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Abstract 

Nowadays, the news is being generated each second from every corner of the world, with millions of 

news articles generated every day. Some assume that at least 1.8 million articles are published yearly, 

in about 28,000 journals. It has become difficult to recognize what's fake and what's genuine due to 

the overflow of millions of articles every day. Not every person reads every news, so the classification 

of news according to people’s interests has become significant. 80% of the information is 

unstructured and “text” being the most common type of unstructured data has led to the emergence of 

numerous news classification methods. Some of the modern news classification methods stretch from 

using Machine Learning models like “SVM”, “Naive Bayes”, “Decision Tree” to the modern 

complex transformer and deep learning models like “BERT” and “LSTM”. So, the main aim of this 

review is to better understand the pipeline and shortcomings of the news classification processes 

aforementioned. This article will help researchers to distinguish between various models and choose 

the one best for their projects. 
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INTRODUCTION 

The world is a very happening place and, each second somewhere some incident is taking place. 

This has led to the generation of numerous news articles each day. We need a way to analyze this 

information and extract facts and figures from it. In the last decade, various NEWS showcasing 

platforms, both online and traditional, have emerged. It has become easy for anyone to access news 

from any part of the world [1]. A significant portion of NEWS occurs in an unstructured textual form 

whose study can be propitious for various industries. Classification of news is a complex process as it 

requires cleaning and preprocessing of data, feature selection, models application, and lastly, 

evaluating the accuracy of these models. With millions of news articles available, it has become 

difficult for readers to skim through each news article and read the one of their interest. Therefore, the 

classification of news has become essential in the 

modern age. Categorization of news helps readers 

navigate easily through the articles [1]. It helps in 

sentiment analysis, which helps us define the tone of 

a particular news category. In recent times, when it’s 

difficult to differentiate between fake and truth, 

news classification plays an important role in 

identifying genuine and trustworthy news sources. 

 

In the current time, various supervised Machine 

Learning methods are being used for various text 

classification methods like SVM, Naive Bayes, 

Decision Trees, Random Forest, etc. These classifiers 

are a part of modern news classification systems 

because of their high speed and good accuracy they 

are still used till now. Modern researchers are also 
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using complex Transformer models like BERT to gain more accuracy at the stake of slow speed. These 

advanced models can understand the relationship between the words and thus provide better accuracy 

while most of the ML models ignore these relationships by treating all words independently.  

 

With so many different classification models present, it's baffling for an individual to look for a 

model that fits their requirements. Not only the variety of models but the hyperparameter tuning also 

makes it difficult for the readers to select a good model that fits their needs. Our review aims at 

bringing ease to the readers by making a detailed analysis of all modern techniques used for the 

classification of news so far. It will also help researchers to make advancements in the existing 

technologies or may help them to bring up some new technologies.  

 

Our review paper has the following structure. Section 1 is an introduction section followed by 

section 2 giving a brief about the different approaches used so far for news classification. Section 3 is 

a Literature review where a detailed analysis of machine learning and deep learning research papers is 

done by us. It is followed by section 4 discussing the comparisons and results of the analysis done by 

us. Finally, section 5 provides a conclusion of our paper. 

 

DIFFERENT APPROACHES FOR NEWS CLASSIFICATION 

News classification is mostly performed by two approaches: Machine Learning-based or Deep 

Learning or Advance Transformer-based models. Machine Learning shows decent accuracy while 

Deep Learning and advanced transformer-based models show high accuracy but are difficult to train 

and are slow when compared with Machine Learning models. 

 

Machine Learning approaches can be classified into two types, based on “how the learning is 

carried out”. These two approaches are Supervised Learning and Unsupervised Learning. The 

majority of the applications mentioned in the literature review are supervised learning applications. 

Two sets of annotated data are necessary for both training and testing in supervised learning. Given a 

text, we try to predict a class based on real-world continuous data related to the text's meaning in a 

supervised learning framework. Thus, a sentence can lie to any of the listed categories. 

 

 
Figure 1. Block Diagram of BERT Classification Model. 
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Deep learning is a machine learning technique that allows computers to learn by example in the 

same way that humans do. A computer model learns to execute categorization tasks directly from 

images, text, or sound in deep learning. Deep learning models can attain state-of-the-art accuracy, 

even surpassing human performance in some cases. In Deep Learning, the News classification is 

mostly performed by RNN models which includes LSTM and RNN layers for training and more 

complex sequence to sequence transformer models that adopt the principle of “attention” which brings 

much greater insights from the text and helps in better categorization. Nowadays transformer 

architecture models have also emerged which are proving to be more efficient and accurate than any 

other classification model. BERT is an example of a transformer architecture deep learning model. 

Figure 1 shows a block diagram of the BERT model used for classification. 

 

In both these approaches, qualitative information available in the text needs to be converted to 

quantitative, so that it can be utilized by the algorithm. Thus, we need to follow a well-defined 

pipeline that not only converts the textual information to vectors but also reduces the load of models 

by some techniques like stemming and stopwords removal. Figure 2 demonstrates the text processing 

pipeline that must be followed while data mining. 

 

 
Figure 2. Text Pre-processing Pipeline. 

 

A proper pre-processing pipeline is discussed below:  

 Tokenization: It includes various steps, first, changing the whole text to one case (lowercase 

preferably), second is parsing the whole sentence and breaking down the sentence into words 

without taking care of any persisting relationship that exists among them. 

 Stop Word removal: This is filtering out Stop Words from the tokenized list of words. The list 

generally includes words that are used on a very high frequency like a, an, the, were, they, etc. 

These words have very little importance in a sentence, thus can be removed. It reduces the load 

for model training as the length of texts gets reduced. But even so, stop word removal is not a 

necessary step. The reason is simple as many times the text might lose its meaning after stop 

word removal. E.g., “This TV show is not bad at all!” will be changed to [“TV”, “show”, 

“bad”]. Thus, a model will learn the sentence with different meanings. The elimination of stop 

words is greatly depending on the task at hand and the aim we are attempting to achieve. 

 Stemming: It will change the word to its base form by removing affixes from it. Like running 

will be changed to run. This can significantly reduce the vocabulary of the model, thus, in turn, 

reducing the model’s training time also. 

 Vectorization: This is an important step. It will change the list of words to vectors. Various 

techniques are being followed for vectorization. One technique is TFIDF, which vectorizes the 

tokenized sentences to vectors based on the frequency of words. While another approach 

involves using pre-trained word2vec models like glove50D to get the desired vectors. 
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Figure 3 depicts popular machine learning approaches as well as significant pre-processing 

processes that are widely employed for News Classification. The most commonly utilized techniques 

are support vector machines (SVM), Naive Bayes (NB), Random Forest (ANN), and Decision Trees 

(DT). For text mining, according to Khadijah [2], SVM is the most commonly used machine learning 

algorithm, followed by NB. When it comes to evaluating unstructured text data, other machine 

learning techniques have received less attention. 

 

Figure 4 depicts popular deep learning approaches that can be used to employ news classification. 

The most common techniques are to use RNN/LSTM based TensorFlow models or to use advanced 

seq2seq transformer-based models like BERT. 

 

 
Figure 3. Machine Learning Technique Used For News Classification. 

 

 
Figure 4. Deep Learning Techniques for News Classification. 
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LITERATURE REVIEW 

We have studied various research papers on “News Classification”, in which the authors have come 

up with different models (ML-based or DL-Based), different accuracies, different languages (e.g. 

English, Indonesian, etc.), and different pipelines. Analyzing a variety of research papers will help us 

to gain new insights that are unknown to the present world and will, in turn, help future developers 

and researchers. To analyze these research papers, we have categorized them into Machine Learning 

models and Deep Learning models. We have come up with some parameters, based on which we will 

differentiate among various models. These parameters are: 

 Pre-processing Pipeline 

 Dataset used 

 Type of model used 

 Accuracy gained  

 

Based on these parameters we will analyze the work of various researchers and will compare the 

work to get the finest ones in both categories. We will further compare the models of both categories 

to gather some invaluable insights. 

 

Analysis of Machine Learning Model 

Machine Learning is the most common approach among researchers for News Classification. We 

are analyzing different papers whose machine learning models used are one among SVM, naive 

Bayes, Decision Tree, and Random Forest because of their vast popularity among the researchers. We 

have collected some Research work from the last decade which uses Machine Learning models for 

News Classification. We have studied their research work in-depth and analyzed the same in the 

coming sections. 

 

Rama [3] applied an SVM-based Machine learning approach to build a system that can classify 

“Financial News” as either “rise” or “drop”. It uses a combination of two types of data: Textual past 

news articles and past intraday price. The system uses TF-IDF for vectorization of input sentences, 

but no information is provided for stop words removal and stemming. The model was trained on a 

sample size of 149 records. Their model achieves an accuracy of 83% on the training data. Also, the 

model’s recall and precision for “rise” is 67% and 87% respectively and for “drop” the recall and 

precision are 93% and 81% respectively. To get a better insight into the model, we calculated the F1 

score for the model for better insights. Model’s F1 score for “rise” is 0.74 while that for “drop” is 

0.86. Even though the model achieved a significantly high accuracy (83%), it is more vulnerable to 

underfitting due to its low training dataset (149 samples). This may have happened because of the 

small training dataset used.  

 

Saigal [4] used SVM and its variants for news classification. They have used 3 SVM-based 

classifiers namely: Twin Support Vector Machine (T-SVM), Least Square Support Vector Machines 

(LS-SVM), Least Squares Twin Support Vector Machine (LS-T-SVM). All these three models are 

trained on two different datasets: Reuters-21578 (21578 samples 4 categories) and 20 Newsgroups 

(approx. 20000 samples 4 categories). The researchers have followed a proper pipeline with 

tokenization, stop word removal, stemming, and vectorization. They have used TF-IDF for creating the 

word embeddings. For the Reuters-21578 dataset, the accuracy and F1 score for T-SVM is 86.67% and 

0.75, for LS-SVM it’s 96.72% and 0.96 and for LS-T-SVM its 98.21% and 0.98. For the Newsgroup 

20 dataset, the accuracy and F1 score for T-SVM are 83.33% and 0.81, for LS-SVM it’s 90.10% and 

0.98 and for LS-T-SVM it’s 92.96% and 0.98. All the 3 classifiers have shown exceptional results, but 

among them also LS-SVM and LS-T-SVM showed state-of-the-art performance. The LS-T-SVM was 

not only the most accurate model among the three but also the fastest. 

 

Liliana [5] tries to perform news classification in the Indonesian Language. They have used SVM 

to train their model. The dataset corpus consists of 180 document articles, out of which 70% (126) is 
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used for training and the remaining 30% (54) is used for testing. The model is trained for different 

values of c and gamma, to get the best set of hyper-parameters. The researchers have followed a 

proper pre-processing pipeline: Tokenization, stop words removal, stemming, and TF-IDF 

vectorization. The model achieves the highest accuracy of 85% with c = 110 and gamma = 1. The 

researchers observed the effect of c and gamma on the model’s accuracy. Accuracy increases with the 

rising value of c, while the trend is opposite in the case of gamma. Even though the model seems to 

have good accuracy (85%), it is more vulnerable to underfitting due to its low training dataset (126 

samples). The researchers have not specified the confusion matrix to confirm the same. 

 

Yuliani [6] have used 6 different classifiers: Support Vector Machine (SVM), Naive Bayes (NB), 

Decision Tree, Logistic Regression, Stochastic Gradient Descent (SGD), and Neural Network-MLP 

(Multi-Layer Perceptron), to classify the news into “Hoax” and “Non-Hoax”. The dataset corpus 

consists of 1486 news samples. The researchers have followed a proper pipeline with tokenization, 

stop word removal, stemming, and one-hot-encoding (bag of words) for creating word embeddings. 

The accuracy and F1 score for Naive Bayes is 88% and 0.88, for Decision Tree it’s 92% and 0.92. For 

Logistic Regression, it's 91% and 0.91, for SVM it's 93% and 0.93, for SGD it’s 89% and 0.88 and for 

NN-MLP it's 93% and 0.93. Evidently, most models performed well for this binary classification. But 

among them also there were some exceptional performers, SVM and NN-MLP. The SVM performed 

toe to toe with NN-MLP and delivered great accuracy. 

 

Mangal [7] uses Naive Bayes for news classification in the Punjabi Language. The researchers have 

not provided any information about the training corpus size and pre-processing step. They have used a 

Multinomial Naive Bayes classifier to train the model. The model is tested on a separate dataset 

collected from various classifiers. The model got an average accuracy of 72% and an F1 score of 0.74. 

The model achieved significant accuracy considering the scarcity of information available in the 

Punjabi language. The model performed well taking these factors into account. 

 

Jehad [8] uses Random Forest and Decision Tree for Fake news detection. Both the models are 

trained on a dataset with 20,761 records. The model classifies the news into one of “fake” and “real”. 

The researchers have followed a proper pipeline with tokenization, stop word removal, stemming, and 

vectorization. They have used TF-IDF for creating the word embeddings. Accuracy and F1 score for 

Decision Tree are 89.11% and 0.88 while that of Random Forest is 84.97% and 0.85. Surprisingly 

Decision Tree performed better than Random Forest but due to the randomized feature selection in 

Random Forest, it can generalize over the data in a better way, thus making it suitable for large 

datasets. The researchers also emphasized the importance of the data pre-processing step by training 

the same data on the unprocessed text which gave less accuracy in both the models, with 78% for 

Decision Tree and 73% for Random Forest. 

 

Fanny [9] compared k-Nearest Neighbor (k-NN), Naive Bayes (NB), and Support Vector Machine 

(SVM) for news classification. The dataset with a sample size of 30 documents, is collected from 

various sources and divided into 6 categories. The researchers have followed a proper pipeline with 

tokenization, stopword removal, stemming, and used TF-IDF for creating the word embeddings. The 

researchers trained the 3 models on the same dataset. The Accuracy achieved for the k-NN is 86.11%, 

for Naive Bayes it’s 72% and for SVM it’s 86.11. The Naive Bayes gave a stable performance, while 

surprisingly k-NN’s performance remained toe to toe with SVM. The researchers also emphasized 

“stemming” as they trained all three models on 3 different types of stemmers (Porter, Lovin, 

WordNet). Porter and Wordnet stemmer produced better accuracies with all the 3 models when 

compared to Lovin. 

 

Analysis of Deep Learning Models 

Various natural language and deep learning models have been created till now for classifying news. 

Not all of them are perfect, but we have come very far from where we started. Nowadays, Deep 
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learning classification models are the new trend as they provide more accuracy. LSTM models are 

proving to be efficient in storing and analyzing the data present in long sentences [10]. Neural 

network models were explored because they perform huge calculations very easily on a large number 

of inputs [11]. In [12, 13], a medical dataset having health information classes was trained and tested 

using a neural network, and the resultant accuracy was 15% higher than achieved by the rest of the 

models at that time.  

 

The first neural model was proposed by Bengio et al. [14] in 2001, based on the feed-forward 

neural network trained on 14 million words. But this very first neural network model was not the best 

and was outperformed by many other classification models of that time [15]. Since then many deep 

learning models have emerged which has allowed researchers to increase the efficiency of their work.  

 

Ghosh and Shah [10] use a simple feed-forward neural network to classify news articles into three 

categories: “Fake”, “Legit” and “Suspicious”. The dataset was made by combining 5 datasets: Kaggle 

Fake News (2016), Fake News Challenge Dataset (2015),  LIAR (2017), and University of 

Washington Fake News dataset. For the veracity-based model, they retrieved articles using the TF-

IDF model. The hyperparameter k was chosen to be 10. The model was evaluated using various 

values of k, to observe its effect on the model. When the value of k was increased, the recall rate 

improved but precision suffered. The accuracy of ternary classification is 67.1% and of binary 

classification is 72.12%. For the style-based model, bidirectional LSTM architecture was used. The 

accuracy for the style-based model is 81.83%. The combined accuracy of the model came out to be 

82.4%. The researchers emphasized their dataset collection as they categorized it into two types based 

on the length and structure of the sentences. 

 

Ramdhani [16] performed news classification in the Indonesian language using CNN. The data was 

collected from several online news websites such as CNN Indonesia, Merdeka.com, Aneka news, 

DialySocial.com, etc. The dataset was labeled into four categories: “hiburan”, “olahraga”, “tajuk 

utama” and “teknologi”. Researchers followed a proper pipeline with exploratory data analysis, 

tokenization, stopword removal, stemming. The EDA analysis showed that the maximum length of 

news data found in the dataset is 1929. They used Porter stemmer for stemming and a collection of 

Indonesian stopwords for stopword removal. There were a total of 472 news texts, 377 were used for 

training and 95 for testing. 5 models were produced by the CNN algorithm and they each had 10 

epochs. The number of hidden layers in the model are 100, 200, and 300. The experiment resulted in 

90.74% accuracy. The researchers observed how the number of hidden layers affects the accuracy of 

the model. It was detected that increasing the number of hidden layers led to a slight decrease in the 

training process accuracy but the loss value of the training process was increasing. More hidden layers 

gave a more accurate model. The result is visualized through GloVe embedding. They have visualized 

their result through a confusion matrix.  

 

Monti [17] uses geometric deep learning to recognize propagation patterns in fake news. They used 

the combined set of 1084 fake and true claims spread on Twitter in the years 2013 to 2018. They 

grouped the features into 4 categories: “User Profile”, “User Activity”, “Network and Spreading”, and 

“Content”. With a 92.7% ROC-AUC score, the model has very high accuracy. They emphasized a lot 

on their data collection because in fake news classification it’s difficult to collect a sufficiently large 

and reliably labelled dataset. Researchers detected fake news in two ways: URL-wise and Cascade-

wise. The network was trained for 25×10³ and 50×10³ iterations, respectively. The result was 

visualized using a ROC curve between false positive rate and true positive rate. The performance 

achieved by model for both settings is 92.70±1.80% and 88.30±2.74%, respectively.  

 

Abdullah et al. [18] used a bimodal CNN and LSTM to classify news based on its source and 

previous history. The dataset used is Fake News from Kaggle which has 12 categories. They used 

three features: “Domain”, “Authors”, and “Title”. The model consists of 4 layers, 2 CNN layers, 1 
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LSTM layer, and 1 Fully-Connected layer. As for their preprocessing process, they converted capital 

letters to small, tokenized their data, and then applied padding on the data, lastly followed by one-hot 

encoding. They could have preprocessed their data using stemming and stopword removal to acquire a 

more accurate model. The model achieved 99.7% and 97.5% accuracy for training and testing, 

respectively. They visualized the performance of the model through a confusion matrix. Though they 

achieved high accuracy, they should have used a much larger dataset to find out the genuine accuracy 

of the model.  

 

Nugroho [19] classifies large amounts of news topics using BERT architecture. They used pre-

trained models for classification. They used the AG dataset for the corpus of news articles. The 

dataset has 120,000 training and 7,600 testing samples. They used a learning rate of 1e-4 and set the 

warm proportion as 0.1. They tested two models. First, BERT without Spark NLP gave an accuracy of 

91.87% and took an average of 25 minutes for training. In the second model, they used the pipeline 

from Spark NLP and added it to the BERT pre-trained model. It achieved an accuracy of 86.65% with 

the duration of training of 9 minutes. So it was observed that BERT without Spark gave a higher 

accuracy but was less efficient. Since the authors are using the pre-trained models they haven’t 

described the data preprocessing in detail.  

 

González-Carvajal [20] compares the BERT model with the traditional ML NLP approach for text 

classification. They conducted four experiments to compare how BERT performs against other 

models. In the first experiment, BERT was compared with Linear SVC, Logistic Regression, Ridge 

Classifier, Passive Aggressive Classified of, and more. The accuracy for the BERT model is 93.87% 

which was the highest of all. In the second they compared BERT and H20 AutoML and Bert 

outperformed with an accuracy of 83.61%. In the third experiment, they changed the language to 

Portuguese and compared BERT with Predictor (auto_ml). And lastly, they used Chinese text for 

comparison. It is observed that the language of text does not affect the accuracy of the BERT model a 

lot. They haven’t discussed the pipeline they used and have not visualized any of their results.  

 

Aggarwal [21] uses a fine-tuned BERT model for the classification of news articles. They compare 

the results of BERT, LSTM and Gradient Boosted tree. The dataset used here is the NewsFN dataset 

consisting of 6335 items labelled as “Fake” or “Real”. Researchers remove outliers and noise from the 

data to increase the efficiency of the model and then divide it into training and testing sets. For best 

results, the learning rate is kept as 2e-5, and the accuracy achieved by the BERT model is 97.02% 

with a ROC-AUC score of 0.99. A second experiment was conducted using the LSTM model which 

achieved an accuracy of 86.23% with a ROC-AUC score of 0.92. Confusion matrices visualize the 

result of all the models. This showed that the BERT model gave a higher accuracy compared to other 

models. They have used a well-balanced dataset and have visualized word clouds for both Fake and 

Real labels.  

 

Umer [22] uses CNN-LSTM for automated fake news detection. The experiment is done with two 

different dimensionality reduction approaches, Chi-Square and Principal Component Analysis (PCA). 

The dataset used is the Fake News Challenge dataset which is divided into 49,972 and 25,413 

instances for training as testing respectively. They followed a proper pipeline with tokenization, 

stemming, stopword removal, and vectorization. The CNN-LSTM with PCA model having an 

accuracy of 97.8% and F-score of 97.8%, outperforming all the other models. 

 

COMPARISON AND RESULTS 

We analyzed that Support Vector Machine (SVM) is the most popular Machine Learning 

Technique among the researchers. Not only the most popular, but SVM seems to be the most reliable 

one also. Table 1, clearly shows the accuracy of different Machine Learning models that we analyzed. 

Some of the variations of SVM (LS-T-SVM and LS-SVM) [4] produced state-of-the-art accuracy. 

Naive Bayes, Logistic Regression, and Random Forest remained consistent performers and were able 
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to achieve decent accuracy. Decision Tree and Scholastic Gradient Descent (SGD) surprised us with 

their accuracy and low training time. For Generalization for a big dataset, Random Forest and SVM 

seems to be labelled, great choices. While most of the news classifications were done in the English 

Language, we also encountered some classification performed in “Punjabi” [7] and “Indonesian” [5] 

languages. This allowed us to further improve our study by analyzing the effect of languages on news 

classification. For the “Indonesian” language model performance was very similar to the model 

trained on the English dataset. But for the “Punjabi” Language, the model performance suffers due to 

insufficient data to train. 

 

In deep learning models, we observed that the accuracy of each model depends on many factors 

other than the algorithm being used for classification. Fine-tuning and hyperparameters play an 

important role in deep learning classification models. As evident from Table 2, the BERT model is the 

most accurate Deep Learning transformer model which can be used for classification giving us state-

of-the-art accuracy. And though LSTM is the most sought-after deep learning classification model for 

researchers it has its limitations.  

 

Table 1. Comparative Study on Various Machine Learning Algorithms 

Technique Article Dataset Size Language Accuracy 

SVM 

[3] 149 news articles English 83.0% 

[4] Reuters-21578 (21578 samples) English 98.2% 

[4] 20 Newsgroups (20000 samples) English 92.9% 

[5] 180 articles Indonesian 85.0% 

[6] 1486 news samples English 93.0% 

[9] 30 news Articles English 86.1% 

Naive Bayes (NB) 

[6] 1486 news samples English 88.0% 

[7] ------ Punjabi 72.0% 

[9] 30 news Articles English 72.0% 

Decision Tree 
[6] 1486 news samples English 92.0% 

[8] 20,761 records English 89.1% 

Random Forest [8] 20,761 records English 84.9% 

k-NN [9] 30 news Articles English 86.1% 

Logistic Regression [6] 1486 news samples English 91.0% 

Scholastic Gradient Descent (SGD) [6] 1486 news samples English 89.0% 

 

Table 2. Comparative Results of Various Deep Learning Classification Models 

Technique Article Dataset Size Language Accuracy 

BERT 

[20] 5000 reviews English 93.87% 

[20] ------ English 83.61% 

[21] 6335 news articles English 97.02% 

[19] 127600 articles English 91.87% 

[20] ------ Portuguese 91.96% 

[20] ------ Chinese 93.81% 

Feed-Forward NN [10] ------ English 72.2% 

LSTM 
[10] ------ English 81.83% 

[21] 6335 news articles English 86.23% 

CNN [16] 472 news texts Indonesian 90.7% 

CNN-LSTM 
[18] 20,761 records English 97.5% 

[22] 75,385 records English 97.8% 

Geometric DL [17] 1084 Twitter claims English 92.7% 
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Due to its sequential nature, it’s difficult to perform parallel training in LSTM models. It can also 
be observed that the BERT model provides a decent accuracy for text languages other than English 

too, but these discrepancies can be linked to the small dataset size. We can see from the results that 
LSTM is a consistent performer and is toe-to-toe with CNN classification models. A feed-forward 

neural network is the simplest and basic classification model and isn’t able to achieve higher 
accuracies as the other models. We were surprised by the accuracy of the models which used the 

bimodal CNN-LSTM approach for news classification. It was seen that adding an LSTM layer on top 
of CNN layers helps achieve high accuracy and one model even achieved an accuracy of 97.8% [22]. 

The geometric deep learning architecture can be seen performing better than the LSTM models. 
 

It’s crystal-clear from the above results that the highest accuracy achieved by an SVM [4] model 
gave us an accuracy of 98.2% whereas, the highest accuracy achieved by the CNN-LSTM [22] model 

is 97.8%. At first glance, it can be perceived that machine learning models performed better than deep 

learning models but that’s not the case. When observed closely, it can be seen that there is a huge 
difference in the dataset sizes used by both models: machine learning models mostly are trained on 

small datasets whereas deep learning is trained on huge corpora. Thus, deep learning models being 
trained on a lot of data makes itself a better-generalized model. But everything is not as perfect as it 

seems. In order to achieve great results, deep learning models pay the price with their huge training 
time. So with a small dataset SVM is the clear choice because of its high accuracy and low training 

time. Therefore, for a large dataset, the Deep Learning techniques are favourable, otherwise, Machine 
Learning techniques are a clear choice. 

 

CONCLUSION 

In this paper, we surveyed many machine learning and deep learning models, which have been 
developed over the past decade. These models have significantly improved the results of news 

classification over the years. We gave you insight into each model which will help you choose 
classifications models and techniques more easily for future purposes. 
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