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Abstract 

Classifying Bangla news is still a big problem in processing languages with few resources, 
however most recent studies emphasize performance metrics instead of model explainability. 
This study introduces an explainable AI-based system for the multiclass classification of 
Bangla news articles into four categories: Sports, International, Entertainment, and National, 
utilizing a dataset of 11,904 articles. We conducted a comprehensive comparison of classical 
machine learning (ML) and deep learning (DL) methodologies. We used Ridge Classifier, 
SGD Classifier, Multinomial Naive Bayes, and XGBoost to help us learn how to use 
machines. We got the best score of 92.55% accuracy by using a hard-voting group of the 
four best linear models. We make deep learning models like CNN-LSTM, Simple LSTM, 
Stacked LSTM, and GRU. When they work together, the three best models get 95.76% 
right, and when they work alone, they get 95.46% right. We used LIME (Local Interpretable 
Model-agnostic Explanations) to make the Ridge Classifier and Multinomial Naive Bayes 
models more accurate and easier to understand. The results show that DL ensembles are 
better at finding the right answer than more common ML models. However, linear ML 
models are faster and easier to learn, train, and use. This change made Bangla NLP systems 
more open and reliable. This is a great way to stay up to date on the news and learn about 
what's going on in places where Bengali is spoken. 

Keywords: Bangla news classification, Explainable AI, Machine Learning, Deep Learning, Ensemble 
techniques, Low-resource language

1. Introduction 

Digital news ecosystems are quickly growing in languages like Bangla that lack resources. We need better, 
more accurate, and easier ways to sort through a lot of unstructured text. A lot of people speak Bangla, 
but computers do not understand it. More than 300 million people speak it as their first language. Most 
of them live in Bangladesh, West Bengal, and Tripura in India. Bangladeshis also live in a lot of other 
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places, like the Middle East, North America, Europe, and Southeast Asia. For a lot of practical reasons, 
it is important to automatically sort Bangla news into clear categories like Sports, International, 
Entertainment, and National. Some of these are systems that gather and filter news in real time, suggest 
content based on what you like, search engines that focus on certain topics, automated pipelines for 
finding false information and misinformation, sentiment-aware media monitoring tools, and smart 
content moderation systems used on social media sites, news sites, and digital archives for Bengali 
speakers (Rahman et al., 2021). 

Natural language processing (NLP) has come a long way for languages like English, Mandarin, and 
Spanish, which have a lot of information available. Bangla NLP cannot move progress because its structure 
and resources are not very good. The grammar of the language has a lot of inflection and agglutination. It 
has hard conjunct characters, a flexible word order, and a lot of case markers and honorifics. All of these 
things make it hard to do stemming, lemmatization, tokenization, and syntactic parsing. There aren't 
many big datasets with good annotations for languages other than Hindi, Tamil, or English, which are all 
Indic languages. There are many Bangla corpora that anyone can use, but most of them are small, only 
cover one area, make a lot of noise, or imbalanced. BanglaBERT and SahajBERT are two language models 
that can already read and write in Bangla. There are fewer as Bangla models than English models, and the 
Bangla models are usually smaller. 

Most of the current research on how to organize Bangla news stories is centered on two main ideas. The 
first one uses standard machine learning pipelines to get sparse, hand-crafted features (mostly TF-IDF or 
word frequency vectors) and put them into well-known algorithms like Support Vector Machines, Naive 
Bayes variants, Logistic Regression, Random Forests, and gradient boosting methods like XGBoost. These 
strategies are easy to understand and usually work well as a first step, especially if the data is clean and 
balanced. For the second method, deep learning methods like convolutional neural networks (CNN) and 
recurrent architectures (LSTM, GRU, and BiLSTM) are used. Most of the time, these methods use simple 
word embeddings that were either learned from scratch or taken from a few Bangla fastText sources. 
Deep models are better at getting things right, especially when it comes to long articles that need some 
background. But they still tend to overfit on small datasets, are costly to run, and, most importantly, are 
difficult to understand (Ahmad et al., 2022). 

There is a growing need for explainable artificial intelligence (XAI) as more and more AI-powered tools 
are used to make decisions in media and information systems that are open to the public. People are 
worried about prejudice spreading, accountability, and discrimination that should not happen when 
"black-box" models aren't clear in important areas like news classification. Local Interpretable Model-
agnostic Explanations (LIME) and other methods for post-hoc interpretability fix these problems by 
making accurate and easy-to-read surrogate models that show how some complicated classifiers work. 
LIME finds and ranks the words or phrases that have the most effect on a specific prediction in text 
classification. This helps reporters, content moderators, researchers, and end users understand why an 
article was put in that group (Salehin et al., 2021). 

This study makes the following principal contributions to the advancement of Bangla NLP: 

• A thorough comparison of traditional machine learning and modern deep learning methods for sorting 
Bangla news stories, using a set of 11,904 articles from Bangladesh's best news sites. 

• The development and evaluation of six meticulously selected machine learning classifiers (Logistic 
Regression, Linear Support Vector Machine (LinearSVC), Ridge Classifier, SGD Classifier, 
Multinomial Naive Bayes, and XGBoost) and four deep neural architectures (Simple LSTM, Stacked 
LSTM, GRU, and hybrid CNN-LSTM) utilizing ensemble techniques in both domains to enhance 
predictive accuracy. 
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• The methodical use of LIME-based post-hoc interpretability on conventional ML models 
(Multinomial Naive Bayes and Ridge Classifier) to produce visual explanations and numerical feature 
importance scores for each instance, clarifying the reasoning behind the decisions rendered. 

• A close look at the pros and cons of different performance metrics, such as how well they sort things, 
how easy they are to understand, how long it takes to train and test them, and how much computing 
power they need. This will lead to practical suggestions for putting Bangla news classification systems 
into place in places where resources are limited. 

The manuscript structure is as follows. Firstly, previous Bangla text sorting methods, ensemble learning 
methods, and new advances in explainable AI for processing natural language are discussed. Next, the 
dataset, the text preprocessing pipeline, feature selection method, list of models used, ensemble methods, 
experimental protocol, and evaluation metrics were explained. After that results of the quantitative 
classification, confusion matrix analysis, learning curves, runtime comparisons, and full qualitative 
interpretations based on the LIME explanations are displayed. Next, key results, implications in media 
and information systems, study limitations, and future research directions are discussed, followed by the 
conclusion and summary (Limon et al., 2018). 

The main goal of this study is to make sure that AI tools can correctly process and organize Bangla news 
that is clear, reliable, and fits with the culture. Deep learning ensembles are rarely used in contexts with 
strict rules because it is hard to explain them, raising moral issues. The proposed framework aims to 
substantially improve the creation of more dependable, accountable, and user-friendly natural language 
processing systems specifically designed for the Bangla language context by combining high classification 
accuracy with stringent post-hoc interpretability (Hossain et al., 2025). 

 

2. Literature Review  

Over the last ten years, Bangla natural language processing (NLP) has shown continuous progress 
particularly in text classification and news categorization. Bangla NLP still lags behind English Mandarin 
and Spanish because of three main reasons which include the limited amount of data and various types of 
data that exist and the development of better algorithms and better architectural designs and the current 
focus on making models open for inspection and providing explanations and building user trust. 

Researchers in Bangla NLP during the period from 2015 to 2020 relied on traditional machine learning 
pipelines to conduct their research. Researchers usually gathered small amounts of data by collecting 
information from Bangla blogs and online forums and social media posts and a few news websites. The 
first datasets from this period contained between 200 and 2000 labeled samples at their highest. The 
feature extraction process used traditional bag-of-words (BoW) models and term frequency-inverse 
document frequency (TF-IDF) weighting and sometimes n-gram representations. To classify data 
researchers used Multinomial Naive Bayes and Logistic Regression as their main classification methods. 
Researchers evaluated Support Vector Machines (SVM) performance by testing its linear kernel and 
Support Vector Machines (SVM) performance through its linear kernel tests. 

The basic studies demonstrated that binary classification tasks (positive versus negative sentiment and fake 
versus real news) and basic multiclass tasks (sports and politics and entertainment) could achieve 
satisfactory classification results through the use of basic annotation and low-cost computation methods. 
The advantages of these methods included quick training and prediction speeds and straightforward 
implementation and low system requirements and direct feature importance analysis which allowed users 
to interpret results. The characteristics of these devices proved to be practical for the early phases of 
Bangla NLP development when organizations lacked access to large labeled datasets and graphical 
processing unit (GPU) resources (Alam et al., 2021; Sen et al., 2022). 
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Research scientists began testing advanced traditional machine learning methods after publicly available 
datasets began to grow in size through community contributions and shared repositories and increasing 
interest in low-resource NLP. Researchers commonly selected kernel-based SVM models with RBF 
kernels and Decision Trees and Random Forests and XGBoost and LightGBM and CatBoost as their 
primary tree-based ensemble methods. The evaluation process for the models involved testing them on 
multiclass news classification benchmarks which featured thousands to tens of thousands of documents 
that researchers had collected from major Bangladeshi and West Bengal media outlets. 

The period showed that well-tuned tree-based ensemble models and linear models which used 
regularization techniques could achieve weighted F1-scores between 0.85 and 0.93 on balanced data sets. 
The methods proved successful for handling Bangla text because they used regularization techniques 
which kept learning within high-dimensional spaces and noise handling capabilities which could process 
actual text with code-mixing and dialectal variations and their design which matched with TF-IDF and 
count-based features. The process of feature selection followed by hyperparameter optimization brought 
enhanced model performance through better generalization ability (Sen et al., 2021; Chakraborty et al., 
2025). 

The introduction of deep learning methods created an essential transformation in Bangla text classification 
research. Studies from 2018 to 2020 used recurrent neural networks which included Long Short-Term 
Memory (LSTM) units and bidirectional LSTM (BiLSTM) models in their Bangla research. The system 
designs could establish sequence connections while maintaining sentence and document distance links 
which traditional bag-of-words systems were unable to accomplish. BiLSTM models performed better 
than traditional methods when tested on 10,000 to 50,000 sample datasets because they increased F1-
scores by 5 to 12 percentage points (Banik et al., 2019). 

The text adaptation of Convolutional Neural Networks (CNNs) which included Kim's 2014 architecture 
became widely used because of its ability to identify text patterns and n-grams and hierarchical features 
without needing to process sequences. The design of hybrid models combined convolutional layers which 
extracted features with recurrent layers which handled sequence modeling. The dual design of CNN-
LSTM and CNN-BiLSTM created hybrid systems which produced optimal results for both pure Bangla 
data and data that had undergone partial quality checks with F1-score performance reaching the 90s range 
for all multiclass evaluations. Deep learning techniques enabled models to learn from raw tokenized text 
by eliminating the need for manual feature crafting (Pramanik & Noor, 2025). 

Researchers used ensemble learning to gain more performance benefits while making their systems more 
resilient. The classical ensemble method worked by combining outputs from multiple standard classifiers 
through majority voting or weighted soft voting or stacking meta-learners. The method created steady 
improvements which produced results that extended between 1 and 4 percent improvements in F1. 
Researchers built neural architecture ensembles through LSTM and GRU and CNN and Transformer 
variants which they used to develop new AI-based systems that learned to combine their outputs through 
two methods: averaging probabilities or learned learning methods. The method of ensemble learning 
brought the advantage of obtaining helpful inductive biases which showed different behaviors across 
multiple model types (Mandal & Sen, 2014; Emon et al., 2019). 

The Bangla NLP research field has developed better predictive models but researchers have not studied 
how to make their models understandable to users. The overwhelming majority of published works focus 
exclusively on standard performance metrics—accuracy, precision, recall, F1-score 
(macro/micro/weighted), confusion matrices, and occasionally training/inference runtime—while 
providing almost no insight into why models assign particular labels to specific documents (Roy et al., 
2023). The system operates without any public access which creates security dangers because journalists 
must identify news stories according to established principles that protect confidential information. 
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The XAI community has adopted post-hoc interpretability methods that include LIME (Local 
Interpretable Model-agnostic Explanations), SHAP (SHapley Additive exPlanations), Integrated 
Gradients, and attention visualization as essential tools for understanding how complex models operate. 
The methods work well for text classification because they show which tokens, phrases, sentences, or 
contextual patterns most affect the predictions of particular text elements (Ahmad et al., 2022). The 
initial XAI applications which researchers tested in different low-resource Indic languages (Hindi, Tamil, 
Bengali variants) discovered that systems failed because they used named entities and emotional trigger 
words and domain-specific jargon and superficial lexical cues instead of proper semantic understanding. 

The field of Bangla research has investigated interpretability methods through only a few studies which 
applied these techniques to restrict their results to specific categories like binary sentiment classification 
and fake news detection. Users find post-hoc explanation techniques to provide better insights than 
attention mechanisms used in Transformer-based models which show attention noise through their weight 
patterns (Hossain et al., 2020). 

The combination of ensemble methods with explainability functions as a research area which remains 
underexplored in Bangla NLP studies. Ensemble methods work to improve accuracy while decreasing 
variance but they create challenges for interpretation because their final prediction comes from the 
combined action of all base learners. Researchers have proposed three methods to handle comprehension 
of ensemble systems through instance-level attribution handling across all ensemble components and 
direct explanation of fusion/voting methods and construction of interpretable surrogate models based on 
ensemble outputs. The Bangla literature lacks systematic research, which would fulfill two objectives by 
demonstrating predictive capacity through ensemble-based explanations (Yeasmin et al., 2021). 

The reviewed body of work has several important gaps which remain unaddressed. First, many studies 
continue to rely on small-scale, synthetic, crowd-sourced, or heavily preprocessed datasets that do not 
adequately reflect real-world Bangla news diversity, dialectal variation, code-mixing, orthographic 
inconsistency, or domain shift. The current evaluation protocols suffer from incompleteness because they 
fail to present essential practical aspects which include memory usage and inference speed and energy 
consumption and edge device deployment and especially interpretability. The decision-making process 
(how and why specific base models perform best on certain instances) needs to be examined through 
analysis and visualization whenever ensemble methods become operational. The Bangla news classification 
systems have no documented sociotechnical factors which they need to solve before entering service in 
Bangladesh West Bengal and throughout the worldwide Bangla diaspora (Rahman et al., 2021). 

The present study directly tackles these limitations by conducting a comprehensive, multi-faceted 
empirical investigation. The study uses a large realistic dataset which contains 11904 manually labeled 
Bangla news articles from verified Bangladeshi media outlets (Hasan et al., 2023). The evaluation process 
tests six classical machine learning classifiers against four modern deep neural architectures while it uses 
specially designed ensemble methods to enhance predictive performance and it employs a standard post-
hoc interpretability framework to create instance-level explanations. The research aims to develop 
dependable and trustworthy Bangla news classification systems through its dual pursuit of classification 
excellence and system transparency (Rahman, Khan, & Biswas, 2021). 
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3. Methodology  

This part talks about all the different parts of the experiment that were used in the study. This relates to 
the collection of the data and the process of how it could be obtained. It further relates to the text 
processing chain for the text data, how features could be extracted, the machine learning model 
architecture and the deep learning model architecture, the techniques of ensemble learning, the 
application of explainability, the experiment setup, the criteria of experiment evaluation, and ensuring 
the reproduction of the experiment results. 

Figure 1. This figure illustrates the complete research workflow, from data collection and 
preprocessing to model training, ensemble methods, LIME explainability, and performance 

evaluation. 
3.1. Dataset Description 
The study makes use of a real Bangla news corpus titled "Over 11,500 Bangla News for NLP," which was 
sourced from the Kaggle repository. This dataset contains 11,904 news articles originally gathered from 
reliable news websites of Bangladeshi origin. Each entry includes the article title, publication date, list of 
reporters, category label, and the complete text of the news. 

The articles are classified into four distinct categories: National, International, Sports, and Entertainment. 
The corpus consists of actual news pieces of varying sizes (ranging from short descriptions to lengthy news 
reporting). It reflects real-world data challenges, containing graphics, citations (omitted during 
processing), occasional grammatical errors, casual language, and discipline-specific terminology. To 
ensure data integrity, entries with missing reporter names were updated to 'Unknown,' making the 
dataset complete and accurate. The study relies entirely on these authentic Bangla news stories without 
using synthetic or external information sources (Ibrahim et al., 2021). 

With approximately 12,000 samples, the dataset provides a substantial volume for training both 
traditional machine learning models and medium-sized deep neural networks. Its compact size ensures 
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suitability for language applications with limited storage. Furthermore, the class distribution is relatively 
balanced, eliminating the need for extensive resampling processes. 

3.2. Text Preprocessing 
Effective preprocessing is essential for Bangla text due to its script complexity, conjunct characters, and 
variable word forms. The pipeline consists of the following sequential steps: 

1. Dealing with Missing Values: To prevent problems with processing, empty values in any field (which 
occurs rarely) are replaced with empty strings. 

2. Unicode Normalization: This edition does not express this statement, but it is assumed that you will 
provide your text already converted into standard Unicode normalization form NFC. 

3. Lowercasing: The entire text is converted to lowercase to reduce the vocabulary and ensure that the 
differences based on cases are balanced. 

4. Removing Digits: The regular expression is utilized to remove Bangla digits (০–৯). It removes 
unwanted digits since they don’t aid you in finding news. 

5. Python’s ‘string.punctuation’ set removes all the usual punctuation symbols, thereby making it 
impossible to use them as tokens. 

6. White Space ‘Normalization.Spaces’ at the beginning and end of strings and multiple spaces between 
words are eliminated by removing leading spaces, trailing spaces, and reducing multiple spaces to a 
single space.  

7. Stop-word Filtering: A list of 21 common Bangla stop-words (such as এ, ও, έয, έস, তা, এবং, 
কের, হয়, έথেক, যা, এর, এই, িক, না, έতা, হেত, আর, আিম, তΦ িম, সѕেকκ, জনҝ) is used 
to get rid of tokens that are high-frequency but low-information.  

 
After going through these steps for the content field, the cleaned content is placed together with the 
original title to produce the final input text. This way of putting the title and text together gets both the 
meaning of the headline and the information of the body.  

3.3. Feature Extraction for Machine Learning 
TF-IDF vectorization changes the combined text into numbers that normal machine learning models can 
use. The vectorizer has a limit of 5,000 features so that it can find a fair balance between speed and 
expressiveness. Because word-level unigrams with TF-IDF have worked effectively for Bangla news in 
the past, there are no extra n-gram features or custom tokenizers used. The generated sparse matrix is 
split into training (70%) and testing (30%) sets using a fixed random seed for reproducibility (Ikonomakis 
et al., 2005).  

3.4. Models for Machine Learning  
There are six classifiers that use different kinds of algorithms:  

 Logistic Regression - It is a linear probabilistic model with L2 regularization with a possible number 
of repetitions of 500. 

 LinearSVC is a SVM algorithm that is suited to text input with more than one dimension. 

 Ridge Classifier: A linear model that treats classification as regression by adding an L2 penalty.  
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 SGD Classifier: This is a stochastic gradient descent model based on logistic loss that can work with 
more than one class.  

 Multinomial Naive Bayes is a probabilistic model that works well with text counts and TF-IDF 
features.  

 XGBoost is a tree-based gradient boosting framework that has 300 estimators, a maximum depth of 
6, and a learning rate of 0.1.  

All models are trained on the same TF-IDF training set with the default hyperparameters, except for some 
that are changed to make them more stable (for example, by making it take longer to reach convergence).  

3.5. Deep Learning Models 
The Keras Tokenizer breaks up the joined text into tokens that can be used in the deep learning pipeline. 
It only works with the 10,000 most common words. There are always 250 tokens in a sequence, so they 
are either taken away or added to. Labels in a 4D category format use one-hot encoding. The training and 
testing sets are split into two groups using the same random seed. 20% of the data is used for testing, and 
80% is used for training (Liang & Yi, 2021).  
Four neural architectures are developed: 

 Basic LSTM: This is a single-layer LSTM with 64 units and a softmax output that is very full.  

 Stacked LSTM: There are two LSTM layers. There are 64 units in the first one and 32 units in the 
second one.  

 GRU: To save space, there is only one Gated Recurrent Unit layer with 64 units.  

 CNN-LSTM Hybrid: A Conv1D layer with 64 filters and a kernel size of 3, followed by max-pooling, 
and then an LSTM layer with 64 units.  

The embedding layer in all of the models has 10,000 input dimensions and 64 output dimensions. We 
also use the Adam optimizer, categorical cross-entropy loss, and a batch size of 128. Training is limited 
to three epochs to prevent overfitting on the small dataset while monitoring the model's convergence.  

3.6. Ensemble Strategies 
For each paradigm, there is a different way to use an ensemble: 

 ML Ensemble: To get the most out of the four best linear models (LinearSVC, Ridge Classifier, 
Logistic Regression, and SGD Classifier), we use hard voting.  

 DL Ensemble: The three deep models that work best (Simple LSTM, CNN-LSTM, and Stacked 
LSTM) vote on which one is the best. You can make predictions by taking the mode of each model's 
output (Mohammed & Kora, 2022). 
These groups strive to bring together diversity and stability to make it easier to generalize.  

3.7. Explainable AI Implementation 
For two common ML models, the Ridge Classifier (a linear high-performer) and the Multinomial Naive 
Bayes (a probabilistic baseline), we apply Local Interpretable Model-agnostic Explanations (LIME). To 
explain single cases, LIME changes the input text and fits a linear surrogate model that can be 
comprehended in the area where it is used (Cesarini et al., 2024). The explanation reveals the 10 words 
or phrases that have the most impact, good or bad, on each predicted class. There is an HTML output 
with a white background for explanations, which makes them simple to see. They are also stored as files 
for more detail (Madi et al., 2024).  
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3.8. Experimental Setup and Evaluation 
We use Python 3.x for all of our tests, LIME for explainability, TensorFlow/Keras for DL, and scikit-
learn for ML. If you use a random seed of 42 for the whole world, you can do everything again. GPUs do 
not need to speed up machine learning models. Deep learning models can run on CPUs, but they work 
best on GPUs like the Tesla P100. Some ways to measure are:  

 Correctness  

 F1-score, recall, and precision with weights  

 Matrices of confusion  

 Time to learn and make guesses  

 Learning curves for models that use deep learning  

 Visual LIME explanations to help you understand things better in a qualitative way  
 
The groups are about the same size, so stratified division is not always followed. But random seed 
consistency guarantees that the outcomes are always the same.  

3.9. Problems with Reproducibility and Ethics  
The whole pipeline is easy to predict because the seeds are set. The dataset comes from public sources, 
and any personal information has been removed. There is no information stored or processed that can be 
used to identify a person. We test all models on test sets that have not been used before to prevent data 
leakage. The research follows the guidelines for responsible AI by focusing on clarity and openness (Onan 
et al., 2016).  
 
This method offers a strong, repeatable way to test how well Bangla news classification works and how 
easy it is to understand. 

4. Results and Analysis  

This part shows all the test results from the evaluation process. We provide a comprehensive analysis of 
quantitative performance indicators for each classifier, various ensemble configurations, runtime 
comparisons, insights derived from confusion matrices, trends observed in learning curves, and qualitative 
interpretability outcomes from LIME explanations. The results come from the test set that was held back. 
This is to make sure that the test for generalization is fair. 

4.1. Performance of Individual Machine Learning Models 
When trained on the TF-IDF representation of the combined title and content features, the classical 
machine learning classifiers were able to make good predictions. The Linear Support Vector Machine 
(LinearSVC) was the best of the six models tested, with an accuracy rate of 92.36%. The Ridge Classifier 
was not far behind, at 92.22%. The SGD Classifier and Logistic Regression both earned 91.94%, while 
the XGBoost got 90.99%. Multinomial Naive Bayes came in last with a score of 90.40%. This means that 
its strong assumption of independence does not work well with news stories, which often feature text 
patterns that are very related.  

The confusion matrix in Figure 2 shows the classification performance of the best single ML model 
(LinearSVC, 92.36% accuracy), highlighting correct predictions and errors across the four classes. 
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Figure 2. Confusion Matrix of LinearSVC (Best Individual ML Model – 92.36% Accuracy). 
 

Figure 3 shows a chart comparing the key metrics (accuracy, precision, recall, F1-score) of the LinearSVC 
model, demonstrating balanced performance around 92.3–92.4%. 

 

Figure 3. Performance Metrics of LinearSVC (Accuracy, Precision, Recall, F1-Score). 
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The weighted precision, recall, and F1-scores were all extremely close to the accuracy in all of the models. 
The best balance across the four classes was with LinearSVC, which had 92.38% precision, 92.36% recall, 
and 92.35% F1-score. The linear models (LinearSVC, Ridge, Logistic Regression, and SGD) always did 
better than the tree-based and probabilistic models. This means that they work well with text data that is 
sparse and has a number of dimensions. XGBoost has a more sophisticated gradient boosting framework, 
but it did not work better than the basic linear models. This suggests that adding more steps did not assist 
in this case. The metrics for Multinomial Naive Bayes were the worst, perhaps because it did not explain 
how features worked together very well.  

Table 1 summarizes the accuracy, weighted precision, recall, F1-score, and runtime of the six classical 
machine learning models evaluated on the Bangla news test set. Tests done while the computers were 
running showed that they worked considerably differently. The fastest option was Multinomial Naive 
Bayes, which finished training and inference in less than 0.01 seconds. It took roughly 0.14 seconds for 
the Ridge Classifier and LinearSVC to finish, and about 0.07 seconds for the SGD Classifier. It took 1.90 
seconds for Logistic Regression to work since it had to go through a process of optimization that happened 
over and over. XGBoost took the longest, 58.66 seconds, because it had to make a lot of trees and adjust 
the slopes at the same time.  

 

Table 1. Performance Comparison of Individual Machine Learning Classifiers 
Model Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
F1-Score 

(%) 
Runtime 

(sec) 

Logistic Regression 91.94 92.02 91.94 91.94 1.90 

LinearSVC 92.36 92.38 92.36 92.35 0.14 

Ridge Classifier 92.22 92.29 92.22 92.21 0.13 

SGD Classifier 91.94 92.01 91.94 91.94 0.07 

Multinomial Naive 
Bayes 

90.40 90.60 90.40 90.43 0.01 

XGBoost 90.99 91.05 90.99 90.98 58.66 

 

4.2. Machine Learning Ensemble Performance 
We constructed a hard-voting ensemble by putting together the Ridge Classifier, Logistic Regression, 
and SGD Classifier, which are the three best linear classifiers. The total performance of this group was 
the best, with an accuracy of 92.55%, a precision of 92.58%, a recall of 92.55%, and an F1-score of 
92.55%. The fact that it got better by about 0.19 percentage points above the best single model 
(LinearSVC) shows how useful it is to integrate different decision limitations, especially when the models 
disagreed on cases that were on the edge or unclear. The ensemble performed a wonderful job of retaining 
the class balance, and the whole prediction phase only took 1.69 seconds. This shows that linear model 
ensembles are still useful even when there are multiple predictors.  

Figure 4 displays the improved performance of the ML hard-voting ensemble (92.55% accuracy), with 
reduced misclassifications compared to individual models. Meanwhile, Figure 5 presents the accuracy, 
precision, recall, and F1-score of the ML ensemble, showing a small but consistent gain over the best 
single ML model. 
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Figure 4. Confusion Matrix of ML Ensemble Using Hard Voting (92.55% Accuracy). 
 

The confusion matrix analysis of the ML ensemble showed that the most common mistakes were made 
between the International and National categories. This is probably because both groups use the same 
kinds of geopolitical terminology and ideas. The categorization rates for Sports and Entertainment goods 
were almost perfect since the words used to describe them were very different.  

 

Figure 5. Performance Metrics of the ML Ensemble Model. 
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4.3. Performance of Individual Deep Learning Models 
The deep neural architectures always did better than the machine learning models when it came to making 
predictions. The Simple LSTM was the best single model, with an accuracy of 95.46%, a weighted 
precision of 95.50%, a recall of 95.46%, and an F1-score of 95.46%. The CNN-LSTM hybrid came in 
second with 95.42%, which indicates how useful it is to combine convolutional feature extraction with 
recurrent sequence modeling. The GRU obtained 94.79% and the Stacked LSTM only got 93.53%. This 
might be because the extra layer that keeps coming back made it more likely to fit too well. Figure 6 
shows training and validation accuracy curves over epochs for the Simple LSTM model, indicating smooth 
convergence without significant overfitting. 

 

Figure 6. Learning Curves Accuracy of Simple LSTM (95.46% Accuracy). 
 

Figure 7 illustrates the decreasing training and validation loss over epochs for the Simple LSTM model, 
confirming stable convergence. 

 

Figure 7. Learning Curves Loss of Simple LSTM (95.46% Accuracy). 
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Table 2 reports the accuracy, weighted precision, recall, and F1-score achieved by the four deep learning 
models (Simple LSTM, Stacked LSTM, GRU, CNN-LSTM Hybrid) on the Bangla news classification task. 
All of the deep models did well for each class, and the weighted metrics were quite close to accuracy. 
This means that there were not many difficulties with imbalance. The training only took three epochs, 
but the validation curves showed that they came together quickly. At the end of the last epoch, the Simple 
LSTM had a training accuracy of 96.83% and a validation accuracy of 95.46%. There was a clear drop in 
the validation loss and a clear rise in the validation accuracy. This means that the model was learning 
slowly and not getting too good at it. 

Table 2. Performance Metrics of Individual Deep Learning Architecture 
Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Simple LSTM 95.46 95.50 95.46 95.46 

Stacked LSTM 93.53 93.51 93.53 93.51 

GRU 94.79 94.80 94.79 94.77 

CNN–LSTM Hybrid 95.42 95.43 95.42 95.42 

 

4.4. Deep Learning Ensemble Performance 
The best result from the whole study came from the majority vote of the three best deep models: Simple 
LSTM, CNN-LSTM, and Stacked LSTM. The accuracy was 95.76%, the precision was 95.77%, the recall 
was 95.76%, and the F1-score was 95.75%. This small improvement over the best single deep model 
shows that using a mix of models in an ensemble can help make predictions that are more accurate and 
work in more situations. Even though it had to go via three different networks, the ensemble still required 
a fair length of time to make a choice, about 1.60 seconds.  

Figure 8 depicts the superior classification results of the DL majority-voting ensemble (95.76% accuracy), 
with minimal errors across all categories. Figure 9 summarizes the top performance of the DL ensemble 
(95.76% accuracy), highlighting its advantage over ML approaches. 

 

Figure 8. Confusion Matrix of DL Ensemble with Majority Voting (95.76% Accuracy). 
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Figure 9. Performance Metrics of the Deep Learning Ensemble. 

 

4.5. Comparative Performance Summary 
The ensemble of deep learning got the most right: 95.76%. This was 3.21 percentage points better than 
the best ML group. This comparison shows that neural networks are better than other types of 
architectures at finding both sequential and contextual dependencies in Bangla news articles. The ML 
ensemble, on the other hand, was far better at math since it learnt and made predictions much faster than 
deep models. It was easy to understand how the entire ML process worked. But it was harder to see deep 
models after the incident (Li et al., 2022). Table 3 compares the predictive performance (accuracy, 
precision, recall, F1-score) and inference runtime of the best ML ensemble (hard voting) and DL 
ensemble (majority voting). 

Table 3. Comparative Performance of Machine Learning and Deep Learning Ensembles 
Ensemble Type Accuracy 

(%) 
Precision 

(%) 
Recall 

(%) 
F1-Score 

(%) 
Runtime 

(sec) 

ML Ensemble (Hard 
Voting) 

92.55 92.58 92.55 92.55 1.69 

DL Ensemble (Majority 
Voting) 

95.76 95.77 95.76 95.75 1.60 

 

4.6. Qualitative Insights from LIME Explanations 
We built LIME explanations for the Multinomial Naive Bayes and the Ridge Classifier to help users 
understand two common ML models better on a case-by-case basis. Both models showed that for 
Entertainment articles that were accurately detected, the most relevant positive criteria were domain-
specific keywords including star names, movie titles, release dates, and media-related terms. These 
explanations were very similar to what people would expect, which made it seem like the models used 
semantically relevant signals instead of deceptive connections (Tiwari, 2024).  
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Figure 10 displays the LIME visualization highlighting influential words for a correctly classified 
Entertainment article using the Ridge Classifier, showing reliance on relevant domain-specific terms. 

 

 

Figure 10. LIME Explanation for a Correctly Classified Sample (Entertainment – Ridge 
Classifier). 

 

The LIME visualization in Figure 11 reveals feature contributions for a misclassified 
National/International case, exposing over-reliance on overlapping surface-level terms. 

 
Figure 11. LIME Explanation for a Misclassified / Borderline Case (National vs. International). 
 

LIME showed that people relied too much on surface-level features, like geographical names that were in 
both International and National publications, in cases that were not obvious or possibly misclassified 
(Gurrapu et al., 2023). The weights of a regularized linear model were expected to be smoother and 
more evenly spread out than those of Multinomial Naive Bayes. These visual and numerical insights make 
consumers more likely to trust the system and demonstrate where it needs to be improved in the future, 
including how to better handle overlapping domain terminology (Mathews, 2019).  

4.7. Key Observations and Implications 
The results show that performance and efficiency are in sync. Deep learning ensembles are the best choice 
if you need the most accurate predictions (95.76%) and have ample computing power. The ML ensemble 
(92.55%) works almost as well as the other models, but it uses less power and is easier to understand. It 
is considerably easier to understand old models with LIME explanations. This lets those who are 
interested in the project go over the choices and find any problems that might come up (Kamath et al., 
2018).  

These results demonstrate that the ideal way to sort Bangla news in the real world would be to utilize 
hybrid deployment strategies. These use quick ML models for the first high-throughput filtering and deep 
ensembles for decision making. Post-hoc interpretability makes sure that both expected accuracy and 
trustworthiness in people are taken care of.  
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5. Discussion 

 The above studies from the previous sections revealed interesting trends and effects related to the 
compromises between the speeds, accuracy, and understandability regarding the sorting of Bangla news. 
This section addresses the major points, places the study within the larger context of language processing 
for low-resource languages, highlights the flaws with the current study, and proposes ways to do better 
in the future. 

The deep learning ensemble had the highest overall accuracy of 95.76%. This is an improvement of 3.21% 
above the top performing set of machine learning models. This result is consistent with what has long 
been known regarding how structures in the human brain facilitate the detection of complex sequential, 
contextual, and hierarchical patterns that are inherent in natural language. The Simple LSTM model 
attained an accuracy of 95.46%, followed by the CNN-LSTM hybrid model, which achieved 95.42%. 
That means even a basic kind of recurrent and hybrid models can learn to represent Bangla news content 
accurately on being trained on a medium-sized dataset. The use of majority voting in this ensemble 
reduced the gap between the clusters and helped the generalization. This means that with different sorts 
of architectures, such as convolutional-recurrent and recurrent, a system is much more stable (Chattaraj 
& Chimalakonda, 2025). Table 4 highlights the trade-offs in training time, prediction time, resource 
requirements, and key advantages between ML ensembles, individual DL models, and DL ensembles. 

Table 4. Computational Efficiency and Resource Usage Trade-offs. 
Model / 

Ensemble 
Training 

Time (sec) 
Prediction 
Time (sec) 

Resource 
Usage 

Key Advantage 

ML Ensemble ~2–60 1.69 Low (CPU) Fast deployment and 
interpretability 

DL Individual (e.g., 
Simple LSTM) 

~8–10 per 
epoch 

0.68–1.02 High (GPU) High predictive 
accuracy 

DL Ensemble N/A 1.60 High Best overall 
performance 

 

On the other hand, the mean machine learning ensemble got 92.55% of the questions correct with 
minimal cost. The most regularly used types of machine learning methods in this competition were linear 
models, including the LinearSVC, Ridge Classifier, Logistic Regression, and SGD Classifier. This shows 
that TF-IDF representations still work well for Bangla text data that is sparse and has a lot of dimensions. 
It is a little easier to understand when you put these linear predictors together. This means that if you 
have different decision constraints, you can get better results without utilizing more complicated tree-
based or neural methods. The linear family outperformed both XGBoost and Multinomial Naive Bayes. 
This means that adding more features to the model might not help in this case. 

 

One of the most significant things we learnt is that being efficient and being good at something are not 
the same thing. Deep ensembles take a long time to learn and make predictions (a few seconds each epoch 
on GPU). On a CPU, the ML ensemble can do it in less than two seconds. This distinction is quite 
important when utilizing it in real life, as in mobile apps, local news aggregators, or places with slow 
internet, which is common in Bangladesh and nearby areas. If you need to quickly look at a lot of data, 
like filtering news in real time or censoring social media posts, the ML pipeline is the ideal way to do it. 
It does not lose much of its predicitve ability (Yuan et al., 2024). 



Hussen et al. (2026). Explainable AI-Driven Bangla News Classification 

 Journal of Applied Technology and Innovation (e-ISSN: 2600-7304)   Vol. 10, No. 1 (2026) 57  

  
Another important thing to think about is how easy it is to get. You can easily understand traditional linear 
models because the weights of the features show how important each word is, and you can check the 
predictions by hand. LIME explanations make this extra clearer by showing how models use specific 
keywords from a category, like actor names for entertainment and geopolitical ideas for international, to 
construct classifications that are correct at the instance level. These explanations also bring up problems, 
such relying too much on surface cues (like location names that mix up International and National 
categories), which makes it clear what needs to happen next (Suneera & Prakash, 2020). 

 Deep models are more accurate, but they are hard to understand. Attention approaches may yield 
restricted insights, although they frequently do not generate logical arguments for people. The current 
study intentionally directed LIME towards ML models to underscore its transparency benefit. This 
alternative makes a valid point: where explainability is important (as when following rules, checking for 
bias, or using media tools that the public can see), machine learning ensembles with post-hoc explanations 
might be the best choice. 

 A step further is the analysis of the pattern of misclassification that was observed. The International and 
National categories being grouped into one were probably due to their heavy use of common words, such 
as country names, diplomatic talk, and political personalities. On the other hand, news articles with 
regards to sports and entertainment were close to correct classification, using less common words. What 
follows from the results, therefore, is that future research might include domain adaptive feature learning 
or sub-models for the better classification of similar class labels. 

When looked at from a broader perspective, the results demonstrate that hybrid approaches work 
effectively for languages with fewer resources. Deep learning is still getting better at being accurate, but 
classical ML is still very beneficial when there is less data, few computers, or when it is more vital to be 
able to interpret the results. Adding explanations like those in LIME-style makes the difference between 
how well something works and how much you can trust it smaller. This is a very important need in Bangla 
NLP, where automated technologies are changing the way people share information in a big way. 

There are several considerations. Firstly, the dataset is realistic and has a lot of articles (11,904), although 
it is not as big as the ones that language researchers with a lot of resources usually use. This restriction 
makes deep models less useful because they usually work better with a lot more data. Second, 
preprocessing was kept simple (only deleting stop words, no stemming or lemmatization) so that the 
results could be repeated and the main goal could be to compare models. It would be even better if there 
were more complex tools that just worked with Bangla. Third, we only trained the deep models for three 
epochs so they would not fit very well. More training with early stopping or regularization might help 
even more. Lastly, only ML models used LIME to explain things. It is still feasible to make deep ensembles 
easier to understand after the fact. Such constraints will also provide us insight into how to proceed in a 
positive manner. Deep networks may significantly outperform if there can be additions of pretrained 
language models that are specific to the Bangla language, such as BanglaBERT. Sophisticated preprocessing 
methods, including rule-based methods for stemming and lemmatization along with named entity 
recognition, may contribute to noise reduction and boosting the generalization capability of the proposed 
model. An appropriate comparison of different methods of XAI may provide further insights apart from 
the proposed approaches, which may include methods like SHAP and Integrated gradients for deep 
networks. 

This paper demonstrates the capability of achieving high accuracy, efficient computation, and simple 
interpretations concurrently while dealing with news categorization of the Bangla language. The deep 
ensemble model performs the best and is the most suitable one for prediction purposes, while the ML 
model with the help of LIME interpretations is the most convenient one. All of these pieces provide a 
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way to create systems that are flexible, reliable, and adaptable to various digital environments where the 
Bangla language is spoken. 

6. Conclusion and Future Work 

This study solved major obstacles which Bangla natural language processing faces during multiclass news 
classification in low-resource environments. This was done by solving two main challenges which 
required high accuracy predictions together with transparent operations and efficient resources and real-
world operational capacity. A complete empirical assessment of machine learning methods was conducted 
against deep neural networks through the evaluation of 11,904 Bangla news articles collected from 
authentic Bangladeshi news sources. The news articles were collected using classical machine learning 
classifiers and deep neural network methods ensemble techniques, while using LIME post-hoc 
interpretability on certain ML models. 

The results show that deep learning ensembles achieve the best classification results through their ability 
to capture sequenced and context-specific patterns from Bangla text. At the same time, machine learning 
ensembles achieve results which approach competitive levels while needing fewer resources and 
delivering faster CPU processing times and providing LIME explanations which show the significance of 
features and their associated limitations by showing when models depend too much on similar domain 
terms. 

The framework achieves its purpose by delivering accurate predictions through efficient operations which 
maintain system transparency, thereby creating trustworthy Bangla news classification systems. The 
hybrid approach meets social accountability standards for operating news aggregation platforms and 
misinformation detectors and content recommendation engines and automated media monitoring tools 
in Bangladesh and West Bengal and among Bangladeshi speakers who live abroad. 

The current dataset contains realistic substantial size but it falls short of the dataset size from high-resource 
languages which limits deep model generalization abilities. The researchers used simple preprocessing 
techniques to achieve reproducibility while LIME application focused on ML models as the main target. 
The researchers plan to improve performance through pre-training Bangla language models which include 
BanglaBERT and its variants which have shown success in text classification. The researchers plan to 
develop an advanced system through three core areas which include creating advanced Bangla-aware 
preprocessing capabilities which consist of stemming and lemmatization and named entity recognition and 
creating new XAI techniques which will join the existing techniques of SHAP and Integrated Gradients 
for deep ensembles while testing the system through cross-domain transfer learning and bias analysis and 
adversarial robustness testing and user studies. This study shows that a special combination of high 
accuracy and efficiency, together with interpretability produces complementary results which scientists 
can use to create secure and socially responsible Bangla NLP systems that better serve digital information 
systems in low-resource areas. 
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