extracted by 

the CNN. 

Step 4: Sequence Formation for RNN 

The pooled feature vectors P from multiple filters are concatenated to form a sequence input 

S for the RNN: 

𝑆 =  [𝑝_1, 𝑝_2, . . . , 𝑝_𝑚] 

where m represents the number of filters used in the CNN layer. 

Step 5: Recurrent Operation (RNN) 

The sequence S is fed into an RNN (e.g., LSTM or GRU) layer, which processes the 

sequence step-by-step to capture temporal dependencies. For each time step t, the hidden 

state h_t is updated as: 

ℎ𝑡 =  𝑔(𝑊ℎ ∗  𝑆𝑡 + 𝑈ℎ ∗  ℎ𝑡−1 + 𝑏ℎ) 

where g is the activation function, W_h, U_h are weight matrices, and b_h is the bias term. 

Step 6: Output and Classification Layer 

The final hidden state h_T (where T is the last time step) is passed to a fully connected layer 

for classification. The output y is computed using: 

𝑦 =  𝜎(𝑊𝑦 ∗  ℎ𝑇 + 𝑏𝑦) 

Where W_y is the weight matrix, b_y is the bias term, and σ is the sigmoid (for binary 

classification) or softmax (for multi-class classification) activation function. 

4. LIME 

Local Interpretable Model-agnostic Explanations, or LIME, are a good way to make fake 

news spotting models more open. Because CNNs and RNNs are "black boxes," LIME makes 
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them easier to understand by coming up with local reasons for each guess. To do this, it 

changes versions of the input text, watches how the model's predictions change, and then fits 

an understandable linear model to closely match how the original model behaved in that case. 

This method shows readers which words or phrases have the most weight in the model's 

choice, which helps them understand why a story is labeled as real or fake. The fact that 

LIME is easy to understand builds trust and lets people make better decisions about how to 

spot fake news. 

Step 1: Model Prediction 

Given an input instance x, we have a complex machine learning model f that makes 

predictions. The goal of LIME is to explain the prediction f(x). For a fake news detection 

model, f(x) might be the probability that a news article is classified as fake. 

𝑓(𝑥)  =  𝑦  

where𝑦̂ is the predicted output. 

Step 2: Generate Perturbations 

LIME generates a set of perturbed instances around the original instance x to understand how 

the model behaves locally.  

𝐿𝑒𝑡 𝑍 =  {𝑧_1, 𝑧_2, . . . , 𝑧_𝑛} represent these perturbed instances created by adding noise or 

modifying features in x. 

For each perturbed instance z_i: 

𝑧_𝑖 =  𝑥 +  𝜀_𝑖 

Where ε_i represents the perturbation applied to the original instance. 

Step 3: Model Predictions on Perturbations 

The complex model f predicts the output for each perturbed instance z_i. Thus, we have a set 

of predictions: 

𝑓(𝑧_𝑖)  =  𝑦 _𝑖 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑧_𝑖 𝑖𝑛 𝑍 

These predictions help understand the model's behaviour around the original instance x. 

Step 4: Weighting Perturbed Instances 

LIME assigns weights to each perturbed instance based on its similarity to the original 

instance x. A similarity kernel π(x, z) is defined, typically using an exponential kernel 

function: 

𝜋(𝑥, 𝑧) = exp(−
𝐷(𝑥, 𝑧)2

𝜎2
) 

where D(x, z) is the distance between x and z, and σ is a scaling factor. Instances closer to x 

receive higher weights, indicating their greater relevance. 

Step 5: Train an Interpretable Model 
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LIME fits an interpretable linear model g (e.g., linear regression) to approximate f around x 

using the weighted perturbations. The objective is to minimize the weighted loss function: 

𝐿(𝑔) =  𝛴𝑖=1
𝑛 𝜋(𝑥, 𝑧𝑖) ∗  (𝑓(𝑧𝑖) −  𝑔(𝑧𝑖))

2
 

where g(z_i) is the prediction of the linear model for instance z_i. The goal is to find g that 

best approximates f locally. 

Step 6: Generate Explanation 

The resulting linear model g provides coefficients β that indicate the contribution of each 

feature to the prediction: 

𝑔(𝑧) =  𝛽0 + 𝛴𝑗=1
𝑚 𝛽𝑗𝑧𝑗 

where β_j represents the importance of feature j in the local explanation around x. 

These coefficients β_j form the interpretable explanation, showing which features influenced 

the model's prediction for fake news detection. 

V. Result Analysis and Discussion 

Figure 7 shows the CNN model's training and validation accuracy and loss over 10 iterations 

for finding fake news. The accuracy graph (left) shows that both the training and evaluation 

accuracy slowly rise until they hit over 98%. This shows that the model is learning well. The 

validation accuracy is very close to the training accuracy, which means that there is good 

adaptation without a lot of over fitting. The loss line on the right shows that both training and 

validation loss are going down. This means that as training goes on, the model's mistake goes 

down. The validation loss stays close to the training loss, which means that the model keeps 

doing the same job on data it hasn't seen before. In general, the model does a great job of 

learning and shows almost no signs of overfitting. 

 

Figure 7: CNN model accuracy and loss comparison 

Over 10 epochs, the plots show how the CNN model learned with Word2Vec embeddings 

changed over time in terms of accuracy and loss. The accuracy graph (left) shows that both 

training and validation accuracy keep getting better until they hit about 98%. This shows that 

the model learns and applies what it has learned from the Word2Vec representations. The fact 

that training and confirmation accuracy are very close to each other means that there is not 

much over fitting. The loss graph as illustrate in figure 8, on the right shows that both the 

training loss and the validation loss are steadily going down. This means that the model is 
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getting better with each epoch. The validation loss stays close to the training loss, which 

shows that the model still works well on data it hasn't seen before. In general, adding 

Word2Vec embeddings has made the model better at finding fake news that is correct and 

can be used in other situations. 

 
Figure 8: CNN model accuracy and loss comparison using Word2VEC Embedding’s 

 

Figure 9: RNN model accuracy and loss comparison 

The training accuracy goes up quickly in the accuracy graph (left), as shown in figure 9, 

hitting almost 100% by the third epoch. This shows that the model learns the training data 

well. The confirmation accuracy, on the other hand, stays around 98% and starts to go down 

after the third epoch, which could mean that the model is too good. The difference in 

accuracy between training and validation data shows that the model does well on training 

data, but it might not be as good at generalizing to data it hasn't seen before. The training loss 

drops rapidly in the loss graph (right), as shown in figure 9, getting close to zero by the fourth 

epoch. This shows that the model is learning well from the training data. The validation loss, 

on the other hand, goes down at first but starts to rise after the third epoch. This shows that 

the model is overfitting and starting to remember things instead of generalizing them. The 

RNN model does well on training data, but its validation loss is going up and its validation 

accuracy is staying the same. This suggests that it needs regularization methods, like dropout, 

to make it more general and stop it from overfitting when it comes to finding fake news. 
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Figure 10: RNN model accuracy and loss comparison using Word2VEC Embedding’s 

Figure 10 shows plots that show the accuracy and loss of an RNN model using Word2Vec 

embeddings during training and evaluation over 10 "epochs."The left accuracy curve shows 

that the training accuracy quickly rises to almost 100%, which means that the model learns 

well from the training data. The confirmation accuracy goes up to about 98% by the third 

epoch and stays that way, which means it works well with data it has not seen before. The 

model is using the Word2Vec embeddings to effectively describe features, as shown by the 

steady rise in accuracy between training and validation. The training loss steadily goes down 

in the loss graph (right) until it gets close to zero. This means that the model fits the training 

data well. But the validation loss changes over time, especially after the fourth phase, which 

could mean that the model is too good. The confirmation loss is still low compared to the 

training loss, even with these changes. The using Word2Vec embeddings makes it easier for 

the RNN model to find environmental links in fake news spotting. However, regularization 

methods may be needed to make generalization even better. 

 
Figure 11: CNN+RNN model accuracy and loss comparison using Word2VEC Embedding’s 

In the accuracy graph (left), both training and validation accuracy rapidly reach almost 100% 

within the first few epochs, indicating that the model is highly effective in learning and 

generalizing the patterns in the data. The validation accuracy closely follows the training 

accuracy, suggesting excellent performance on unseen data without over fitting. In the loss 

graph (right), both training and validation loss decrease sharply and converge to nearly zero 

by the 3rd epoch. This minimal loss indicates that the model has learned the data 

exceptionally well, achieving high precision, confusion matrix illustrates in figure 12. 
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Figure 12: Confusion Matrix for CNN + RNN 

 

Figure 13: XAI 

The image shows in figure 13, which features are most important for a model that uses AI 

methods that can be understood, such as LIME or SHAP, to find fake news. Both the "Fake" 

and "True" sides of the graph show the most important factors in deciding whether news is 

fake or true. Each feature (like feature_64 and feature_186) has a baseline value that tells you 

the range of values that have a big effect on the ranking. The feature inputs are shown with 

bars that show how important they are, with larger bars showing more value. This image 

helps you see which traits are most important to the model's decision-making process. It also 

shows you how the model tells the difference between fake and real news. 

 

Figure 14:  Fake new detection using XAI 
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Figure 15 Prediction probability by XAI 

Figure 14 shows in detail how two examples were categorized by a model for finding fake 

news using an interpretability tool such as LIME or SHAP. This helps us understand how the 

model makes its decisions. In Case 1, the model says there is a 100% chance that the story is 

"Fake." With a number greater than 1581.75, feature_180 is the most important factor and 

has a big impact on the ranking. feature_130, which is between 0 and 342, is another factor 

that plays a role, though it has a slightly smaller effect. The numbers shown for features show 

that feature_180 has a high value of 6732, which is very close to the fake name. In Instance 2, 

the model says again that it is 100% sure that the story is "Fake." Feature_196, which has a 

value less than 40, is very important here, followed by feature_99, which has a value less 

than 14. The feature values show that feature_196 has a significant value of 19628, which 

supports the false classification. These answers make the model's findings clear by showing 

which traits and their values are most important for classifying news as fake. This ability to 

be understood is important for gaining trust in the model, especially in high-stakes situations 

where knowing why predictions are made is just as important as the predictions themselves. 

VI. Conclusion 

This research shows that using Explainable AI (XAI) methods along with deep learning 

models, especially CNNs and RNNs, can help find fake news more easily. By using XAI 

techniques, we were able to not only find fake news very accurately, but we also learned a lot 

about the complicated language patterns and semantic structures that set fake news apart from 

real news. Traditional deep learning models are often "black boxes," which makes it hard to 

figure out how they make decisions. Using XAI methods like LIME and SHAP, on the other 

hand, helped us understand the model's forecasts and find important traits and trends that 

affect the classification, making it clearer and more reliable. Our mixed method, which 

combines the best features of CNNs for finding local word patterns and RNNs for figuring 

out how events depend on each other, worked very well for dealing with the complicated 

language used in fake news. Using XAI proved that the model could pick up on minor 

language cues, rhetorical structures, and errors that are often signs of false information. This 

complete understanding not only makes systems that look for fake news more reliable, but it 

also gives people who have a stake in the issue, like writers, fact-checkers, and lawmakers, 

information that they can understand and use. Combining AI methods that can be explained 

with deep learning provides a strong and clear way to deal with the growing problem of fake 

news. It makes sure that the model's choices are correct and easy to understand, which leads 

to more trust and use in real-world situations. Researchers can look into how XAI can be 

used with other advanced neural designs in the future. This could help find false information 

even better across a wider range of subjects and languages. 
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