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ABSTRACT: Sentiment analysis is essential across all languages, given its widespread use in movie reviews. Regrettably,
there is a shortage of benchmark materials for Bangla movie evaluations, including standard datasets and research
studies. One of the significant contributions of this work is the development of a novel Bangla movie review dataset
compiled by 6 individuals over 4 to 6 months. The dataset comprises movie reviews collected from YouTube using
a JavaScript crawler. In this investigation, a novel dataset of 22,289 ratings of different Bangla movies from YouTube
videos has been gathered. Next, the evaluations were carefully annotated by six native speakers of Bangla. The main aim
of this research is to use multi-models to detect the sentiments of Bangla movie reviews with high accuracy and to use
Explainable Artificial Intelligence (AI) to get the reason behind the performance pattern of the particular models. We
did an empirical study on 10 deep learning (DL) models and 6 different machine learning (ML) approaches, 4 transfer
learning (TL) models, and a stacking ensemble model, whose base classifiers were the 10 DL models. Both train-test
splitting and 10-fold cross-validation were applied for evaluation. Under 10-fold cross-validation, our stacking model
achieves 94.91% accuracy and an Fl-score of 0.95 (94.58% and 0.95, respectively, under the holdout protocol). Statistical
significance was assessed using fold-level Friedman tests (10-fold cross-validation accuracies as repeated measures)
within each model family, followed by Holm-corrected pairwise Wilcoxon signed-rank post-hoc tests. The omnibus
tests were significant for all families (p < 0.05), and post-hoc comparisons confirmed that Random Forest, nBERT, and
the stacking ensemble significantly outperformed most within-family competitors and the best representative model
of each competing family. A supplementary one-sided Wilcoxon signed-rank test across five random seeds provided
additional, limited-sample evidence that the stacking ensemble consistently outperforms the runner-up RNN model.
This study also analyzes the factors that influence the performance of models at both local and global levels using
the Local Interpretable Model-agnostic Explanation (LIME) and SHapley Additive eXplanation (SHAP) provided by
explainable AL

KEYWORDS: Movie review analysis; bangla dataset; machine learning; deep learning; transfer learning; ensemble
learning; stacking model; explainable Al

Copyright © 2026 The Authors. Published by Tech Science Press. This work is licensed under a Creative Commons Attribution 4.0 International
License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://www.techscience.com/journal/IASC
https://www.techscience.com/
https://doi.org/10.32604/iasc.2026.086675
https://www.techscience.com/doi/10.32604/iasc.2026.086675
mailto:anupam@cse.ku.ac.bd

270 Intell Autom Soft Comput. 2026;41

1 Introduction

Sentiment analysis is the method of determining the sentiment or emotional content of a corpus of
textual information [1]. It can pick up on the affective connotations and the point of view represented by
the specific words that are used to express them. Sentiment analysis (SA) is an important subfield of natural
language processing (NLP) and is crucial in extracting insights from textual data [2]. Sentiment Analysis is
basically aimed at measuring human opinions, attitudes, and emotional states. The focus is on the detection,
categorization, and measurement of the author’s positive or negative thoughts, feelings, and attitudes about a
given topic. This is done by looking at the explosion of popularity of movie review analysis applications and
the lack of resources for Bangla movie review analysis.

1.1 Motivation of the Study

Bangla movie reviews are a good way for reviewers to rate a movie’s quality and recommend it to
others [2,3]. Movie enthusiasts can decide whether to watch, rent, or purchase the movie without revealing
significant plot details or shocks. Although Bangla is one of the predominant languages spoken by nearly
250 million people, of which 160 million are Bangladeshis, Bangla is still in its early stages of development
for digital resources and tools compared to other rich languages such as English, Arabic, Turkish, etc. [4].
Most sentiment analysis research and publicly available datasets are limited to English and other languages
with abundant resources, such as Arabic, Turkish, Hindi, Gujarati, and many more [4]. Bangla, known for its
complex morphology, has a linguistic legacy that has developed over thousands of years, manifested in the
diversity of its dialects, and deeply embedded in long-standing cultural traditions. To effectively capture the
mood conveyed in Bangla writings, intelligent AI methodologies are required, given the language’s complex
structure, multiple dialects, and cultural intricacies. SA in Bangla movie reviews has several applications,
such as marketers, advertisers, recommendation engines, movie quality evaluation, examination of market
trends, market research, economic indicators [5], movie recommendation systems, classifying films [2],
understanding public opinion on a movie industry [3], etc. All these trending applications in movie review
analysis and the lack of resources in the Bangla language greatly motivated us to work in this domain.

1.2 Contributions of the Study

The main objective of this work is to analyze user sentiment in Bangla movie comments on YouTube
and to build an automated system to detect sentiment from Bangla movie reviews. Machine Learning (ML),
Deep learning (DL), and Bidirectional Encoder Representation from Transformers (BERT) techniques have
been used to predict positive and negative attitudes in the majority of studies on multi-class SA. This work
aims to employ learning models from different domains to identify the feelings expressed in Bangla movie
reviews, creating a new dataset. The following are the primary contributions that have been discovered in
the article:

1. Develops a novel dataset of 22,289 reviews collected from Bangla YouTube movies and annotates them
as positive or negative by six native speakers.

2. Introduces the proposed stacking ensemble model consisting of 10 different DL models as base
classifiers, which outperforms the others, obtaining an outstanding accuracy of 94.91% under the 10-fold
cross-validation protocol.

3. Utilizes LIME and SHAP modules from explainable Al to interpret the reason for a model’s performance.

The structure of this article is as follows: Section 2 discusses the recent literature, Section 3 presents the
research methodology for Bangla movie review analysis, Section 4 presents the study and discussion of the
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experimental results, Section 5 describes the limitation and future relevant works, and Section 6 concludes
the work.

2 Related Works

Here are some recent studies on the sentimental analysis of Bangla movie reviews. Each approach has
both efficiencies and pitfalls compared to other methods.

Linetal. [6] proposed a bi-directional flow weighted regression method to reveal the knowledge of social
media sentiment scores predicted by large language model (LLM). The technique they use is explainable
artificial intelligence and an analysis of a regression type to identify the language elements that are most
representative of the classification of sentiment, thus adding transparency and interpretability to the model.
Ernie large language model achieved the highest accuracy with an overall accuracy score of 0.921 (92.1%),
which is better than ChatGPT 3.5, BERT, RoBERTa, RBTL3 (a 3-layer distilled RoBERTa-wwm-ext-large
variant), ELECTRA, and SnowNLP. The research highlights that explainability methods could be beneficial
for gaining semantic understanding of sentiment prediction tasks and improve the certainty of LLM-based
sentiment analysis. The main empbhasis is on understanding sentiment from social media rather than Bangla,
and it does not discuss the creation of an open access Bangla movie review sentiment classification dataset.
While it has some advantages, the data for this research is only available at the provincial level, which is
less precise than the national level; and the data comes only from a single platform (Weibo), and might be
subjected to sentiment bias because of the moderating effect. The proposed study, however, proposes a large-
scale Bangla movie review dataset for its study, a comprehensive comparison of both machine learning, deep
learning, transfer learning, and ensemble models, as well as sentiment classification using SHAP and LIME
for a low-resource language.

Transformer models have proven to be a success for sentiment analysis tasks in low-resource languages
in recent years. Chattu et al. [7] created the multi-domain annotated Telugu sentiment classification dataset
called Sentikanna and tested the performance of various transformer-based models, such as IndicBERT,
RoBERTa, DeBERTa, and XLM-RoBERTa. They found that with other transformer models, XLM-RoBERTa
achieved the top accuracy of 79.42% on their recipe review data. The study highlighted the advantages of
using multilingual transformer models for acquiring context-specific and semantic knowledge in resource-
limited languages. However, the authors pointed out that one of the main challenges with low-resource
language sentiment detection is the lack of high-quality annotated language corpora, so there is a need for
more research on other under-resourced languages such as Bangla.

Rifa et al. [8] proposed a transformer-based framework (CineXDrama) to analyze movie and drama
comments in Bangla from social media (YouTube platform). The study demonstrates the use of Bangla-
BERT model and explainable artificial intelligence methods such as LIME to increase the interpretability
of the model. The Bangla-BERT model achieved the highest accuracy of 93.30% in sentiment analysis. It
was well performed but primarily focused on the comments from YouTube, and not on particular movie
review datasets.

Mirza et al. [9] analyzed some of the machine learning and transformer models for sentiment classifica-
tion in movies reviews. The study evaluated a number of algorithms for English movie review data sets of large
scale and demonstrated the effectiveness of the advanced algorithms. The research however was confined to
English datasets and didn’t consider low-resourced languages like Bangla. The best performance was obtained
in their empirical study by using BERT model. The BERT model achieved highest accuracy score of 0.93 in
the IMDB 50K dataset, 0.895 in the IMDB 20K dataset, and 0.76 in the Rotten Tomatoes dataset.
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The authors in [2] suggested a sentiment recognition approach for Bangla film reviews by using 1000
Bangla reviews collected from Facebook. They found their empirical results to be the most accurate (92.35%)
for Unigrams with the Random Forest classifier and 90.03% accuracy for Trigrams with the Random Forest
classifier, while the Decision Tree (DT) was the most accurate with Bigrams (89.50%). Another ML-based
method is proposed in [10]. To carry out bipolar sentiment analysis of the English movie reviews, they
gathered a dataset of user reviews from the IMDB website, which consists of more than 25,000 tagged
reviews. Several preprocessing steps were carried out to reduce the dataset’s dimensionality, such as stop
words removal, stemming, and so on. Three machine learning algorithms, namely Naive Bayes (NB), Logistic
Regression (LR), and Support Vector Machine (SVM), were studied in terms of precision, recall, Fl-score,
and accuracy. They compared the accuracy of the models they used, with SVM being the most successful
with 73%, while Logistic Regression (LR) showed 70%, and Naive Bayes (NB) 71%.

In work done by the authors of [11], they suggested a method using user ratings and number of stars
given by the IMDB website. For classification, they applied the SVM algorithm, and for studying the emotions
in the IMDB reviews, the star rating component was used. In [12] the authors explored the work on the
IMDB dataset from Kaggle. From the comparison of the implemented algorithms, Logistic Regression (LR)
was found to be the most efficient algorithm, which has an accuracy of 88%, while RF and KNN showed
78%, and 61% accuracy, respectively. Considering the wide use of Bangla language and its importance,
Reference [5] developed an approach to analyzing emotions in Bangla written texts. The authors tested a
number of machine learning algorithms—Logistic Regression (LR), Stochastic Gradient Descent (SGD),
Linear Support Vector Machine (L-SVM), Multinomial Naive Bayes (MNB), Bernoulli Naive Bayes (BNB),
SVM, DT, RE and a custom-made recurrent neural network named Long Short-Term Memory (LSTM)—to
determine which one best captured positive and negative sentiments from a dataset of 4000 Bangla movie
reviews collected from several online platforms. An accuracy of 84.25% was the best that was obtained.
The authors of [3] had discussed the significance of sentiment mining in the developing film industry of
Bangladesh. They performed classification on a dataset of 3000 reviews with the help of several ML classifiers
on the features derived from the TF-IDF using unigram, bigram, and trigram models. The best accuracy of
86% was obtained by their empirical study with MNB as the classifier and unigram as the features, while for
the bigram features the MNB classifier showed 85% accuracy. The authors analyzed movie reviews in [13]
using word embeddings and deep learning, explored embedding vector sizes of 150, 250, 350 and 450, and
applied six foreign language and Chinese datasets. They got the best accuracy of 86.87% with the SVM model
with the Word2Vec feature metric, which was an empirical study.

In [4], the authors proposed a method to automate examining viewer responses in Bangla movies in
2019 using a dataset of over 4000 tagged samples. The authors used the Long Short-Term Memory (LSTM)
and SVM algorithms. It achieved 88.90% accuracy with SVM (TF-IDF), 88.38% with MNB, and 82.42%
with LSTM. In another attempt, Reference [14] presented a technique for sentiment analysis (SA) of movie
reviews, whose sentiment would be positive or negative. The authors applied several preprocessing steps, like
tokenization to convert words into word vectors, stemming to extract the word root from the word, and gain
ratio for feature selection. They tested eight classifiers on a real-world data set with 42,926 tagged reviews
drawn from IMDB database using Naive Bayes (NB), Decision Tree (DT), SVM, Bayes Network (BN), KNN,
Ripper Rule Learning (RRL), Stochastic Gradient Descent (SGD), and RE. The dataset was split into 66%
for training and 34% for testing, and the classifiers were evaluated according to performance measures like
precision, recall, F-measure, accuracy and area under the curve (AUC). Among the tested classifiers, RF gave
the best results, achieving the highest precision (0.93), recall (1.00), F-measure (0.96), accuracy (96.01%),
and AUC (0.96), while the KNN model achieved a 92.92% accuracy score.
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2.1 Findings from Related Works

After studying the existing literature, we have identified several key observations with scope for further
research. A summary of recent works on movie review analysis is presented in Table 1. The subsequent
sections will demonstrate the key findings.

Table 1: Summary of existing works on sentiment analysis and movie review classification.

Evaluation

Reference Year  Dataset Used  Model Deployed (Accuracy) Advantages Disadvantages
Social media ChatGPT 3.5, . . Provincial-scale
sentiment BERT. RoBERTa Pr(?V1des explalr.labl.e . data; and
[6] 2026 dataset (10,860 RBTL3, 92.1% (Ernie LLM) Scntiment analysis with - single-platform
Weibo posts ELECTRA semantic interpretation (Weibo) sentiment
Chinese) SnowNLP, Ernie using XAl souree hn?lj[
generalizability
IMDB 50K, 0.935(0BI§)ROT;91;/IDB
IMDB 20K, NB. LR. SVM. DT (BERT—IMDB Provides comparative Limited focus on
[9] 2025 Rotten > RF’BERT’ ’ 20K) 0.76 analysis of ML and Bangla movie
Tomatoes ’ (BERT—R'otten transformer models reviews
Reviews
Tomatoes)
Introduces a .
SIIl{Se;l;lefu IndicBERT, multi-domain Telugu ]i:rllnfj Z_) ;i:fu
7] 2025 (Movie RoBERTa, 79.42% dataset and compares senti%neit)anal s}i,s-
Tourisn; DeBERTa, (XLM-RoBERTa) transformer models for o ex lainabley AI,
N XLM-RoBERTa low-resource sentiment p
Recipe) . techniques used
analysis
14,000 Bangla Bangla-BERT, Uses transformer Fggﬁ;?jbzn
(4] 2004 movie/drama Transformer- 93.30% models and comments rather
‘ YouTube based (Bangla-BERT) incorporates LIME for than direct movie
comments models interpretation .
reviews
[10] 2023 25,08(;;1{;;1ews LR. SVM. NB 70% (LR), 73% Offers suggestions for ~ Lacks theoretical
English)) ’ ’ (SVM), 71% (NB) industrial usage depth; dataset bias
92.35%
1000 Reviews DT RE MNB (RF;BJ.I(;;gDZam) Enhances sentiment ~ Very small dataset;
[2] 2023 (Bangla) KN)N ’L SVM’ (RE-Trigram) analysis for Bangla no explainable AI
’ 89.500% reviews used
o ()
(DT-Bigram)
Combines ML and Overfitting not
0, 0,
[12] 2023 IMD,B LR, RE, KNN 88% (LR), 78% NLP in a unified addressed; lacks
(English) (RF), 61% (KNN)
& R framework interpretability
. LR, SGD, L-SVM, . Small dataset; no
[5] 2021 40?&?‘;5“ MNB, BNB, SVM,  84.25% (LSTM) AgpLhtej E‘:;h ffi;:d explainable AT
& DT, RE, LSTM & approach used
86% Small dataset; uses
eviews , DT, RE, X -Unigram ocuses on Bangla .
B 2021 3000 Revi LR, DT, RE MNB (MNB-Unig ) F Bangl only basic 1’\/IL
: (Bangla) KNN, SVM, SGD 85% sentiment classification )r’no dels

(MNB-Bigram)

(Continued)
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Table 1 (continued)

Reference Year  Dataset Used  Model Deployed Evaluation Advantages Disadvantages
(Accuracy)
6 multilingual . .
datasets 76.23%-86.87% Covers diverse Insufficient
[13] 2021 . Word2Vec + SVM (Word2Vec + languages across investigation of
(Chinese and .
. SVM) datasets model behavior
Foreign)
88.90% Advances sentiment
[4] 2019 4000 Reviews SVM, MNB, (SVM-TFIDE) analysis in Bangla Small dataset used
(Bangla) LSTM 88.38% (MNB) Ycontext &
82.42% (LSTM)
. Lacks theoretical
42,926 Reviews  NB, DT, SVM, BN, 96.01% (RF) Offers practical insights  justification and
[14] 2019 (IMDB, KNN, RRL, RE, ) )
. 92.92% (KNN) for film review analysis model
English) SGD . .
interpretation

2.1.1 Lack of Publicly Available Standard Dataset

The data set is the most critical requirement for any classification/regression problem. The success of any
technical research primarily depends on the quality of the used dataset. The Bangla NLP research community
always faces the difficulty of the unavailability of standard resources, especially datasets and other technical
tools. In the aforementioned studies ([2-5]), the researchers used sets of only 1000, 3000, 4000, and 4000
instances for analyzing Bangla movie reviews, which is a primary concern in this study.

2.1.2 Very Few Attempts to Use Advanced Algorithms

In recent years it has been found that in most cases the deep learning algorithms are better than
traditional machine learning algorithms. As seen from the summary in Table 1, most traditional machine
learning algorithms are used to analyze the movie reviews. However, it is equally important to delve deep
into the different well-established deep learning and BERT-based transfer learning and other advanced
algorithms in this regard.

This study will consider these issues and make appropriate progress in Bangla movie review analysis.

2.1.3 Lack of Model Interpretability

In this era of artificial intelligence, there is no longer any excuse to treat a model or classifier as a black
box; now, it is required to understand a model’s behavior for classification. Although some recent research
has begun to apply explainable Al to related tasks such as Lin et al. [6] on social media sentiment and Rifa
et al. [8] on YouTube movie/drama comments using LIME. Sentiment analysis studies dedicated to Bangla
movie reviews using standardized datasets (see Table 1) have not fundamentally addressed this issue, and no
study has combined both LIME and SHAP for a comprehensive local and global interpretation.

2.2 Research Gap and How This Study Addresses It

The results obtained from related works are presented in Section 2.1, summarizing the research gaps that
were identified in the existing literature. The lack of a publicly available standard and diverse dataset is the
major drawback of the Bangla movie review sentiment analysis domain. This study proposes a new dataset:
22,289 reviews collected from Bangla YouTube movies, and six native speakers annotate them as positive or
negative with the result and perform the overall agreement analysis among the six annotators (Fleiss’ Kappa)
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and pairwise agreement analysis (pairwise Cohen’s Kappa) and make the developed dataset public. The
second gap of the existing literature is the thorough and rigorous experiments using traditional algorithms to
advanced algorithms on a standard dataset. The study compares six basic ML algorithms (BNB, SVM, KNN,
LR, MNB, RF), six basic DL models (CNN, RNN, LSTM, Bi-LSTM, GRU and Bi-GRU), four basic hybrid DL
algorithms (CNN-LSTM, CNN-GRU, CNN-BiLSTM, and CNN-BiGRU), and four transformer algorithms
(BERT, mBERT, Bangla-BERT, and DistilBERT). Furthermore, the proposed stacking ensemble framework
with ten different DL models as base classifiers is presented that shows that it has outperformed the currently
existing state-of-the-art methods with an outstanding accuracy of more than 94% from two different testing
methods: holdout and cross-validation strategies. The generalizability of the proposed framework is also
proved using six other external sentiment analysis datasets examining with our best models from different
domains. Another limitation is the limited applicability of the model’s interpretability, especially in the case of
Bangla movie review classification. Unlike [6,8] (for adjacent domains, social media and YouTube comments,
respectively), this study is directly applied to interpretability in the context of Bangla movie reviews with
both LIME and SHAP.

3 Research Methodology

This study aims to develop multiple ML, DL, and BERT-based models and a stacking ensemble model
capable of identifying positive and negative sentiments in Bangla movies, as illustrated in Fig. I, which
shows the system’s functioning procedure. The subsequent sections will discuss dataset preparation, data
preprocessing, feature extraction, and design algorithms.

IR ) IO

Evaluate Model Experimental
Performance Result Analysis

'

* Confusion matrix

Data
Preprocessing

'

* Remove emoji

Explainable Al

* SHAP Best
* LIME Model

Bangla Movies

Machine Learning
Vs

* Remove URL * Accuracy

Deep Learning
vs

* Clean text « Precision
Transfer Learning

* Tokenizer * Recall

* Pad sequence * F1score

* LSTM

* Bi-LSTM

* GRU

* Bi-GRU

* CNN-LSTM
* CNN-GRU

* CNN-BiLSTM
* CNN-BiGRU

* STACKING

* BERT

« Bangla BERT

* MBERT
* Distil-BERT

Figure 1: Research methodology for the sentiment analysis on Bangla movie reviews.

3.1 Dataset Preparation

For sentiment classification models to be reliable, a good annotated dataset is crucial [15]. But, there are
still limited datasets available in the public domain for Bangla sentiment analysis. This study proposes a new
Bangla movie review dataset sourced from YouTube to mitigate this issue and demonstrates its suitability for
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search and retrieval tasks. To accomplish this, a custom web crawler was designed, written, and implemented
in JavaScript, which helps to collect user comments from 35 Bangla movies, which are spread across the time
range 1950 to 2023, from which around half of the movies were released in the last 10 years (2015-2023) from
various age groups and from various movies. The final data set of movie reviews contained 22,289 movie
reviews, as detailed in the study’s documentation file (https://doi.org/10.5281/zenod0.22106939). Table 2
shows the movies that were used for data collection.

Table 2: List of movies.

SN Language Movie Release Year
1 Bangla Password (#iF7e3re ) 2019
2 Bangla Nirsartho Bhalobasha (i< sitam=m) 2022
3 Bangla Most Welcome (G5 ewzerei) 2012
4 Bangla Hridoy Bhanga Dheu (7% @ (58) 2017
5 Bangla Molla Barir Bou (& Aifgst <€) 2005
6 Bangla Goriber Tarzen (*¥@3 Sre) 2019
7 Bangla Palta Jobab (#r5t w@R) 2020
8 Bangla Tokai (GGr1R) 2023
9 Bangla Hero Alom The Power (21 == @i #itezie) 2018
10 Bangla Ammajan (@r=e ) 1999
11 Bangla Monpura (F77=T) 2009
12 Bangla Hajar Bochor Dhore (2es 722 4t7) 2005
13 Bangla Uttarer Sur (@m ) 2012
14 Bangla Leader Ami Bangladesh (ferer =ifar <iemom=) 2023
15 Bangla Golam (i) 2016
16 Bangla Shahosi Hero Alom (1251 fzat wii=1) 2020
17 Bangla Mar Chakka (31 ==t) 2017
18 Bangla Tumi Acho Tumi Nei (2% @@ ¢f t2) 2021
19 Bangla Sujon Majhi (75 =) 2023

20 Bangla Hero Alom The Gangster (et wtem @1 5151 2016
21 Bangla My Name Is Simi 2016

22 Bangla Paglami (sfie=n131) 2019

23 Bangla Most Welcome 2 ((°5 SGeo ) 2014

24 Bangla Prem Korbo Tomar Sathe (caw st coma reat) 2017

25 Bangla Shedin Bristy Chilo (* 375 f2) 2014

26 Bangla Gharer Bou (w7 <€) 1990

27 Bangla Boro Bou (¢ <€) 1988

28 Bangla Loafer 1997

29 Bangla Chowdhury Paribar (WA “ifr) 1998

30 Bangla Vidyasagar (fwimiers) 1950
31 Bangla Bir (3=) 2020

32 Bangla Valobasha Zindabad (S=mmt fw@m) 2013
33 Bangla Shopner Thikana (Ftz f5zr) 1995

34 Bangla Chotto Shongshar (@G &) 2011

35 Bangla Norom Gorom (7= *17%) 1984
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3.2 Annotation Workflow and Quality Control

The dataset construction process consisted of several distinct stages such as manual quality screening,
removal of sarcastic and irrelevant reviews, independent sentiment annotation, inter-annotator agreement
analysis, and tied data removal. These stages served different purposes and were conducted separately.

3.2.1 Manual Quality Screening

After the initial collection of 24,289 YouTube movie reviews, a manual quality screening process was
conducted to identify reviews unsuitable for binary sentiment analysis. This stage focused exclusively on data
quality rather than sentiment labeling. Reviews containing sarcasm, irony, advertisements, spam, duplicated
content, incomplete text, and other non-opinionated or irrelevant information were identified and removed.

The screening procedure involved manual examination and cross-checking among the designated
reviewers to improve consistency in identifying unsuitable content. A total of 1500 reviews (see more details
in Section 3.2.2) were excluded during this stage. As a result, 22,789 reviews remained and were subsequently
forwarded to the independent sentiment annotation stage.

Importantly, the quality screening decisions were not used to calculate inter-annotator agreement
for sentiment classification. The agreement analysis reported in this study was based on the independent
positive/negative sentiment annotations described below.

3.2.2 Removal of Sarcastic and Irrelevant Reviews

After collecting the reviews, a manual quality-control procedure was applied to identify content
unsuitable for sentiment annotation. A total of 24,289 reviews were initially collected. Four of the six
annotators (four graduate students) participated in this screening stage. The reviews were divided between
two initial reviewers, with Annotator 1 examining 12,144 reviews and Annotator 2 examining 12,145 reviews.
They identified 824 and 676 unsuitable reviews, respectively. The identified reviews included sarcastic or
ironic pieces of content, spam, advertisements, duplicate entries, incomplete text, and other irrelevant or
non-opinionated content.

The reviews identified during the initial screening were subsequently re-examined by two additional
annotators. Annotator 3 reviewed the 824 reviews identified by Annotator 1, while Annotator 4 reviewed
the 676 reviews identified by Annotator 2. Both Annotators 3 and 4 agreed to delete all the instances
suggested by the initial two quality screen annotators (Annotators 1, and 2). Following this verification,
all 1500 reviews were excluded from further annotation. Thus, 22,789 reviews remained for independent
sentiment annotation. Fig. 2 illustrates the quality-control process.

Sarcastic reviews were excluded because their intended sentiment may differ from their literal wording,
which can introduce ambiguity during sentiment annotation. Table 3 provides examples of such cases. For
example, positive expressions such as “SPEEY” (amazing) and “W4” (excellent) may be used to express
negative opinions, while negative expressions may occur in positively intended statements. Such cases are
difficult to interpret using lexical information alone and may introduce noise into sentiment classification.

3.2.3 Independent Sentiment Annotation

The remaining 22,789 reviews were independently annotated by six native Bangla speakers, including
four graduate students and two faculty members. Each annotator assigned one of two sentiment labels,
positive or negative, to every review without access to the labels assigned by the other annotators. Thus, each
retained review received six independent sentiment judgments.
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itrelevankreviews Verification (Annotator 3)

824 sent 824 deleted

-
Initial Screening .
. Flagged: 824 confirms deletion DECENE
24,289 12144 | —
reviews
T : 12,144 data Else 11,320 N 11,320
Y - r
:.;g' — ‘ ——
L. Store Data
Two Angotators 22,789 reviews
retained
(1,500 deleted
e e after independent
Irrelevant reviews Verification (Annotator 4) verification)
a 12,145 676 sent 676 deleted
—_— =1
Data e R .
Initial Scrgening
Flagged: 676 DELETE

confirms deletion

| —

12,145 data Else 11,469 [ 11,469

Store Data

Figure 2: Manual quality-control process for identifying and removing unsuitable reviews before sentiment annotation.

Table 3: Examples of sarcastic bangla movie reviews.

No. Bangla Review English Translation Type Sentiment
3zl F =PI e e foq 9%t | . - .o
| I S T Wow! What an amazing movie! It gave me the ~ Positive words — Negative

opportunity to sleep peacefully for three hours.  Negative sarcasm

31 o aforl aw AT G ¢ wonderful acting! The experience of getting  Positive words —

2 o zene wfvsers! AfeR aetigEe .. . . Negative
annoyed by such acting is truly amazing. Negative sarcasm
TG TR AR A, B o1 TR, . o .
5 o 7%, W TR TS 53 R The movie is not bad a‘E all; it just has no story, no Neggt}ve words — Positive
acting, and nothing worth watching. Positive sarcasm
TR Bl @S O T @
O TGRS T (T TR A terrible movie! I liked it so much that I want to Negative words — .
4 =) . . . . - Positive
watch it again and again after it ended. Positive sarcasm
qe e B SR wiki, ©iR - . :
’ I have never seen such a bad movie in my life, soI Negative words .
5 TR wE G oA o7 y & " Positive

would definitely recommend everyone to watch it.  Positive sarcasm

After completing the annotation process, the six independent labels assigned to each review were
aggregated using a majority voting procedure. A review was assigned a final sentiment label only when either
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the positive or negative category received a clear majority of votes. Reviews receiving an equal number of
Positive and Negative votes (3—-3) were considered tied or ambiguous because no unique majority label could
be determined. A total 500 such reviews were excluded from the final modeling dataset.

Consequently, of the 22,789 independently annotated reviews, a total of 500 tied or ambiguous reviews
were removed, resulting in a final dataset of 22,289 reviews used for model development and evaluation.

3.2.4 Inter-Annotator Agreement Analysis

Inter-annotator agreement was evaluated using the independent sentiment labels assigned by the six
annotators to the 22,789 reviews before the removal of tied instances. Fleiss’ Kappa was used to measure the
overall level of agreement among all six annotators, whereas pairwise Cohen’s Kappa was used to examine
agreement between individual annotator pairs.

The overall agreement of all six annotators and the pairwise agreement matrix are shown in Fig. 3.
The overall Fleiss’ Kappa score was 0.1628, which is a slight agreement based on the Landis and Koch
interpretation guideline. Likewise, the pairwise Cohen’s Kappa values were in the range of about 0.15 to 0.175,
which correlates to similar agreement among the different annotator pairs. The agreement results suggest
significant differences in the scores given by individual annotators, as user-generated movie reviews are
subjective and may include informal writing styles, abbreviations, contextual expressions, and ambiguous
opinions. For this reason, majority voting was used to label the data when there was a clear majority, and
data with no clear majority was not included in the final model dataset. The results of the agreement and
the majority voting are taken to be part of the construction of the dataset and not as a reflection of high
inter-annotator agreement.

(A) Overall Agreement (Fleiss’ Kappa) (B) Pairwise Agreement (Cohen’s Kappa Heatmap)
Kappa
1.0 Score
A1l 1.00 0.169 0.167 0.162 0.175 0.158 10
0.8
A2 1.00 0.153 0.156 0.165 0.160 0.8
<
&)‘3 061 A3 { 0.167 1.00 0156 0171  0.164 06
©
Q
g
X 0.4 A4 4 0.162 0.156 0.156 1.00 0.170 0.152 Lo4
A5 4 0.175 0.165 0.171 0.170 1.00 0.164
0.2 0.1628 Lo.2
A6 4 0.158 0.160 0.164 0.152 0.164 1.00 {
—-0.0
0.0 - T T T T T
Fleiss’ Kappa A1 A2 A3 A4 A5 A6
Interpretation (Landis & Koch) Interpretation (Landis & Koch)
’ <0 H 0.00-0.20 H 0.21-0.40 H 0.41-0.60 H 0.61-0.80 || 0‘81—1.001 ‘ <0 H 0.00-0.20 H 0.21-0.40 H 0.41-0.60 H 0.61-0.80 H 0.81-1.00 |
Poor Slight Fair Moderate  Substantial Almost Poor Slight Fair Moderate Substantial Almost
A Perfect A Perfect

Figure 3: Inter-annotator agreement measured using Fleiss’ Kappa and pairwise Cohen’s Kappa. (A) Overall agreement
across all six annotators, measured by Fleiss’ Kappa (score = 0.1628), plotted against the Landis and Koch interpretation
bands. (B) Pairwise agreement between each pair of annotators (Al-A6), measured by Cohen’s Kappa and displayed as
a heatmap (diagonal = 1.00, each annotator’s agreement with itself).
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Therefore, majority voting was used as a label aggregation mechanism to obtain a single label when a
clear majority existed, while 3-3 tied instances were excluded because they lacked a unique consensus label.
Given the observed level of inter-annotator agreement, the majority-voting procedure is not interpreted
as evidence of high annotation reliability; rather, it provides a transparent rule for aggregating multiple
independent annotations and excluding instances for which no majority decision was available.

3.2.5 Tied Data Removal

Inter-annotator agreement was evaluated using Fleiss’ Kappa and pairwise Cohen’s Kappa based on the
six independent sentiment annotations of the 22,789 reviews. The quality-control decisions made before
sentiment annotation were not included in this analysis. Following annotation, majority voting was used to
assign a final sentiment label when a clear majority was present. Reviews receiving three positive and three
negative votes were classified as tied because no unique majority label could be assigned. A total of 500 such
reviews were excluded from the modeling dataset.

The exclusion of tied reviews was used as a predefined label-selection criterion rather than as a claim
of improved inter-annotator reliability. Consequently, the final dataset contained 22,289 reviews for model
development and evaluation. The complete filtering process is shown in Fig. 4, and the final class distribution
is reported in Table 4.

©® Ambiguous (Tied) 500 (2.06%) ® Retained Reviews 22,289 (91.76%) © Sarcastic & Irrelevant 1,500 (6.18%)

Figure 4: Dataset filtering process. Of the 24,289 initially collected reviews, 1500 were removed during quality screening
and a total of 500 tied reviews were subsequently excluded, resulting in 22,289 reviews for model development and
evaluation.

Table 4: Dataset construction and final class distribution.

Number of L.
Dataset Stage . Description
Reviews
Initially collected reviews 24,289 YouTube movie reviews collected for the study
Removed during quality 1500 Sarcastic/ironic, spam, advertisements, duplicates,
screening incomplete, and other irrelevant reviews
Reviews retained for annotation 22,789 Reviews remaining after manual quality screening

(Continued)
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Table 4 (continued)

Number of
Dataset Stage " . Description
Reviews
Each review is independently annotated by six
Independently annotated reviews 22,789 view 1s Tnaep Y Y
native Bangla speakers
Revi ivi 3-3 Positive-Negati
Tied/ambiguous reviews removed 500 eviews recetving a 5-5 TostverTegative
annotation split
Final modeling dataset 22,289 Reviews retained after tied/ambiguous cases were

excluded

Final Class Distribution

Positive 11,146 Final Positive Reviews
Negative 11,143 Final Negative Reviews
Total 22,289 Final modeling dataset

Table 5 shows five representative tied cases. For example, the first review “42 I[® 51 @4 &> (Why
is this movie like this?), received positive labels from Al, A2, and A4 and negative labels from A3, A5, and
A6 annotators. Since the six annotations resulted in a 3-3 split, no unique majority label could be assigned,
and the review was excluded. The same criterion was applied to all tied cases. A total of 500 reviews were

removed for this reason, resulting in the final dataset of 22,289 reviews.

Table 5: Examples of tied annotations removed during dataset preprocessing.

Review Al A2 A3 A4 A5 A6 Decision
R

a2 e B 9 2 (English: “Why is this movie like this?”) P P N P N N ( ;_n;(:;;()i
g1 o< fedt, e @ie ©IeeT 20 e (English: “The story was Removed

, ! P N P N P N _
okay, but it could have been better.”) (3-3 Tie)
e i, 68 61 2o (English: “The acting was Removed

) . s P N P N N P .
good, but the ending was disappointing.”) (3-3 Tie)
TS <1 A, SR 49 O M (English: “Tt wasn't bad Removed

. , 1 N P N P P N .
to watch, but it wasn’t very good either.”) (3-3 Tie)

GFIF TR AR, I WA AL TSl T ish: “Tt i

(Englzsi’z, It is watchable P N N P P N Remov'ed
once, but not memorable.”) (3-3 Tie)

3.3 Zipf’s Law

The lexical properties of the final corpus were examined in terms of Zipf’s law, which states that the
frequency of a token is inversely proportional to its rank in a corpus [16]. Let t be the frequency of a token
and g be its rank. The mathematical expression is given in Eq. (1). The token frequency distribution is shown
in Fig. 5. The token frequency distribution follows an approximately Zipfian pattern, consistent with what is
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typically observed in natural-language corpora, though with some deviation from a pure power law at the
head and tail of the rank distribution.

focl (1)
g

The final dataset of 22,289 reviews was split into training (80%) and testing (20%) groups using the
holdout evaluation approach.

Zipf's Curve
104 4
103 4
>
v
=4
d)
& 102
[ 10¢ A
T
101 .
100 4
10° 10! 102 103 104 10%
Rank

Figure 5: Zipf’s curve of the dataset.

3.4 Data Preprocessing

User-generated reviews will introduce irrelevant information and noise into the dataset, hampering the
learning models’ ability to perform classification properly. So, preprocessing is necessary before applying the
classification algorithms. This subsection demonstrates several preprocessing steps, including punctuation
removal, emoji and URL removal, tokenization, stopword removal, and stemming.

3.4.1 Removal of Punctuation, Emojis, and URLs

€| 0 o @ «p»

D €2 4 “I” ete. are removed from

Frequently used punctuation marks in the Bangla language like
the dataset initially. Emojis are a common way for users to express themselves on internet platforms; they
do not provide the correct information in most cases, which may introduce noise that impairs classification
performance. To make the text easier for the model to process, eliminating emojis is a crucial step. This
study removed URLSs to reduce noise in the corpus. For example, the sample Bangla movie review “42
JfO0! &Ravs feet (3 ©12 T0! DIRCSR Aeteal I ey wfems i 68 W f[Foa I 111 @sakib (418 5
w[fe=3 F44” (this movie was awesome brother, my heart wants to leave my studies and act but how will i
explain to my mother!!! @sakib dude let’s act) after the removal of punctuation, emojis and URLs become
«q3 YOl TRams & (7 ©f T0!1 bIRrerR U Im M wfeqy S 58 s el IR @S v wioq
REIRE
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3.4.2 Tokenization

Tokenization generates tokens from the film reviews collected after eliminating punctuation, emojis,
and URLs from the dataset. This approach allows the text to be fragmented into its most fundamental

components. For example, the sample Bangla movie review AR Ty ¢ e yfe> (very bad and
low-quality movie) after the tokenization produces the tokens as “3@3”, “T9e”, “@”, “fFENIeE” and «yfe»

3.4.3 Stop Words Removal

Stop words are frequently occurring function words in a dataset that provide little or no significant
information related to the specific problem domain. The removal of stop words reduces the dimensionality
of the text data and enables machine learning models to focus on more meaningful and informative features,
which can improve computational efficiency and classification performance. In this study, the 35% most
frequent words in the corpus were considered stop words [17] and removed during the preprocessing phase.
The study [17] was conducted for Bangla drama and TV series reviews based on sentiment analysis, which
is very close to our study movie reviews based on sentiment analysis. So, we have decided to use the top
35% words as the final stop words list. The most frequent stop words identified in our dataset include “932”
(and), “€” (and), «“gfar> (you), “¥m” (if), and “TI” (become), among others. These phrases largely serve
grammatical purposes and provide little semantic value for sentiment analysis. Therefore, they were removed
from the dataset to generate a clean corpus with more relevant and contextually rich language for efficient
sentiment analysis.

3.4.4 Stemming

Stemming is the process of converting words into their morphological root forms. It focuses on the spe-
cific root forms, excluding suffixes rather than the underlying meaning of words. The Bangla words <yfef5>,
E[f\:—oﬁ??i’ ‘?ﬁvﬁ, E(%@W, «yfowa all contain the same root form «yfe» (movie), so converting all of these
five words to the root form will make it much easier for the learning models to work and process further. We
have used the bangla-stemmer package (version 1.0) [18], developed by Protick and distributed via the Python
Package Index (PyPI), to perform stemming in the proposed dataset. Stemming was applied at the word
level using BanglaStemmer().stem(word) from the bangla_stemmer.stemmer.stemmer module. The stemmer
implements a rule-based algorithm originally developed by Kamal [19], with modifications introduced by
the package author to improve compatibility across different natural language processing pipelines.

3.5 Feature Extraction

Directly dealing with text data is not straightforward for the learning models and requires the conversion
of the textual data to meaningful numerical features that capture the meaning and context of the textual data;
methods that can solve this problem are called feature extraction. The essential features were extracted by two
methods: the Term Frequency-Inverse Document Frequency (TF-IDF) and word embedding (Word2Vec).

3.5.1 TF-IDF

TF-IDF (Term Frequency-Inverse Document Frequency) is one of the most popular feature extraction
methods in text mining and natural language processing (NLP). It assigns a weight for each term in a
document depending on the frequency of the term in the document and the rarity of the term in all
the documents.
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The term frequency of a term ¢ in a movie review d is calculated as:

TF(t,d) = Number of occurrences of term ¢ in review d 2
’ Total number of tokens in review d

The inverse document frequency is calculated as:

N
IDF(t) =1 — 3
() Oge(DF(t)) (3)
where N denotes the total number of reviews in the corpus and DF(t) represents the number of reviews
containing the term ¢.

Finally, the TF-IDF weight of term ¢ in review d is computed as the product of term frequency and
inverse document frequency:

TF-IDF(t,d) = TF(t,d) x IDF(t) (4)

This study fixed the parameters of the TF-IDF model at ngram_range = (1, 3) and max_features = 1000,
values chosen based on common practice in prior Bangla sentiment analysis literature rather than through a
systematic hyperparameter search. Therefore, unigram, bigram, and trigram features were extracted, and the
top 1000 features were retained according to the TF-IDF vectorization procedure for the proposed dataset.

3.5.2 Word Embedding

Word embeddings are a technique in natural language processing (NLP) that involves encoding words
as vectors [20,21]. Lexical mapping refers to the technique of representing words in a multidimensional space.
This mapping is then converted to a vectorial representation of indices. Keras is an embedding package that
we utilized during our evaluation to include word embeddings within the models designed by the neural
network. This is a very prominent feature of this package, as it offers a pre-made word embedding layer.
We used the Keras tokenizer to preprocess the data and to convert our text data to integer sequences. The
embedding layer was then used to map the integer indices to dense vectors of real numbers. Each of the
Tokenizer, pad_sequences, and Embedding methods are examined in turn to obtain vectors of actual values
for the textual inputs, and the best parameters for each of these methods are listed in Table 6.

Table 6: Parameters for the methods of word embedding.

Method Parameter Measurement/Value
Tokenizer num_words 5000
oov_token UNK
p addlng p ost
pad_sequences maxlen 1000
input_dim vocab_size
Embedding output_dim 50

input_length 1000
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3.6 Model Training and Evaluation Strategy

Two complementary validation methods were used to provide a reliable and unbiased evaluation of the
proposed models. The information was first split into an 80/20 holdout test set, where 80% was used to train
the model and 20% of the information was used for autonomous testing. This separation permits a somewhat
fair evaluation of the model’s ability to generalize to new data. The tenfold cross-validation technique was
additionally used to increase the validity of the evaluation. The training data was divided into 10 equal parts;
in each iteration, 9 were used for training and 1 for validation. This was done 10 times to make sure that all
samples were used for training and validation. The final results were obtained from the average performance
of all folds, which eliminates any potential bias and fluctuation.

The dataset is well-balanced, yet there is some class imbalance within each training fold after splitting
the data. The partitioning for the holdout train-test split and 10-fold cross-validation was done at the review
level using scikit-learn’s train_test_split and StratifiedKFold functions with fixed random seeds, rather than
by movie. So it is possible to have assessments of the same movie in the training and test (or validation) sets,
with no limits on grouping movies at the level of the partitioning.

3.7 Design Algorithms

The most critical—if not essential—component of a classification system is the design of the algorithms
themselves [22]. Proper algorithm selection, optimization, and design are the key to the success of a classifier.
In this paper, we used some machine learning (ML) algorithms, deep learning (DL) algorithms, BERT-
based transfer learning (TF) algorithms, and a stacking ensemble model. For model training, and out-of-fold
(OOF) predictions were created through 10-fold cross-validation. These out-of-fold predictions, expressed
as class probabilities rather than hard labels (see Section 3.7.4), constitute the rows of the meta-feature matrix
used to train the meta-classifier. The base models were trained with 9 folds of the training set and tested on
the 10th fold of the training set, which was not used to train the models. The predictions generated from
all the 10 held out folds were then aggregated to form the meta-feature matrix, which was fed to train the
meta-classifier (Multi-Layer Perceptron). The same fold assignments were used for all the 10 base learners to
ensure a valid stacking architecture.

In order to avoid overfitting, early stopping was used for all deep learning models, and the proposed
stacking model by monitoring the validation loss was used. The training was stopped after validation loss
did not decrease for 5 epochs (patience = 5, monitor = ‘val_loss’). We noticed from preliminary experiments
that most deep learning models performed best within 500 epochs, and that performance started to decline
beyond this point. Thus, the maximum number of epochs was fixed at 500 for all deep learning models, based
on these preliminary observations rather than a formal hyperparameter tuning search.

All experiments were repeated five times with different random seeds (42, 52, 62, 72 and 82) to assess
the robustness and stability of the proposed framework. For every random seed, the entire training and
evaluation process, such as data partitioning, model and initialization, and optimization, was repeated with
the same hyperparameter configurations. The performance metrics reported in this paper are the average
over five of the experimental runs, minimizing the effect of random initialization and data partitioning on the
experimental results. Finally, the stacking ensemble model was compared against the second-best individual
model using a one-sided Wilcoxon signed-rank test was performed across five random seeds, and the model
families (ML, DL, BERT-based TL) were compared using fold-level Friedman tests with Holm-corrected
pairwise post-hoc tests; results are reported in Section 4.2.
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3.71 Machine Learning Algorithms

The sentiment analysis of the Bangla movie reviews has been conducted using the ML models: BNB,
SVM, KNN, LR, MNB, and RE. BNB applies Bayes’ theorem [observe (5)] to compute the probability of a
feature appearing in each class [23].

P(S|R;)P(R;)
it P(R;)P(SIR;)

Bayes Theorem, P(R;|S) = (5)

In (5), P(R|S) states the probability of appearance of R given S has occurred, P(R) denotes the prior
probability, P(S) demonstrates the probability of appearance of action S, P(S|R) is the probability of
appearance of S given R has already occurred. The SVM is well recognized for its efficient performance in
pattern recognition and other classification problems. It functions by determining the optimal hyperplane
of features that maximizes the margin of the class mean [2]. The assignment of a new data point by KNN
is contingent upon the class of its k-nearest neighbors [12] and this study uses the Euclidean distance
[observe (6)] to find the nearest neighbors.

p
d(r,s) =1 | ; (siri)’ (6)

Using the Bayes theorem [observe (5)], MNB is a probabilistic classifier that optimizes its effectiveness by
producing target labels with the greatest likelihood [4]. The Random Forest algorithm improves accuracy and
knowledge by generating multiple decision trees during training and aggregating the class mode of each tree
to obtain the final classification prediction. Table 7 briefly describes the fixed parameters of the implemented
ML algorithms.

Table 7: Parameters of the implemented ML algorithms.

Algorithm Parameter Measurement/Value

BNB alpha 1.0

kernel linear
C (regularization parameter) 1.0

SVM gamma scale
degree 3
random_state 42
n_neighbors 5

weights uniform

KNN leaf size 30
p (Power parameter for the Minkowski metric) 2

algorithm auto
IR C (Regularization parameter) 1.0
random_ state 42
MNB alpha 1.0

(Continued)
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Table 7 (continued)

Algorithm Parameter Measurement/Value
n_estimators 100
criterion gini
min_samples_split 2
RF .
min_samples_leaf 1
max_features auto
random_state 42

3.7.2 Deep Learning Algorithms

Deep learning (DL) models have been shown to be effective compared to the traditional machine
learning (ML) algorithms recently and have been slower to train. For this work the authors have employed
the Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), Long Short-Term Memory
(LSTM), Bidirectional Long Short-Term Memory (Bi-LSTM), Gated Recurrent Unit (GRU), Bidirectional
Gated Recurrent Unit (Bi-GRU), and the hybrid models CNN-LSTM, CNN-GRU, CNN-BiLSTM, and CNN-
BiGRU. CNNs, which involve convolutional and pooling layers, have been found to achieve a very high
accuracy in document categorization tasks [24]. An RNN is an algorithm that takes in the data one piece at
a time, and keeps a context or state to find and determine the temporal dependencies.

RNN:hy,h} — h} 7)

The RNN variant LSTM uses memory cells and gates to keep long-term dependencies and sequentially
process input sequences to effectively mitigate the vanishing gradient problem. It is widely used in natural
language processing [25].

LSTM : hil,hil,cil - hl, ¢! (8)

The Bi-LSTM architecture extends the basic LSTM by including the past and future context information,
enabling the analysis of input sequences in both the forward and backward directions [26]. The GRU is based
on the LSTM architecture with gating mechanisms to control information flow, which improves gradient
propagation and training efficiency [27].

cphopl 1] 1ol
GRU : h{',hy 1,242, = hys ¢, 9)

The Bi-GRU algorithm enhances GRU by analyzing input sequences in both forward and backward
orientations, incorporating context information from future and previous states [28]. These deep learning
models consist of an embedding layer that transforms input data into a more rigorous format, followed by
layers that extract information become a processing layer, synthesize features for predictions, and a fully
connected output layer. This framework helps the model make sense of past data and predict the future. The
parameters of the implemented deep learning algorithms are shown in Tables 8-10, respectively.
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Table 8: Parameters of the DL algorithms (part 1).
Algorithm Parameter Measurement/Value
max_features 5000
embedding dim 50
convld_filters 128
kernel_size 5
pool_size 2
dropout 0.5
dense_units 64
CNN dense_activation ReLU
output_units 2
output_activation Softmax
losses Cat egori cal Crossentr opy
optimizer Adam
batch_size 32
epoch (max) 500
early stopping patience = 5, monitor = ‘val_loss’
max_features 5000
embedding dim 50
rnn_units (SimpleRNN) 128
dropout 0.5
dense_units 64
dense_activation ReLU
RNN output_units 2
output_activation Softmax
losses Cat egori cal Crossentr opy
optimizer Adam
batch_size 32
epoch (max) 500
early stopping patience = 5, monitor = ‘val_loss’
max_features 5000
embedding dim 50
Istm_units 128
dropout 0.5
dense_units 64
dense_activation ReLU
LSTM output_units 2
output_activation Softmax
losses Cat egori cal Crossentr opy
optimizer Adam
batch_size 32
epoch (max) 500
early stopping patience = 5, monitor = ‘val_loss’

(Continued)
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Table 8 (continued)
Algorithm Parameter Measurement/Value
max_features 5000
embedding dim 50
Istm_units (per direction) 64
dropout 0.5
dense_units 64
dense_activation ReLU
Bi-LSTM output_units 2
output_activation Softmax
losses Cat egori cal Crossentropy
optimizer Adam
batch_size 32
epoch (max) 500
early stopping patience = 5, monitor = ‘val_loss’
Table 9: Parameters of the DL algorithms (part 2).
Algorithm Parameter Measurement/Value
max_features 5000
embedding dim 50
gru_units 64
dropout 0.5
dense_units 64
dense_activation ReLU
GRU output_units 2
output_activation Softmax
losses Cat egori cal Crossent ropy
optimizer Adam
batch_size 32
epoch 500
early stopping patience = 5, monitor = ‘val_loss’
max_features 5000
embedding_dim 50
gru_units (per direction) 64
dropout 0.5
dense_units 64
dense_activation RelLU
Bi-GRU output_units 2
output_activation Softmax
losses Cat egori cal Crossent ropy
optimizer Adam

(Continued)
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Table 9 (continued)

Algorithm Parameter Measurement/Value
batch_size 32
epoch (max) 500
early stopping patience = 5, monitor = ‘val_loss’
max_features 5000
embedding dim 50
convld_1 filters 128
convld_2_filters 64
kernel_size (both ConvlD) 5
pool_size 2 (after ConvlD_1 only)
Istm_units 64
dropout 0.5
CNN-LSTM dense_units 64
dense_activation ReLU
output_units 2
output_activation Softmax
losses Cat egori cal Crossentr opy
optimizer Adam
batch_size 32
epoch (max) 500
early stopping patience = 5, monitor = ‘val_loss’
Table 10: Parameters of the DL algorithms (part 3).
Algorithm Parameter Measurement/Value
max_features 5000
embedding_dim 50
convld_1_filters 32
convld_2_filters 64
kernel_size (both ConvlD) 5
pool_size 2 (after ConvlD_1 only)
gru_units 64
dropout 0.5
CNN-GRU dense_units 64
dense_activation ReLU
output_units 2
output_activation Softmax
losses Cat egori cal Crossentr opy
optimizer Adam
batch_size 32
epoch (max) 500
early stopping patience = 5, monitor = ‘val_loss’

(Continued)
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Table 10 (continued)

Algorithm Parameter Measurement/Value
max_features 5000
embedding_dim 50
convld_1_ filters 128
convld_2_filters 32
kernel_size (both ConvlD) 5
pool_size 2 (after ConvlD_1 only)
Istm_units (per direction) 32
dropout 0.5
CNN-BIiLSTM dense_units 64
dense_activation ReLU
output_units 2
output_activation Softmax
losses Cat egori cal Crossent ropy
optimizer Adam
batch_size 32
epoch (max) 500
early stopping patience = 5, monitor = ‘val_loss’
max_features 5000
embedding_dim 50
convld_1_ filters 64
convld_2_filters 64
kernel_size (both ConvlD) 5
pool_size 2 (after ConvlD_1 only)
gru_units (per direction) 64
dropout 0.5
CNN-BiGRU dense_units 64
dense_activation ReLU
output_units 2
output_activation Softmax
losses Cat egori cal Crossent ropy
optimizer Adam
batch_size 32
epoch (max) 500
early stopping patience = 5, monitor = ‘val_loss’

While Tables 8-10 report the hyperparameter values for each deep learning model, they do not by
themselves specify the order in which layers are connected or how filter and unit counts map onto specific
layers. To address this, Table 11 presents the complete layer-by-layer architecture of each of the ten deep
learning models, listing every layer in the exact sequence in which it is applied, from the input embedding
layer to the final classification layer. For all ten models, the input is first mapped through an Embedding
layer (vocabulary size 5000, embedding dimension 50, input length 1000 tokens). For the convolutional and
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hybrid models (CNN, CNN-LSTM, CNN-GRU, CNN-BiLSTM, CNN-BiGRU), this is followed by one or
two ConvlD layers with ReLU activation, each paired with a MaxPoolinglD layer (pool size 2) applied only
after the first convolutional block in the two-convolution hybrids. The recurrent component—SimpleRNN,
LSTM, Bidirectional LSTM, GRU, or Bidirectional GRU—is then applied with the unit counts specified
in Tables 8-10 (halved per direction for the bidirectional variants to preserve a comparable total parameter
budget). A Dropout layer (rate 0.5) follows the recurrent or pooling stage to mitigate overfitting, after
which a Dense layer (64 units, ReLU activation) performs non-linear feature synthesis, followed by a second
Dropout layer (rate 0.5). Every model terminates in the same output layer: a Dense layer with 2 units and
Softmax activation, producing class probabilities for the Positive and Negative sentiment categories. This
uniform output-layer design, combined with the shared embedding configuration, ensures that performance
differences across models in Section 4 are attributable to the intermediate feature-extraction layers rather
than to inconsistencies in input representation or classification head.

Table 11: Layer-by-layer architectures of the implemented deep learning models.

Model Layer Sequence
Embedding(5000, 50, input_length=1000) — ConvlD( filters=128, kernel_size=5,
CNN activation=ReLU) — MaxPoolinglD(pool_size=2) — Dropout(0.5) —

GlobalMaxPoolinglD() - Dense(64, ReLU) - Dropout(0.5) — Dense(2, Softmax)
Embedding(5000, 50, input_length=1000) — SimpleRNN(128) — Dropout(0.5) —

RNN Dense(64, ReLU) — Dropout(0.5) - Dense(2, Softmax)
LSTM Embedding(5000, 50, input_length=1000) — LSTM(128) — Dropout(0.5) —
Dense(64, ReLU) — Dropout(0.5) - Dense(2, Softmax)
. Embedding(5000, 50, input_length=1000) — Bidirectional(LSTM(64)) —
Bi-LSTM
Dropout(0.5) - Dense(64, ReLU) — Dropout(0.5) - Dense(2, Softmax)
GRU Embedding(5000, 50, input_length=1000) - GRU(64) — Dropout(0.5) —
Dense(64, ReLU) — Dropout(0.5) - Dense(2, Softmax)
BiLGRU Embedding(5000, 50, input_length=1000) — Bidirectional(GRU(64)) —

Dropout(0.5) - Dense(64, ReLU) — Dropout(0.5) — Dense(2, Softmax)

Embedding(5000, 50, input_length=1000) - ConvlD(128, 5, ReLU) —
CNN-LSTM MaxPoolinglD(2) - ConvlD(64, 5, ReLU) — Dropout(0.5) - LSTM(64) —
Dense(64, ReLU) — Dropout(0.5) - Dense(2, Softmax)

Embedding(5000, 50, input_length=1000) - ConvlD(32, 5, ReLU) —
CNN-GRU MaxPoolinglD(2) - ConvlD(64, 5, ReLU) — Dropout(0.5) - GRU(64) —
Dense(64, ReLU) — Dropout(0.5) - Dense(2, Softmax)

Embedding(5000, 50, input_length=1000) — ConvlD(128, 5, ReLU) —
CNN-BiLSTM MaxPoolinglD(2) - ConvlD(32, 5, ReLU) — Dropout(0.5) —
Bidirectional(LSTM(32)) — Dense(64, ReLU) — Dropout(0.5) - Dense(2, Softmax)

Embedding(5000, 50, input_length=1000) — ConvlD(64, 5, ReLU) —
CNN-BiGRU MaxPoolinglD(2) - ConvlD(64, 5, ReLU) - Dropout(0.5) —
Bidirectional(GRU(64)) - Dense(64, ReLU) — Dropout(0.5) - Dense(2, Softmax)
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3.7.3 BERT-Cased Transfer Learning Algorithms

Prior to adapting to natural language understanding tasks, the BERT model is trained on large amounts
of text data to create proper word embeddings [29,30]. We have already implemented some BERT-based TL
algorithms like BERT, Bangla-BERT, mBERT, Distil-BERT etc. The biggest contribution of BERT is the use of
a deep bidirectional transformer encoder pre-trained using a masked language model (MLM) objective, as
opposed to previous shallowly bidirectional or unidirectional language models, which allows conditioning
on both the left and right contexts. It was trained using a large text corpus from the English Wikipedia articles.

In contrast, Bangla-BERT is a monolingual BERT model trained with the BanglaLM corpus that is
specially designed for the Bangla language [31]. In the mBERT model, the traditional BERT model is
enhanced by training many corpora of texts in 104 languages. At the same time, Distil-BERT is a simplified
and efficient version of BERT designed for smaller and faster production [32]. Table 12 demonstrates the
fixed hyperparameter configuration used for the implemented BERT-based transfer learning algorithms.

Table 12: Parameters and implementation details of the BERT-based transfer learning algorithms.

Algorithm Parameter Measurement/Value
Checkpoint bert - base-uncased
Tokenizer Matching WordPiece tokenizer (uncased, English vocabulary)
Architecture 12-layer, 768-hidden, 12-head Transformer encoder
Classification head Linear layer on pooled [ CLS] representation, num_labels = 2
Output activation Softmax (applied post-hoc for probability outputs)
Loss function Cross-entropy
Truncation True
Max Length 256
Padding Dynamic, per-batch (Dat aCol | at or W t hPaddi ng)
BERT Optimizer AdamW
Learning Rate (Ir) 0.00001
Weight Decay 0.01
LR Scheduler Linear decay, no warmup
Mixed Precision fp16 (enabled if GPU available)
Batch Size (Train) 4
Batch Size (Test) 4
Epochs 10
. : Lowest eval _| 0Ss per epoch
Checkpoint Selection (I oad_best nodel _atp_en% =True)
Cross-Validation Stratified 10-fold (St r at i fi edKFol d, shuffle = True)
Random Seeds 42,52,62,72, 82
Checkpoint bert-base-mnul tilingual -cased
Tokenizer Matching WordPiece tokenizer (cased, 104-language vocabulary)
Architecture 12-layer, 768-hidden, 12-head Transformer encoder
Classification head Linear layer on pooled [ CLS] representation, num_labels = 2
Output activation Softmax (applied post-hoc for probability outputs)
Loss function Cross-entropy
mBERT Truncation True
Max Length 256
Padding Dynamic, per-batch (Dat aCol | at or W t hPaddi ng)
Optimizer AdamW
Learning Rate (Ir) 0.00001
Weight Decay 0.01

(Continued)
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Table 12 (continued)

Algorithm Parameter Measurement/Value
LR Scheduler Linear decay, no warmup
Mixed Precision fp16 (enabled if GPU available)
Batch Size (Train) 4
Batch Size (Test) 4
mBERT Epochs 10

Checkpoint Selection

Cross-Validation
Random Seeds

Lowest eval _| 0SS per epoch
(I oad_best nodel _at _end=Tr ue)
Stratified 10-fold (St r at i f i edKFol d, shuffle = True)
42,52,62,72, 82

Checkpoint
Tokenizer
Architecture
Classification head
Output activation
Loss function
Truncation
Max Length
Padding
Optimizer
Learning Rate (Ir)
Weight Decay
LR Scheduler
Mixed Precision
Batch Size (Train)
Batch Size (Test)
Epochs

Bangla-BERT

Checkpoint Selection

Cross-Validation
Random Seeds

sagor sar ker / bangl a- bert - base
Matching WordPiece tokenizer trained on the BanglaLM corpus
12-layer, 768-hidden, 12-head Transformer encoder (BERT-base config)
Linear layer on pooled [ CLS] representation, num_labels = 2
Softmax (applied post-hoc for probability outputs)
Cross-entropy
True
256
Dynamic, per-batch (Dat aCol | at or W t hPaddi ng)
AdamW
0.00001
0.01
Linear decay, no warmup
fp16 (enabled if GPU available)
4
4
10
Lowest eval _| 0SS per epoch
(I oad_best nodel _at_end=Tr ue)
Stratified 10-fold (St r at i f i edKFol d, shuffle = True)
42,52,62,72, 82

Checkpoint
Tokenizer
Architecture
Distil- BERT Classification head

Output activation
Loss function

di stil bert-base-uncased
Matching WordPiece tokenizer (uncased, English vocabulary; shared
with BERT-base)
6-layer, 768-hidden, 12-head Transformer encoder
Linear layer on first-token hidden state (no pooler layer),
num_labels = 2
Softmax (applied post-hoc for probability outputs)
Cross-entropy

Truncation True
Max Length 256
Padding Dynamic, per-batch (Dat aCol | at or W t hPaddi ng)

(Continued)



Intell Autom Soft Comput. 2026;41 295

Table 12 (continued)
Algorithm Parameter Measurement/Value
Optimizer AdamW
Learning Rate (Ir) 0.00001
Weight Decay 0.01
LR Scheduler Linear decay, no warmup
Mixed Precision fpl6 (enabled if GPU available)
Distil-BERT Batch S1.ze (Train) 4
Batch Size (Test) 4
Epochs 10

Lowest eval _| 0SS per epoch
(I oad_best nodel at _end=Tr ue)
Cross-Validation Stratified 10-fold (St r at i f i edKFol d, shuffle = True)
Random Seeds 42,52, 62,72, 82

Checkpoint Selection

Table 12 reports the complete implementation and configuration for each of the four BERT-based
models, organized per algorithm to allow direct comparison. For reproducibility, the table specifies the
exact Hugging Face model checkpoint and its matching tokenizer used for each model: bert-base-uncased
for BERT, bert-base-multilingual-cased for mBERT, sagorsarker/bangla-bert-base for Bangla-BERT, and
distilbert-base-uncased for Distil-BERT.

It is worth noting that BERT and Distil-BERT use English-vocabulary checkpoints, while only mBERT
and Bangla-BERT were pretrained on Bangla or multilingual corpora that natively cover the Bangla script;
this distinction affects how each tokenizer segments Bangla input and is discussed further in Section 5. Each
model follows the standard Hugging Face AutoModelForSequenceClassification design: a linear classification
head with two output units is attached on top of the pooled [CLS] representation (or, for Distil-BERT, the
first-token hidden state, since DistilBERT has no pooler layer), and the model is trained end-to-end using
a cross-entropy loss with class probabilities obtained by applying Softmax to the output logits at evaluation
time. All architectural hyperparameters not explicitly overridden (e.g., hidden-layer dropout of 0.1) retain
their pretrained default values. Inputs were tokenized with truncation enabled and a maximum sequence
length of 256 tokens, while padding was applied dynamically per batch via a DataCollator WithPadding, rather
than to a fixed length, to minimize unnecessary computation. All four models were fine-tuned using the
AdamW optimizer with a learning rate of 0.00001, a weight decay of 0.01, and a linear learning-rate decay
schedule with no warmup steps. Training used a batch size of 4 for both the training and evaluation splits,
and used mixed-precision ( fpl6) computation when a GPU was available. After each epoch, the checkpoint
with the lowest validation loss was retained (load_best_model_at_end = True), rather than always using the
final epoch’s weights. Model evaluation followed the same stratified 10-fold cross-validation scheme used
elsewhere in this study, repeated across five random seeds (42, 52, 62, 72, and 82) to assess robustness,
consistent with the reproducibility protocol summarized in Section 4.2.

3.7.4 Stacking Ensemble Model

Stacking is a combination of multiple classifiers in order to create a generalizable classifier: base
classifiers are trained on the properties of the dataset, and then their predictions are used to train a meta-
classifier, which uses the predictions from the base classifiers to generate predictions [33,34]. Specifically, for
each of the ten base learners, the meta-feature contribution per instance consists of the two softmax output
probabilities, P(positive) and P(negative), rather than a hard class label; concatenating these across all ten
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base learners yields a 20-dimensional meta-feature vector (10 learners x 2 class probabilities) that serves as
the input to the MLP meta-classifier. The architecture of the proposed stacking ensemble model is given
in Fig. 6. The architecture illustrates this two-stage process in detail, including the generation of out-of-fold
predictions used to construct the meta-feature matrix. It demonstrates the end-to-end procedure used to
generate the meta-feature matrix and train the meta-classifier of the proposed stacking ensemble. For a given
base learner k, the training data is partitioned into 10 folds; the learner is trained on 9 folds and used to
generate predictions on the held-out 10th fold, which was not seen during that learner’ training. Repeating
this process across all 10 folds yields out-of-fold (OOF) predictions for every training instance. Rather than
recording a hard class label, each OOF prediction is stored as the pair of softmax output probabilities,
P(positive) and P(negative), produced by the base learner. This entire procedure is repeated independently
for each of the 10 base learners (CNN, RNN, LSTM, Bi-LSTM, GRU, Bi-GRU, CNN-LSTM, CNN-GRU,
CNN-BiLSTM, and CNN-BiGRU), using the same fold assignment throughout to keep the OOF predictions
aligned across learners. The two-probability OOF outputs from all 10 base learners are then concatenated
for each training instance, producing a 20-dimensional meta-feature vector (10 base learners x 2 class
probabilities). Stacking these vectors across all N training instances forms an N x 20 meta-feature matrix,
which is used to train the Multi-Layer Perceptron (MLP) meta-classifier. The trained meta-classifier then
maps this 20-dimensional probability representation to the final sentiment prediction (positive or negative).
This design ensures that the meta-classifier learns from calibrated probability estimates of each base learner
rather than from potentially information-losing hard labels, and that no base learner’s predictions on a given
instance were produced by a model that had already seen that instance during training, thereby avoiding
information leakage into the meta-feature matrix. The parameters of the stacking ensemble method are given
in Table 13.

3.8 Hyperparameter Configuration

Rather than performing an exhaustive, cross-validated hyperparameter search, this study used fixed
hyperparameter settings for all implemented models, selected on the basis of values commonly reported
in prior sentiment analysis literature and confirmed through informal preliminary trials on the training
data. The complete configuration used for each model family is reported in Table 7 (ML), Tables 8-10
(DL), Table 12 (BERT-based transfer learning), and Table 13 (proposed stacking ensemble). The same fixed
configuration was applied consistently across all 10-fold cross-validation partitions and across all five
random seeds (42, 52, 62, 72, 82), so that any observed performance differences between models reflect
architectural differences rather than inconsistencies in hyperparameter selection. Table 13 summarizes the
parameters of the proposed stacking ensemble model, organized into two levels. The Level-1 section lists
the ten deep learning base learners (CNN, RNN, LSTM, Bi-LSTM, GRU, Bi-GRU, CNN-LSTM, CNN-GRU,
CNN-BiLSTM, and CNN-BiGRU), whose individual hyperparameters are detailed in Tables 8-10; the same
10-fold assignment was maintained across all base learners to generate out-of-fold (OOF) predictions. The
Level-2 section reports the architecture and training configuration of the Multi-Layer Perceptron (MLP)
meta-classifier, which takes the base learner’s OOF predictions as input and produces the final sentiment
prediction. This includes the network structure (input dimension, hidden layers, activation functions),
optimization settings (loss function, optimizer, learning rate), regularization (L2), and training procedure
(batch size, maximum epochs, early stopping, and random seeds), ensuring full reproducibility of the
meta-classifier.
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(a) Stacking ensemble architecture

Level-1 base learners OOF predictions
CNN
RNN
LSTM
Bi-LSTM
Meta-feature
. GRU L
Training IS
dataset . N x 20 columns
Bi-GRU (OOF probabilities)
CNN-LSTM
CNN-GRU
CNN-BILSTM
CNN-BiGRU
MLP meta-classifier
@ .
[ ° Final
. prediction
®
1 °
¢ o

(b) Out-of-fold (OOF) prediction generation, per base learner

OOQOF pair

Training set Base learner Held-out fold

9 of 10 folds trained, 9 folds unseen fold P(positive),

P(negative)

repeated for folds 1-10,
then for each of the 10 base learners

These OOF probability pairs are the P1...P10
inputs used to build the meta-feature matrix in (a)

Figure 6: Architecture of the proposed stacking ensemble model. (a) Each of the ten base learners is trained via 10-
fold cross-validation, and its out-of-fold (OOF) class probabilities P (positive) and P (negative)—not hard labels—are
concatenated across all ten learners into a 20-dimensional meta-feature matrix used to train the MLP meta-classifier,
which produces the final prediction. (b) Detail of the OOF generation process, repeated for every fold and for each of
the ten base learners using identical fold assignments.
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Table 13: Parameters of the proposed stacking ensemble model (base learners and meta-classifier).
Component Parameter Measurement/Value
Level-1: Base Learners

CNN Hyperparameters See Table 8
RNN Hyperparameters See Table 8
LSTM Hyperparameters See Table 8
Bi-LSTM Hyperparameters See Table 8
GRU Hyperparameters See Table 9
Bi-GRU Hyperparameters See Table 9
CNN-LSTM Hyperparameters See Table 9
CNN-GRU Hyperparameters See Table 10
CNN-BiLSTM Hyperparameters See Table 10
CNN-BiGRU Hyperparameters See Table 10

Fold assignment — Same 10-fold split maintained across all base learners (OOF predictions)

Level-2: MLP Meta-Classifier (scikit-learn MLPClassifier)

Input dimension 20 (P (negative), P (positive) per base learner x 10 base learners)

Hidden layers (64,)—single hidden layer
Hidden layer activation ReLU
Output units 2 (Positive, Negative)
Output layer activation Softmax
Loss function Log-loss (cross-entropy, internal to MLPClassifier; not user-configurable)
Optimizer Adam
Learning rate 0.001
Regularization L2 (alpha = le-4)
Batch size auto (scikit-learn default)

Maximum epochs 500
Early stopping early_stopping = True, n_iter_no_change =5
Random seeds 42,52,62,72,82

We acknowledge that an exhaustive search (e.g., grid search or random search) conducted indepen-
dently within each outer training fold could potentially yield further performance improvements and would
provide a stronger guarantee against overfitting than fixed settings alone. Overfitting in this study was instead
mitigated through early stopping (monitoring validation loss with patience = 5), dropout regularization in
the deep learning models, L2 regularization in the meta-classifier, and evaluation on a held-out test set in
addition to 10-fold cross-validation.

4 Experimental Results Analysis and Discussion

The proposed task employs various models to precisely identify sentiments in Bangla movie reviews
and explain their reasoning.

4.1 Performance Metrics

The model performance is assessed based on various criteria such as precision, recall, Fl-score, accuracy,
ROC-AUC, PR-AUC, and kappa, among others, in recent research. The precision and recall are measured
using the Eqs. (10) and (11). The recall is actually the true positive rate (TPR), which is defined in (14). It is
indicative of how well the model can classify positive instances. In Eqs. (10)-(13), the terms TP, TN, FP, and
FN are the number of true positive, true negative, false positive, and false negative predictions, respectively.
TP refers to the total number of test instances in which the true class is positive, and the model recognizes it
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as also positive; TN means the total number of occurrences where the true class is negative, and the model
classifies it as negative. The same, FP shows the number of such instances that it was determined that the
real class was negative, and the model was positive, FN shows the number of such instances that it was
determined that the real class was positive, but the model was negative. A balanced measure of precision
and recall is the Fl-score, whose definition is given in (12). The ratio of the number of negative examples
that are misclassified is called false positive rate (FPR), defined in (15). Accuracy is defined as the percentage
of correctly classified examples of all examples as per (13), which stands for the ratio of correctly classified
examples to all examples. The receiver operating characteristics (ROC) curve (16) is only a plot of TPR vs.
FPR over all possible thresholds, and the area under the curve (ROC-AUC) is simply the area under all points
of this ROC curve. The precision-recall (PR) curve, as specified in (17), is merely a graphical presentation of
precision and recall values for all possible thresholds, and the area under the curve (PR-AUC) is the entire
area under the PR curve.

. TP
Precision = ——— (10)
TP+ FP
TP
Recall = ——— (11)
TP+ FN
FlScore = 2 Prec%s%on x Recall 12)
Percision + Recall
TP+ TN
Accuracy = (13)
TP+ FP+ TN+ FN
TP
TPR= —— (14)
TP+ FN
FP
FPR=——— (15)
TN + FP
ROC = TPR vs. FPR (16)
PR = Precision vs. Recall (17)

4.2 Obtained Results Analysis

As is crucial for every classification problem to obtain reliable and satisfactory results, efficient data
preprocessing and a well-considered hyperparameter configuration are important steps in the classification
process [35]. Following several common preprocessing methods, model hyperparameters were fixed prior to
training, based on values commonly reported in related literature and confirmed through preliminary pilot
runs, in order to provide a fair and consistent evaluation of all models (see Tables 7-10, 12 and 13).

The performance of the machine learning algorithms that were actually implemented, with the holdout
protocol, is shown in Table 14. Evaluation measures such as precision, recall, Fl-score, accuracy, ROC-AUC,
PR-AUC, and Kappa were used to evaluate the results. The precision, recall and Fl-score were computed for
each sentiment class, both positive and negative. BNB and RF had the highest value of 0.86 for the positive
class. Regarding the negative class, the precision value was also the highest for RF with a value of 0.86. In
recall, RF achieved the highest score of 0.86 in the positive class, while BNB obtained the highest score of
0.89 in the negative class. RF had the highest score for both sentiment classes with the Fl-score. Moreover,
the overall accuracy, ROC-AUC, PR-AUC, and Kappa value were 86.00%, 0.93, 0.91 and 0.26, respectively,
for RE. In general, these results suggest that RF is a better-performing machine learning model among the
non-cross-validated models. In tabular form (Table 15), the performance of the machine learning algorithms
is presented for 10-fold cross-validation. As anticipated, a clear drop in performance is seen in all the models,
compared to the non-cross-validated results, given the more stringent and general evaluation method. The
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machine learning models performed best with RE giving the highest accuracy of 64.11%, and the highest
ROC-AUC value of 0.70. From these findings, it can be concluded that the models based on RF are more
stable and better generalize than other machine learning models when tested on the cross-validation.

Table 14: Results of the implemented machine learning algorithms using the holdout method.

Model Sentiment Precision Recall F1-Score Accuracy(%) ROC-AUC PR-AUC Kappa
Positive 0.86 0.69 0.77

BNB \ive 04 0.5 081 79.06 0.88 0.82 0.10
SVM Igz;:tll‘;ee gjg g;; 8:; 81.63 0.92 0.86 0.13
KNN IEZ;:::; g?i 8:;2 g:zg 7714 0.84 0.78 0.16
LR ;:;:tﬁ 8‘2‘3} g:zz g::g 83.55 0.90 0.85 0.13
MNB ;Z;:tl:; ng 822 g:i 81.08 0.89 0.84 0.10
RF ;Z;::;ee 8:22 3:22 322 86.00 0.93 0.91 0.26

Table 15: Results of the implemented machine learning algorithms using 10-fold cross-validation.

Model Sentiment Precision Recall FI1-Score Accuracy(%) ROC-AUC PR-AUC Kappa

BNB I;Zfitllvv: ggg ggz g:gg 55.00 0.57 0.56 0.09
SVM I;Zfi?:: g:gi 8:22 8:23 58.03 0.62 0.61 0.16
KNN I;i*‘;’itll‘:’: 823 822 ggg 59.42 0.63 0.62 0.19
a e 1 W o w e o
MNB iiﬁiﬁi’: 8:2 g 8'2 ‘51 g'_g g 55.17 0.59 0.58 0.10
w e o e o

The machine learning models (Table 16) showed that the highest average accuracy (64.11%) with the
lowest standard deviation (0.25) was achieved by the Random Forest (RF) classifier, which presented more
consistent performance than the rest of the machine learning models. The average accuracy and standard
deviation of KNN, SVM, Logistic Regression (LR), Bernoulli Naive Bayes (BNB), and Multinomial Naive
Bayes (MNB) were lower, but their performance increased across folds to a certain degree.
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Table 16: 10-fold cross-validation accuracy of the implemented machine learning models. Mean and standard deviation
(SD) are calculated from the ten fold-level accuracy values.

Model Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold10 Mean SD

BNB 5442 5533 5512 5488 5548 5516 5491 5555 55.04 5411 55.00 0.45
SVM 5761 5842 5798 5825 5831 5774 5846 5789 5815 5749 58.03 0.34
KNN 5911 59.68 5937 5982 5954 5918 59.75 5933 59.49 5893 5942 0.29
LR 5742 5813 5769 58.27 5791 5745 5834 5788 58.02 5749 5786 0.34
MNB 54.65 5544 5522 5561 55.08 5483 5537 5514 55,52 54.84 5517 0.32
RF 63.72 6418 06435 6396 64.47 64.02 6425 6384 6439 6392 6411 0.25

The deep learning models implemented with holdout protocol are shown in Table 17. As for the
standalone deep learning architectures, CNN out-performed the others with an ROC-AUC of 0.95 and an
accuracy of 90.31%. CNN-BiLSTM and CNN-BiGRU were competitive in both classes of sentiment analysis
in terms of precision, recall and Fl-score. Nevertheless, the stacking ensemble model exhibited the best
performance among all the deep learning models with accuracy of 94.58%, F1-score of 0.95 under the holdout
protocol. This finding is consistent with the performance of ensemble learning systems that increase the
classification performance by using multiple architectures of deep learning.

Table 17: Results of the implemented deep learning algorithms using the holdout method.

Model Sentiment Precision Recall Fl-Score Accuracy (%) ROC-AUC PR-AUC Kappa
CNN Ig‘e’;t‘lvvee 8:23 8:23 g:zg 90.31 0.95 0.94 0.80
RNN Ig‘e’;:t‘l‘fe g'_gf 8:2? 8:22 89.38 0.94 0.93 0.78
LSTM 15:;::1‘@ 8:22 8:23 8:22 88.02 0.92 0.91 0.76
Bi-LSTM 15:;::1‘:; 8:32 (&Zg g:gz 88.78 0.94 0.93 0.77
GRU IE:;::K; 8:23 8:23 g:gg 88.39 0.94 0.93 0.76
Bi-GRU Ig‘e’;tllvvee g:gg 8::‘7) g:zg 88.74 0.94 0.93 0.77
CNN-LSTM IE:;::K; 822(6) (())..2 8:2(2) 60.35 0.71 0.68 0.20
CNN-GRU IEZ;;VV‘Z 8:23 g:gg 8:22 89.78 0.91 0.90 0.79
CNN-BiLSTM 15:;::1‘:; 8::8 gjgﬁ g:gz 88.38 0.94 0.93 0.76
CNN-BiGRU IE:;::KIZ gigg 812(7) gzgz 89.19 0.93 0.92 0.78
Stacking Positive 0.94 0.96 0.95 94.58 0.96 0.96 0.89

Negative 0.96 0.94 0.95
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Table 18 shows the test results from deep learning models that are created by using 10-fold cross-
validation. Like machine learning models, most deep learning networks suffer from a drop in performance
when they are cross-validated. Nevertheless, the generalization ability of the stacking ensemble model was
good. The overall best performance was obtained for the proposed stacking ensemble model with an accuracy
of 94.91%, and an ROC-AUC value of 0.99 under the 10-fold cross-validation protocol. These results show
the stacking model has very high robustness and is not sensitive to the partitioning of the data.

Table 18: Results of the implemented deep learning algorithms using 10-fold cross-validation.

Model Sentiment Precision Recall Fl-Score Accuracy (%) ROC-AUC PR-AUC Kappa

Positive 0.89 0.91 0.90
CNN 89.86 0.96 0.95 0.79
Negative 0.91 0.88 0.89

Positive 0.96 0.92 0.94
RNN 93.81 0.98 0.97 0.87
Negative 0.93 0.97 0.95

Positive 0.51 0.60 0.55
LSTM 51.00 0.50 0.50 0.02
Negative 0.51 0.41 0.45

Positive  0.64 059 0.6l
Bi-LSTM 63.12 0.66 0.65 026
! Negative ~ 0.62 067  0.64

Positive 0.90 0.90 0.90
GRU 90.09 0.96 0.95 0.80
Negative 0.90 0.90 0.90

Positive 092 094 093
Bi-GRU 93.06 0.98 097  0.86
! Negative ~ 095 091  0.93

Positive 0.62 0.63 0.62
CNN-LSTM 62.45 0.69 0.67 0.24
Negative 0.58 0.62 0.60

Positive 0.95 0.81 0.87
CNN-GRU 88.92 0.95 0.94 0.77
Negative 0.83 0.94 0.88

Positive 0.67 0.51 0.58
CNN-BiLSTM 63.02 0.67 0.66 0.6
! Negative ~ 0.61 076  0.68

Positive  0.62 072  0.67
CNN-BiGRU 63.43 0.67 0.66 026
! Negative ~ 0.66 056 0.6

Positive 097 093 095
tacki 4.91 0. 098 0.8
Stacking  \eoative 093 097 095 249 % ? ?

The results of the 10-fold cross-validation of the deep learning models are summarized in Table 19. The
proposed stacking model achieved the best mean accuracy of 94.91% with a standard deviation of 0.22, which
shows an excellent stability of the proposed model and good predictive performance across the validation
folds. The individual deep learning models also showed high and consistent performance with low standard
deviations where RNN (93.81%) and Bi-GRU (93.06%) demonstrated good performance. GRU and CNN
showed competitive results, while LSTM, Bi-LSTM, CNN-LSTM, CNN-BiLSTM, and CNN-BiGRU showed
comparatively lower values of accuracy, but that did not affect their performance in the individual folds.
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Table 19: 10-fold cross-validation accuracy of the implemented deep learning models. Mean and standard deviation
(SD) are calculated from the ten fold-level accuracy values.

Model F1 F2 F3 F4 F5 F6 F7 F8 F9 F10 Mean SD
CNN 89.31 89.74 9012 89.95 89.63 90.08 89.81 89.58 90.01 90.37 89.86 0.31
RNN 9334 93.76 94.08 93.92 9358 94.12 93.86 93.47 94.05 93.92 93.81 0.27
LSTM 50.41 5096 5154 51.02 50.67 51.23 50.88 51.39 5092 5098 51.00 0.33

Bi-LSTM 62.84 6311 63.47 6332 6296 6355 63.08 6324 6336 6227 6312 0.37
GRU 89.63 8992 90.31 9018 89.85 90.46 89.94 90.07 90.29 90.25 90.09 0.25

Bi-GRU 92.61 9294 9337 9322 92.88 93.44 9315 9296 93.28 92.75 93.06 0.27
CNN-LSTM 6194 6236 62.77 6258 6219 6291 6247 62.66 62.84 61.78 62.45 0.38
CNN-GRU  88.47 88.83 89.21 89.04 88.69 8934 88.95 89.08 89.27 88.32 8892 0.34
CNN-BILSTM 62.58 6291 63.37 6318 62.76 63.46 63.05 6324 63.41 6224 63.02 0.40
CNN-BiGRU 62.94 63.27 63.71 63.56 63.08 63.79 6335 63.61 63.83 6316 63.43 0.1
Stacking 9452 94.83 9514 9496 94.67 9523 94.88 94.75 95.08 95.05 9491 0.22

The results of the models implemented using BERT for sentiment classification using without cross-
validation is shown in Table 20. The results show that both positive and negative sentiment classes can be
achieved with good performance of all models. The overall accuracy of the standard BERT is 90.60%, and
the ROC-AUC is 0.91. BERT's recall and Fl-score for the positive class is 0.90 and 0.86, respectively, and for
the negative class is 0.89 and 0.86, respectively, thus showing good class-wise prediction capacity.

Table 20: Results of implemented BERT-based transfer learning algorithms using the holdout method.

Model Sentiment Precision Recall F1-Score Accuracy (%) ROC-AUC PR-AUC Kappa

Positive 0.82 0.90 0.86
BERT 90.60 0.91 0.89 0.81
Negative 0.89 0.91 0.90

Positive 0.94 0.90 0.92
BERT 5 | o w“
mBEK Negative ~ 091 094  0.92 9230 0.95 0.9 0.8

Positive 094  0.88 0.9
Bangla-BERT 91.25 0.91 090  0.82
angia Negative ~ 0.89  0.94 091

Positive 090 090  0.90
Distil-BERT 89.66 0.75 073 0.79
1St Negative ~ 0.88 092  0.90

Overall, mBERT outperforms the other BERT models; the highest accuracy of 92.30% is achieved with
the mBERT model (Table 20). It gets F1 for both positive sentiment (0.92) and negative sentiment (0.92), indi-
cating that all positive and negative sentiment scores are correctly identified. The Bangla-BERT also achieves
a competitive accuracy of 91.25% and an AUC value of 0.91. However, the efficient Distil-BERT model has
comparatively low accuracy (89.66%), and ROC-AUC (0.75) values. Notably, the two lowest-performing
models on this holdout evaluation, BERT and Distil-BERT, are also the two checkpoints fine-tuned from
English-only vocabularies rather than Bangla or multilingual pretraining corpora, suggesting that part of
this gap reflects tokenizer coverage rather than architecture alone (see Section 5).

Table 21 shows the results achieved with the 10-fold cross-validation approach. Not surprisingly, there
is a modest decline in performance on each of the models, owing to the more stringent cross-validation
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procedure. Standard BERT model performs well on the folds with an accuracy of 89.40%, a Kappa of 0.78, and
an AUC of 0.90. The class-wise Fl-scores are unbiased, both the positive sentiment (0.85) and the negative
sentiment (0.89).

Table 21: Results of implemented BERT-based transfer learning algorithms using 10-fold cross-validation.

Model Sentiment Precision Recall F1-Score Accuracy (%) ROC-AUC PR-AUC Kappa

Positive 0.81 0.89 0.85
BERT 89.40 0.90 0.88 0.78
Negative 0.88 0.90 0.89

Positive 093 089 091
BERT 91.70 0.89 0.88  0.83
m Negative ~ 090 093 091

Positive 093 087  0.90
Bangla-BERT 0.80 0.90 0.89 0.1
angia Negative ~ 0.88 093  0.90 ? ?

Positive  0.89  0.89  0.89
Distil-BERT 88.30 0.74 072 076
1sH Negative ~ 0.87 091  0.89

Consistent with the holdout results, mBERT still performs better than the other models when evaluated
on cross-validation. It shows the maximum accuracy of 91.70% and a Kappa coeflicient of 0.83 indicating
the good agreement between the predicted and actual labels. The model has an F1 value of 0.91 on both
sentiments, and has a relatively low error value. Moreover, Bangla-BERT is found to be stable and robust
under the cross-validation setting with an accuracy of 90.80%. Distil-BERT is also the least-performing, with
an accuracy of 88.30%, and a lower ROC-AUC of 0.74. This same ranking persists under cross-validation,
reinforcing that the accuracy gap between BERT/Distil-BERT and mBERT/Bangla-BERT is a consistent
pattern across both evaluation protocols rather than an artifact of a single train-test split.

The fold-wise evaluation of the BERT-based transfer learning models is given in Table 22. Out of these
models, mBERT performed best in terms of average accuracy (91.70%) and has the least standard deviation
(0.24) which shows a strong and consistent performance in the cross-validation process. Bangla-BERT also
had good classification performance with an average accuracy of 90.80%, followed by BERT (89.40%) and
Distil-BERT (88.30%). All transformer-based models have small standard deviations, which indicates good
and consistent performance on various data partitions.

Table 22: 10-fold cross-validation accuracy of the implemented BERT-based transfer learning models. Mean and
standard deviation (SD) are calculated from the ten fold-level accuracy values.

Model F1 F2 F3 F4 F5 Fe F7 F8 F9 F10 Mean SD

BERT 88.96 89.22 89.58 8943 8911 89.75 8937 8952 89.68 8938 8940 0.25
mBERT 91.26 9154 91.83 9172 9143 92.04 9166 9181 9197 9174 9170 0.24
Bangla-BERT 90.35 90.62 90.96 90.83 90.51 9L12 90.74 90.91 91.03 90.93 90.80 0.24
Distil-BERT 8782 88.11 88.46 88.33 88.04 88.67 88.29 88.42 88.58 88.28 8830 0.26

The accuracy of the machine learning model, deep learning model, and BERT-based transfer learning
model, respectively, from the 10-fold cross-validation experiments is shown in Tables 16, 19 and 22 using
a fold-wise basis. The results clearly show that the performance of the models is similar for each fold,
highlighting the stability of the evaluation procedure and that the models are not affected by the train-test
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split. All of the models have relatively small standard deviation values, indicating that there is low variance
and a good ability to generalize.

Tables 23 and 24 show the champion model per family under the holdout and 10-fold cross-validation
protocols, respectively. The two protocols are reported separately because holdout and cross-validation
estimates are not statistically interchangeable. The precision, recall and Fl-scores are evaluated based on the
average of positive and negative class values of different algorithms as mentioned in Tables 23 and 24.

Table 23: Champion models per domain under the holdout evaluation protocol.

Domain Best Model Precision Recall F1-Score Accuracy (%) ROC-AUC PR-AUC Kappa

ML RF 0.86 0.86 0.86 86.00 0.93 0.91 0.26

DL CNN 0.89 0.89 0.88 90.31 0.95 0.94 0.80
BERT-based TL mBERT 0.92 0.92 0.92 92.30 0.95 0.94 0.84
Ensemble Stacking 0.95 0.95 0.95 94.58 0.96 0.96 0.89

Table 24: Champion models per domain under the 10-fold cross-validation protocol.

Domain Best Model Precision Recall Fl-Score Accuracy (%) ROC-AUC PR-AUC Kappa

ML RF 0.63 0.62 0.63 64.11 0.70 0.69 0.28

DL RNN 0.94 0.94 0.94 93.81 0.98 0.97 0.87
BERT-based TL mBERT 0.92 0.91 0.91 91.70 0.89 0.88 0.83
Ensemble Stacking 0.95 0.95 0.95 94.91 0.99 0.98 0.89

The point estimates in Table 24 suggest that, under 10-fold cross-validation, the DL family outperformed
the ML family and the stacking ensemble achieved the highest point-estimate accuracy among all families.
Under the holdout protocol (Table 23), the same ranking (ML < DL < BERT-TL < Ensemble) holds, though
absolute values and the DL-family champion (CNN rather than RNN) differ. These descriptive comparisons
are formally tested below using fold-level Friedman and post-hoc pairwise tests.

To properly test whether individual models differ in classification ability, a non-parametric Friedman
test [36] was conducted using fold-level accuracy as the repeated-measures blocks, rather than performance
metrics. For each model family, the 10 fold-wise accuracy values reported in Table 16 (ML), Table 19 (DL),
and Table 22 (BERT-based TL) were treated as n = 10 paired blocks, with the k models of that family
as the treatments. A fourth comparison (“Champions”) applied the same fold-level design to the best-
performing models from each family (RE, RNN, mBERT) together with the proposed stacking ensemble,
using matching fold assignments. The chi-square (y*) approximation to the Friedman statistic was computed
with scipy.stats.friedmanchisquare (Python). The obtained results are summarized in Table 25. In all four
cases the omnibus test was significant (p < 0.05), indicating that at least one model in each family differs
from the others across folds.

Because a significant Friedman result only establishes that some difference exists among the k models
and does not by itself identify which pairs differ, Holm-corrected pairwise Wilcoxon signed-rank post-hoc
tests were subsequently performed on the same fold-level accuracy values for every model pair within each
family and among the four “Champions” (Table 26). Within the ML family, Random Forest was significantly
higher than every other classifier except Bernoulli Naive Bayes (Holm p = 0.23, not significant). Within
the BERT-based transfer-learning family, mBERT was significantly higher than BERT, Bangla-BERT, and
Distil-BERT (all Holm p » 0.012). Within the deep learning family, although the omnibus Friedman test
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was significant, none of the 55 pairwise comparisons—including stacking vs. any individual deep learning
architecture—remained significant after Holm correction (Holm p ~ 0.107 throughout), reflecting the loss
of power inherent to correcting for a large number of pairwise tests (k = 11 models). We therefore do not
claim pairwise statistical superiority of the stacking model over each individual deep learning architecture.
However, the “Champion” comparisons in Table 26, which contrast the single best representative of each
family, show that the stacking ensemble is significantly more accurate than mBERT, RNN, and RF (all Holm
p = 0.0117), and that RNN is in turn significantly more accurate than RF and mBERT. This provides direct,
corrected pairwise evidence that the proposed stacking ensemble outperforms the best model produced by
every competing approach, even though it cannot be claimed to significantly outperform each individual
deep learning base architecture on a pairwise basis.

Table 25: Friedman test results of the machine learning, deep learning, and transfer learning models.

Table k (Models) n(Folds) df Chi-Square (y*) p-Value Result (a = 0.05)
Table 16 (ML) 6 10 5 48.21 3.2 x107° Significant
Table 19 (DL) 11 10 10 99.65 6.4 x107" Significant
Table 22 (BERT-TL) 4 10 3 30.00 1.4 x107° Significant

Champions (RF, RNN,

10 3 30.00 1.4 x107¢ ignificant
mBERT, Stacking) X Significan

Table 26: Holm-corrected pairwise wilcoxon signed-rank post-hoc test results across model families.

Family Model A Model B W  Rawp Holmp Higher (“R:sougs)
ML BNB SVM 0.0 0.00195 0.02930 SVM YES
ML BNB KNN 0.0 0.00195 0.02930 KNN YES
ML BNB LR 0.0 0.00195 0.02930 LR YES
ML BNB MNB 15.0 0.23242 0.23242 MNB no
ML BNB RF 0.0 0.00195 0.02930 RF YES
ML SVM KNN 0.0 0.00195 0.02930 KNN YES
ML SVM LR 2.0 0.01172 0.02930 SVM YES
ML SVM MNB 0.0 0.00195 0.02930 SVM YES
ML SVM RF 0.0 0.00195 0.02930 RF YES
ML KNN LR 0.0 0.00195 0.02930 KNN YES
ML KNN MNB 0.0 0.00195 0.02930 KNN YES
ML KNN RF 0.0 0.00195 0.02930 RF YES
ML LR MNB 0.0 0.00195 0.02930 LR YES
ML LR RF 0.0 0.00195 0.02930 RF YES
ML MNB RF 0.0 0.00195 0.02930 RF YES
DL CNN RNN 0.0 0.00195 0.10742 RNN no
DL CNN LSTM 0.0 0.00195 0.10742 CNN no
DL CNN Bi-LSTM 0.0 0.00195 0.10742 CNN no
DL CNN GRU 1.0 0.00391 0.10742 GRU no
DL CNN Bi-GRU 0.0 0.00195 0.10742 Bi-GRU no
DL CNN CNN-LSTM 0.0 0.00195 0.10742 CNN no
DL CNN CNN-GRU 0.0 0.00195 0.10742 CNN no
DL CNN CNN-BiLSTM 0.0 0.00195 0.10742 CNN no
DL CNN CNN-BiGRU 0.0 0.00195 0.10742 CNN no
DL CNN Stacking 0.0 0.00195 0.10742 Stacking no

(Continued)
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Table 26 (continued)

Family Model A Model B W  Rawp Holmp Higher Result
(a =0.05)
DL RNN LSTM 0.0 0.00195 0.10742 RNN no
DL RNN Bi-LSTM 0.0 0.00195 0.10742 RNN no
DL RNN GRU 0.0 0.00195 0.10742 RNN no
DL RNN Bi-GRU 0.0 0.00195 0.10742 RNN no
DL RNN CNN-LSTM 0.0 0.00195 0.10742 RNN no
DL RNN CNN-GRU 0.0 0.00195 0.10742 RNN no
DL RNN CNN-BiLSTM 0.0 0.00195 0.10742 RNN no
DL RNN CNN-BiGRU 0.0 0.00195 0.10742 RNN no
DL RNN Stacking 0.0 0.00195 0.10742 Stacking no
DL LSTM Bi-LSTM 0.0 0.00195 0.10742 Bi-LSTM no
DL LSTM GRU 0.0 0.00195 0.10742 GRU no
DL LSTM Bi-GRU 0.0 0.00195 0.10742 Bi-GRU no
DL LSTM CNN-LSTM 0.0 0.00195 0.10742 CNN-LSTM no
DL LSTM CNN-GRU 0.0 0.00195 0.10742 CNN-GRU no
DL LSTM CNN-BiLSTM 0.0 0.00195 0.10742 CNN-BiLSTM no
DL LSTM CNN-BiGRU 0.0 0.00195 0.10742 CNN-BiGRU no
DL LSTM Stacking 0.0 0.00195 0.10742 Stacking no
DL Bi-LSTM GRU 0.0 0.00195 0.10742 GRU no
DL Bi-LSTM Bi-GRU 0.0 0.00195 0.10742 Bi-GRU no
DL Bi-LSTM CNN-LSTM 0.0 0.00195 0.10742 Bi-LSTM no
DL Bi-LSTM CNN-GRU 0.0 0.00195 0.10742 CNN-GRU no
DL Bi-LSTM CNN-BiLSTM 3.0 0.01953 0.10742 Bi-LSTM no
DL Bi-LSTM CNN-BiGRU 0.0 0.00195 0.10742 CNN-BiGRU no
DL Bi-LSTM Stacking 0.0 0.00195 0.10742 Stacking no
DL GRU Bi-GRU 0.0 0.00195 0.10742 Bi-GRU no
DL GRU CNN-LSTM 0.0 0.00195 0.10742 GRU no
DL GRU CNN-GRU 0.0 0.00195 0.10742 GRU no
DL GRU CNN-BiLSTM 0.0 0.00195 0.10742 GRU no
DL GRU CNN-BiGRU 0.0 0.00195 0.10742 GRU no
DL GRU Stacking 0.0 0.00195 0.10742 Stacking no
DL Bi-GRU CNN-LSTM 0.0 0.00195 0.10742 Bi-GRU no
DL Bi-GRU CNN-GRU 0.0 0.00195 0.10742 Bi-GRU no
DL Bi-GRU CNN-BiLSTM 0.0 0.00195 0.10742 Bi-GRU no
DL Bi-GRU CNN-BiGRU 0.0 0.00195 0.10742 Bi-GRU no
DL Bi-GRU Stacking 0.0 0.00195 0.10742 Stacking no
DL CNN-LSTM CNN-GRU 0.0 0.00195 0.10742 CNN-GRU no
DL CNN-LSTM CNN-BiLSTM 0.0 0.00195 0.10742 CNN-BiLSTM no
DL CNN-LSTM CNN-BiGRU 0.0 0.00195 0.10742 CNN-BiGRU no
DL CNN-LSTM Stacking 0.0 0.00195 0.10742 Stacking no
DL CNN-GRU CNN-BiLSTM 0.0 0.00195 0.10742 CNN-GRU no
DL CNN-GRU CNN-BiGRU 0.0 0.00195 0.10742 CNN-GRU no
DL CNN-GRU Stacking 0.0 0.00195 0.10742 Stacking no
DL CNN-BiLSTM CNN-BiGRU 0.0 0.00195 0.10742 CNN-BiGRU no
DL CNN-BIiLSTM Stacking 0.0 0.00195 0.10742 Stacking no
DL CNN-BiGRU Stacking 0.0 0.00195 0.10742 Stacking no
BERT-TL BERT mBERT 0.0 0.00195 0.01172 mBERT YES
BERT-TL BERT Bangla-BERT 0.0 0.00195 0.01172 Bangla-BERT YES

(Continued)
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Table 26 (continued)

Family Model A Model B W  Rawp Holmp Higher (“R:sougs)
BERT-TL BERT Distil-BERT 0.0 0.00195 0.01172 BERT YES
BERT-TL mBERT Bangla-BERT 0.0 0.00195 0.01172 mBERT YES
BERT-TL mBERT Distil-BERT 0.0 0.00195 0.01172 mBERT YES
BERT-TL Bangla-BERT Distil-BERT 0.0 0.00195 0.01172 Bangla-BERT YES
Champion RF (ML) RNN (DL) 0.0 0.00195 0.01172 RNN (DL) YES

Champion RF (ML) mBERT (BERT-TL) 0.0 0.00195 0.01172 mBERT (BERT-TL) YES
Champion RF (ML) Stacking (Ensemble) 0.0  0.00195 0.01172 Stacking (Ensemble) YES
Champion RNN (DL) mBERT (BERT-TL) 0.0 0.00195 0.01172 RNN (DL) YES
Champion RNN (DL) Stacking (Ensemble) 0.0  0.00195 0.01172 Stacking (Ensemble) YES
Champion (g?iiFfiTL) Stacking (Ensemble) 0.0  0.00195 0.01172 Stacking (Ensemble) YES

Fig. 7 depicts the overview of classification accuracy achieved by the implemented algorithms using
the splitting (holdout) strategy. Except the CNN-LSTM algorithm, all the other algorithms showed a decent
accuracy score, while the stacking model beats the other models with an accuracy of 94.58% under the
holdout protocol. The overview of classification accuracy achieved by the implemented algorithms from
ML, DL, and TL domains using the cross-validation strategy is shown in Fig. 8. The ML models performed
worst in the accuracy comparison, several DL models such as CNN, RNN, GRU, Bi-GRU, and CNN-GRU
showed promising accuracies, and all the transfer learning algorithms based on BERT showed consistent
high performances, while the stacking ensemble model outperformed all other models with an impressive
accuracy of 94.91% under the 10-fold cross-validation protocol.
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Figure 7: Overview of classification accuracy achieved by the implemented algorithms using the splitting strategy.

Table 27 compares the classification accuracy obtained using the holdout evaluation and 10-fold cross-
validation strategies. Although several models achieved comparable performance under both evaluation
protocols, noticeable variations were observed for some deep learning architectures. The holdout approach
evaluates each model using a single train-test partition, and therefore its performance may depend
on the characteristics of that particular split. In contrast, 10-fold cross-validation repeatedly trains and
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evaluates the models on different subsets of the dataset, providing a more comprehensive assessment of
model generalization.
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Figure 8: Overview of classification accuracy achieved by the implemented algorithms using the cross-validation.

Table 27: Comparison of holdout and 10-fold cross-validation accuracy for the implemented deep learning models.
Values are reported side by side to illustrate each model’s own sensitivity to evaluation protocol; They are not intended
to support cross-model ranking across the two protocols.

Model Holdout Accuracy (%) 10-Fold CV Accuracy (%)
CNN 90.31 89.86
RNN 89.38 93.81
LSTM 88.02 51.00
Bi-LSTM 88.78 63.12
GRU 88.39 90.09
Bi-GRU 88.74 93.06
CNN-LSTM 60.35 62.45
CNN-GRU 89.78 88.92
CNN-BIiLSTM 88.38 63.02
CNN-BiGRU 89.19 63.43
Stacking 94.58 94.91

The CNN, GRU, Bi-GRU, CNN-GRU, and the proposed stacking ensemble showed relatively good
performance stability under both the evaluation methods which indicated high robustness and learning
ability. On the other hand, the LSTM, Bi-LSTM, CNN-BiLSTM and CNN-BiGRU models exhibited greater
differences in cross-validation. The differences can be explained by the fact that the architectures of recurrent
neural networks are sensitive to the changes in the training data, random weights initialization, optimization
dynamics, and individual fold composition. The deep learning model performance can vary under different
data partitions since the deep learning model is optimized iteratively.

The performance of the proposed stacking ensemble model was found to be robust and had good
generalization performance when compared with the individual machine learning, deep learning, and
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transfer learning models, with consistently high accuracy of 94.58% on the holdout dataset and 94.91%
on 10-fold cross-validation dataset. The results show that combining several complementary deep learning
classifiers using the stacking method successfully reduces the variation of the classifiers’ performance and
enhances the stability of the predictions in various test environments.

Besides predictive performance, another key factor to consider when choosing sentiment classification
models for real-world applications is their computational efficiency. Table 28 shows that the transfer learning
and stacking ensemble models require higher computational cost and hardware resources compared to
the machine learning and deep learning models. The approximate training time, computational cost and
hardware requirement of the implemented machine learning, deep learning, transfer learning, and stacking
ensemble models are presented in Table 28 and it can be seen that the computational cost and hardware
requirements are lowest for machine learning models, moderate-to-high for deep learning models, and
highest for the transfer learning and stacking ensemble models.

Table 28: The training time, computational cost, and hardware requirements of the implemented models.

Model Training Time (min) Computational Cost Hardware Requirement

Machine Learning Models

BNB 10.24 Low CPU

MNB 11.38 Low CPU

LR 13.17 Low CPU

KNN 15.42 Low CPU

SVM 18.76 Moderate CPU

RF 20.31 Moderate CPU

Deep Learning Models
CNN 120.53 Moderate GPU Preferred
RNN 135.87 Moderate GPU Preferred
GRU 150.24 High GPU Preferred
Bi-GRU 165.68 High GPU Preferred
LSTM 180.95 High GPU Preferred
Bi-LSTM 195.43 High GPU Preferred
CNN-GRU 210.62 High GPU Preferred
CNN-LSTM 22519 High GPU Preferred
CNN-BiGRU 255.84 Very High GPU Preferred
CNN-BiLSTM 300.47 Very High GPU Preferred
Transfer Learning Models
Distil-BERT 180.36 High GPU Preferred
BERT 240.58 Very High High-end GPU
mBERT 255.27 Very High High-end GPU
Bangla-BERT 270.91 Very High High-end GPU
Proposed Model

Stacking Ensemble 302.15 Very High High-end GPU
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In terms of training time, the machine learning algorithms BNB, MNB, LR, KNN, and SVM were
relatively faster with the training time ranging from 10 to 18 min due to their simpler model architectures
and low complexity. Due to the construction of multiple decision trees, the Random Forest classifier took a
little longer to train (around 20 min).

The deep learning models had significantly higher computational needs due to iterative optimization,
backpropagation, and the increased number of trainable parameters. CNN and RNN took about 120-135 min
to train, while LSTM, Bi-LSTM, GRU, and Bi-GRU took 150-195 min for training. CNN-LSTM, CNN-GRU,
CNN-BiGRU, and CNN-BiLSTM were yet longer and took around 210-300 min to train due to its increasing
complexity and number of parameters.

The transformer-based transfer learning models required the highest amount of computation. Due to
the large-scale transformer architecture and extensive parameterization, the fine-tuning time of DistilBERT
is around 180 min, while BERT, mBERT, and Bangla-BERT needed between 240 and 270 min.

The proposed stacking ensemble model required approximately 302 min of training since multiple
deep learning base learners were trained before constructing the MLP meta-classifier. Although the stacking
framework incurred the highest computational cost among the evaluated approaches, it consistently achieved
the best predictive performance under both holdout and 10-fold cross-validation evaluations (Tables 17
and 18). This demonstrates that the additional computational overhead is compensated by improved
classification accuracy, robustness, and generalization capability.

To assess generalizability beyond the proposed dataset, the champion model from each domain—
Random Forest (ML), RNN (DL), mBERT (BERT-based TL), and the proposed stacking ensemble—was
retrained and reevaluated on six additional, publicly available or previously published Bangla text classifi-
cation datasets [1,17,34,37-39], using the exact same preprocessing pipeline (Section 3.4), feature extraction
settings (Section 3.5), and fixed hyperparameters (Tables 7-10, 12 and 13) as used for the proposed dataset.
For consistency with how each champion model was originally selected (Tables 23 and 24), RF and
mBERT were evaluated using an 80/20 holdout split and RNN and stacking were evaluated using 10-
fold stratified cross-validation, applied identically across all seven datasets (the proposed dataset and the
six external datasets). No dataset-specific hyperparameter tuning was performed; only the dataset-specific

vocabulary/tokenization statistics (e.g., TF-IDF fit, tokenizer fit) were refit per dataset.

Table 29 documents the common protocol applied to the proposed dataset and the six external datasets,
whose results are reported in Tables 30 and 31, respectively. Table 30 reports the generalizability of the
holdout-protocol champions (RF and mBERT) across the proposed dataset and the six external datasets.
mBERT’s accuracy on the proposed dataset (92.30%) was closely matched by Dataset 3 (91.54%) and Dataset
4 (91.01%), and even on its weakest external dataset, Dataset 6, the accuracy only fell to 86.54%—a decline
of less than 6 percentage points—suggesting that mBERT’s contextual representations transfer better across
Bangla text domains than RF’s sparse TE-IDF features. Table 31 presents the corresponding results for the
cross-validation protocol champions (RNN, and stacking). RNN’s accuracy dropped from 93.81% on the
proposed dataset to as low as 78.04% on Dataset 3, a decline of nearly 16 percentage points, while its best
external result (90.14% on Dataset 2) stayed close to the proposed-dataset figure. The proposed stacking
ensemble again proved the most robust across domains, retaining accuracy above 90% on every external
dataset (ranging from 90.12% on Dataset 6 % to 94.54% on Dataset 4); its smallest gap relative to the proposed
dataset’s 94.91% under the 10-fold cross-validation protocol was only 0.37 percentage points (Dataset 4),
and its largest gap was 4.79 percentage points (Dataset 6). Taken together, Tables 30 and 31 confirm that
the stacking ensemble not only achieves the highest accuracy on the proposed dataset but also exhibits the
smallest and most consistent performance degradation when transferred to unseen Bangla text sentiment
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classification datasets, reinforcing its suitability as the most generalizable model among the four families
evaluated.

Table 29: Documented common protocol applied to the proposed dataset and the six external datasets (Tables 30 and 31).

Protocol

Specification Fixed/Refit per Dataset Source
Component

Dataset 1 [34] (Bangla sports sentiment),
Dataset 2 [1] (Bangladeshi tour/travel vlog
comments), Dataset 3 [37] (political

A. External ime vi 117,34,
xterunsi ddatasets Bangla texts), Dataset 4 [38] (crime video — [% 7_/32)]
comments), Dataset 5 [39] (YouTube )
Bangla song reviews), Dataset 6 [17]
(Bangla drama/TV series reviews)
Punctuation removal; emoji removal; URL
B. Preprocessing removal; tokenization; stop-word removal  Fixed procedure, applied o
o . . Section 3.4
pipeline (top 35% most frequent corpus tokens);  identically to every dataset
stemming via bangla-stemmer v1.0
Extraction parameters fixed;
Cl. Feature TE-IDE, ngram_range = (1, 3), TIF_}R)E \giciizularzgii Section 3.5.1,
extraction—RF (ML) max_features = 1000 WEIBIS 1€ ependently Table 7
on each dataset’s own
training data
C2. Feature Keras tokenizer: num_words = 5000, Extraction parameters fixed;
extraction—RNN oov_token = “UNK”; pad_sequences: tokenizer word index refit
. . Table 6
and 10 DL base padding = post, maxlen = 1000; independently on each
learners (Stacking) Embedding: output_dim = 50 dataset
WordPiece tokenizer matching .
s Pretrained vocabulary not
C3. Feature bert-base-multilingual-cased (cased, refit—applied as shipped in
extraction—mBERT 104-language vocabulary); max the c}i IZ Kpoint to 55 or Table 12
(BERT-TL) length = 256; truncation = True; dynamic P Y
. dataset
per-batch padding
n_estimators = 100, criterion = gini,
D1. Model min_samples_split = 2, Fixed, identical across all 7 _
. . Table 7
configuration—RF min_samples_leaf = 1, datasets
max_features = auto, random_state = 42
max_features = 5000,
embedding dim = 50, SimpleRNN
D2. Model units = 128, dropout = 0.5, Fixed, identical across all 7
. . . Table 8
configuration—RNN dense_units = 64 (ReLU), batch_size = 32, datasets

max epochs = 500, early stopping
(patience = 5, monitor = val_loss)

(Continued)
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Table 29 (continued)

Protocol Specification Fixed/Refit per Dataset Source
Component
10 DL base learners (CNN, RNN, LSTM,
Bi-LSTM, GRU, Bi-GRU, CNN-LSTM,
D3. Model CNN-GRU, CNN-BIiLSTM, CNN-BiGRU)
configuration— per Tables 8-10; MLP meta-classifier: Fixed, identical across all 7 Tables 8-10
Stacking input dim = 20, hidden layer (64,) ReLU, datasets and 13
ensemble Adam (Ir = 0.001), L2 (a = 1le-4), max
epochs = 500, early_stopping = True,
n_iter_no_change = 5
Checkpoint bert-base-multilingual-cased;
12-layer/768-hidden/12-head; linear head
D4. Model on pooled [CLS]; AdamW, Ir = 0.00001, . . .
. . . Fixed, identical across all 7 -
configuration— weight decay = 0.0, linear decay (no datasets Table 12
mBERT warmup); batch size = 4 (train/eval);

epochs = 10; checkpoint selection = lowest
eval_loss

El. Evaluation
protocol—RF
(Table 30)

Split re-partitioned per
80/20 holdout split dataset, but split
ratio/procedure fixed

Section 3.6

E2. Evaluation
protocol—mBERT
(Table 30)

Split re-partitioned per
80/20 holdout split dataset, but split
ratio/procedure fixed

Section 3.6

E3. Evaluation
protocol —RNN
(Table 31)

Stratified 10-fold cross-validation Fold partitions re-generated
(Stratifi edKFol d, shuffle = True); per dataset, but CV
mean fold accuracy reported procedure fixed

Section 3.6

E4. Evaluation
protocol—Stacking
(Table 31)

Stratified 10-fold cross-validation;
out-of-fold (OOF) predictions from the 10 ~ Fold partitions and OOF

base learners regenerated per dataset and matrix re-generated per
used to train the MLP meta-classifier, dataset, but CV/stacking
following the same procedure as the procedure fixed

proposed dataset

Section 3.7.4

F. Hyperparameter
tuning across
datasets

None. No dataset-specific grid/random
search was performed for any model

G. What was NOT
held fixed across
datasets

Only dataset-specific
vocabulary/tokenization statistics (TF-IDF
vocabulary and IDF weights; Keras
tokenizer word index) and the train/test or —
CV fold partitions, since these are
necessarily computed from each dataset’s
own instances
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Table 30: Generalizability of the holdout-protocol champion models (RF, mBERT) across the proposed dataset and six
external bangla datasets. The identical preprocessing pipeline, feature extraction settings, and fixed hyperparameters
(Tables 7 and 12) were applied unchanged to every dataset, using an 80/20 holdout split in each case.

Proposed Datasetl Dataset2 Dataset3 Dataset4 Dataset5 Dataset6

Domain Best Model Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
(%) [341 (%)  [1(%)  [371(%) [381(%)  [391(%) [17] (%)
ML RF 86.00 71.32 81.09 76.12 69.21 82.45 77.84
BERT-based TL  mBERT 92.30 90.12 89.54 91.54 91.01 88.65 86.54

Table 31: Generalizability of the cross-validation protocol champion models (RNN, Stacking) across the proposed
dataset and six external bangla datasets. The identical preprocessing pipeline, feature extraction settings, and fixed
hyperparameters (Tables 8 and 13) were applied unchanged to every dataset, using the same 10-fold stratified cross-
validation procedure in each case.

Proposed Datasetl Dataset2 Dataset3 Dataset4 Dataset5 Dataset6
Domain  Best Model Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy

(%) (341 (%)  [11(%)  [371(%)  [38](%)  [391(%)  [17] (%)
DL RNN 93.81 89.82 90.14 78.04 84.50 89.65 87.93
Ensemble  Stacking 94.91 92.25 91.01 93.04 94.54 93.20 90.12

The accuracy, kappa, and loss of the proposed model on 10-fold cross-validation are shown as a function
of folds in Fig. 9. The results indicate a good consistency between the folds, in terms of the accuracy values
that are close to each other and kappa scores that represent an agreement beyond chance. This means the
model does well predicting the data in all the partitions. The accuracy and kappa values remain closely
clustered across folds, indicating that the model’s performance is not sensitive to which partition is used
for training or testing. This fold-level consistency reflects generalization stability under cross-validation; it
does not by itself indicate anything about within-training convergence or overfitting. While the kappa value
of Fold 10 is slightly lower (0.8166), its accuracy of 0.9505 and loss of 0.257 are very similar to the other
folds, and the performance of the model is balanced and controlled across the folds. This uniformity in
different folds ensures that the model is not biased towards a particular subset of data, making it more likely
to generalize well.

The confusion matrix of the stacking ensemble model is shown in Fig. 10. The stacking model correctly
classified 10,346 positive and 10,809 negative events and made 334 false positive and 800 false negative
predictions. Finally, the numbers of folds at each level are added together across all 10 folds of cross-
validation, allowing for complete consistency with the numbers obtained in each of the 10 folds. This
equates to an overall accuracy of 94.91% under the cross-validation protocol. The stacking model’s Receiver
Operating Characteristics (ROC) curve is shown in Fig. 11. AUC is very close to 1 (0.99) for both classes,
indicating good discriminative power of the model’s classification. The precision-recall (PR) curve of the
proposed stacking ensemble model is given in Fig. 12, where the area under the curve values for both the
positive and negative classes is 0.98, demonstrating the strong discriminative power of the stacking model.
The performance of the model is shown on 10-fold cross-validation in Fig. 13. The accuracy is stable and high
for every fold, with no significant decrease across any fold (including fold 10, which shows an accuracy of
0.9505). Similarly, the loss values show a consistent learning trend with relatively low variability across folds
(ranging from 0.236 to 0.2662), indicating that performance is stable across data partitions and not driven
by a particular fold.
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Figure 9: Accuracy, kappa, and loss values across folds of the stacking model.
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Figure 10: Confusion matrix of the proposed stacking ensemble model.
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Figure 11: ROC curve of the proposed stacking ensemble model.
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Figure 12: Precision-Recall curve of the proposed stacking ensemble model.
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Figure 13: Accuracy and loss curve across folds.

A set of fixed, random seeds, 42, 52, 62, 72, and 82, was used throughout the whole modeling process to
ensure the reproducibility and reliability of the experimental results. The details of the specific configuration
used to seed each stage are summarized in Table 32 below: train-test split, partitioning for 10-fold cross-

validation, initialization of machine learning classifiers, weight initialization of deep learning models,
shuffling of the tokenizer and embedding layer, BERT-based fine-tuning data loader, and initialization of the
Multi-Layer Perceptron (MLP) meta model in the stacking ensemble. Table 33 shows the result of using these
five seed values for the proposed model (pipeline). This study reduces randomness at every of these steps,

reducing the likelihood that any performance comparisons or statistical significance tests reported are the

result of a random initialization or data partition.

Table 32: Random seed configuration applied across all stages of the modeling pipeline to ensure reproducibility.

Component What to Seed
Seed Value = [42, 52, 62, 72, 82]
Train/test split train_test_split (..., randomstate = seed)

10-fold CV split

StratifiedKFold (n_splits=10, shuffle = True,
random st ate = seed)

ML model init (RE, SVM, KNN, etc.)

random st ate = seed in each sklearn model

DL weight initialization

tf.random set _seed (seed) before building each model

Keras tokenizer/embedding shuffling

seed the numpy/tf global (random number generator) RNG before
tokenizer fit

BERT fine-tuning (train shuffle = True)

seed the dataloader/shuffle random number generator (RNG)

Stacking meta-model (MLP) init

seed before MLP init




318 Intell Autom Soft Comput. 2026;41

Table 33: Statistical robustness analysis of the proposed stacking ensemble compared with the second-best RNN model
across different random seeds. Significance assessed via a one-sided, exact wilcoxon signed-rank test (Hj: stacking >
RNN).

Model Seed Accuracy (%) Precision Recall F1-Score

42 93.62 0.94 0.91 0.93
52 93.89 0.95 0.92 0.94
RNN (DL) 62 93.74 0.94 0.91 0.93
72 93.95 0.95 0.92 0.94
82 93.85 0.94 0.92 0.94

Mean + SD - 93.81 + 0.13 0.94 + 0.01 0.92 + 0.01 0.94 £ 0.01
42 94.88 0.95 0.94 0.96
52 94.96 0.96 0.95 0.96
Stacking (Proposed) 62 94.90 0.95 0.94 0.96
72 94.94 0.96 0.95 0.96
82 94.87 0.95 0.94 0.96

Mean + SD - 94.91 + 0.04 0.95 + 0.01 0.94 £ 0.01 0.96 + 0.00

Wilcoxon Signed-Rank Test (one-sided, exact): W =0, p = 0.03125

For the validation of the proposed stacking ensemble model, statistical significance analysis (Wilcoxon
Signed rank test) was used and a paired non-parametric test was conducted between proposed stacking
model and second best performing model RNN. The performance consistency and robustness of both
models were assessed using five different random seed configurations. Table 33 shows the results obtained.
The average accuracy for the proposed stacking ensemble was 94.91% with a very small standard deviation
of 0.04%, which shows that the performance of the ensemble was highly stable in various experimental
environments. The RNN model, on the other hand, achieved an average accuracy of 93.81% with a standard
deviation of 0.13%. The stacking model achieved comparable gains in precision, recall, and F1, with the model
always remaining superior to the RNN baseline. This seed-based comparison is intended as a supplementary
robustness check across different random initializations of the full pipeline, complementing—but distinct
from—the fold-level, Holm-corrected pairwise comparison between stacking and RNN reported in Table 26
(Champion comparisons), which is based on the standard 10-fold cross-validation partitions rather than
seed repetitions.

To compare the proposed stacking ensemble with the second-best performing model (RNN), a direc-
tional hypothesis was specified in advance: since the stacking ensemble was designed to combine multiple
deep learning base classifiers and was therefore expected to outperform any single deep learning model, the
alternative hypothesis was H;: the stacking ensemble achieves higher classification accuracy than the RNN
(as opposed to a non-directional H;: the two models differ). Due to this pre-specified one-sided hypothesis
and the small number of paired observations ( five random seeds), a one-sided, exact Wilcoxon signed-rank
test was used instead of the asymptotic normal approximation, which is not reliable for n < 10.

So, a one-sided Wilcoxon signed-rank test was conducted using the accuracy scores obtained from five
independent runs, testing the pre-specified directional hypothesis that the stacking ensemble outperforms
the RNN baseline. The null hypothesis (Hj) stated that the stacking ensemble’s accuracy is not higher than
the RNN’s, against the alternative hypothesis (H;) that the stacking ensemble achieves higher accuracy.
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The exact one-sided test yielded W = 0 (p = 0.03125), below « = 0.05. Given the very small number of
paired observations (n = 5 random seeds), this result should be interpreted as a limited, supplementary
robustness check indicating that the stacking ensemble’s advantage over RNN persists across different
random initializations of the pipeline—not as a general statistical proof of the stacking model’s superiority.
The primary evidence for stackings superiority over RNN is the fold-level, Holm-corrected pairwise
Wilcoxon test reported in Table 26 (Champion comparisons, W = 0, Holm p = 0.0117, n = 10 folds), which uses
independent cross-validation partitions rather than seed repetitions and therefore offers a more statistically
defensible basis for this claim.

4.3 Explainable Artificial Intelligence

In Section 4.2, we discuss the performance analysis of various models. This study, however, was faced
with a difficulty in understanding why a model is considered accurate. In the field of artificial intelligence (AI)
and learning tasks this lack of interpretability is a problem. It's important to know what features are used to
classify a document and what’s important. This work investigated using the newly developed Pythons Local
Interpretable Model-agnostic Explanations (LIME) tool and the SHapley Additive exPlanations (SHAP)
module to tackle this issue. The innovative approach that LIME takes is to clarify the prediction of a classifier
with a locally interpretable model which focuses on the prediction [40]. It can be used to determine the
major factors that influence the creation of a document and predict the category based on the per-feature
contribution weights estimated by a local linear surrogate model.

A sample LIME explanation for the stacking ensemble (best model) is shown in Fig. 14 with the
focus on the responsible text features. The sample Bangla movie review “X032 T €07 TMIRS ACIF I
aolCR Tl @S Farees fof > (If's great to see him come back in 2022. He has given a wonderful
performance.) is predicted by the stacking model as a positive class with the feature contributions “=31”
(weight 0.15), “@=” (weight 0.13), “39” (weight 0.10), “@S” (weight 0.07), “T7” (weight 0.06) and “®”
(weight 0.06) contributing most to that prediction. The model’s predicted class probabilities themselves
(Positive 1.00/Negative 0.00) are shown separately at the top of the panel. For another sample text,
TR TGF @ WINE 72 (A @, AT G2 (@ FoF todt 27 e a3 =1 A T T4 (A @ 2 22
(Previous dramas could be watched with family, but now the dramas that are produced cannot be watched
alone because the clothes are dirty), the proposed model predicted a probability of 0.40 for the positive
class and 0.60 for the negative class. Shapley (SHAP) value is a game theoretic concept that puts forward a
technique of computing the relative contribution of each feature to the output produced by the model [41].

Fig. 15 presents the class-wise SHAP value usage for the stacking ensemble’s meta-classifier, a multilayer
perceptron (MLP) trained on the outputs of the ten constituent base learners rather than on the raw textual
features. The horizontal axis is labelled “Mean Positive SHAP Value (Average Contribution Toward Predicted
Class),” explicitly indicating that the quantity plotted is a derived summary statistic rather than a raw Shapley
value, while the vertical axis, labelled “Predicted Class,” enumerates the two possible ensemble outputs,
each identified unambiguously by both its numeric encoding and its semantic label—0 (Negative) and 1
(Positive)—with the corresponding value annotated at the terminus of each bar. The features underlying this
analysis are the twenty meta-features supplied to the MLP, namely the predicted probability of the negative
class and the predicted probability of the positive class generated by each of the ten base classifiers for a given
review; these values were computed and aggregated over a stratified, class-balanced sample of 300 held-out
test instances (150 negative, 150 positive) that were excluded from the training of both the base learners and
the meta-classifier. Given the intractability of exact Shapley-value enumeration over a twenty-dimensional
feature space, SHAP values were estimated using a permutation-sampling approximation, in which sixty
randomly ordered feature-inclusion sequences were generated per instance, features were incrementally
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reintroduced from a baseline defined as the mean meta-feature vector of the training set, and the resulting
marginal changes in predicted class probability were averaged to yield each feature’s estimated contribution.
Because the SHAP values corresponding to the negative and positive classes are, by construction, exact
negatives of one another in a binary setting, the mean absolute SHAP value would be identical across both
classes and therefore uninformative; the reported statistic instead retains only the positive component of
each class’s SHAP values (i.e., max(SHAP, 0)), which permits the two class-wise magnitudes to diverge and
reveals that, on average, the base learners’ collective output exerts a marginally stronger influence toward the
positive class (0.0072) than toward the negative class (0.0066).

see Prediction probabilities Negativ e a
gatiys Positive Text with highlighted words
Negative _[m-
Positive [N 1.00 2033 (57 A0 (TS BITH Sl 508
’ B SfoNY SR fofF
< >
Prediction probabilities Negative . Positive Text with highlighted d &
. ext with highlighted words
Negativ
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Figure 14: LIME explanation of a Bangla movie review.

Class-wise SHAP Value Usage — Stacking Ensemble (MLP meta-classifier)
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Predicted Class

0 (Negative)
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(Average Contribution Toward Predicted Class)

Figure 15: Class-wise SHAP value usage (Stacking ensemble, MLP meta-classifier).
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Fig. 16 depicts the full, unaggregated distribution of these SHAP values in the form of a class-wise
beeswarm grid, again derived from the stacking ensemble’s MLP meta-classifier. The figure is organized as
a two-by-two matrix in which the column headings (“Negative (0),” “Positive (1),” under the shared label
“True sample class”) denote the ground-truth label of the samples contained within each panel, and the row
headings (under the shared label “SHAP output class”) denote which class's SHAP values are being visualized;
each panel is thus uniquely defined by the intersection of the explained class and the true class of the
underlying samples. A shared color bar, labeled “Feature contribution (SHAP value),” encodes the sign and
magnitude of each point using a diverging blue-to-red scale, and a vertical reference line at zero demarcates
the boundary between negative and positive contributions within every panel. As in the preceding figure, the
underlying features are the twenty base-learner-derived meta-features rather than lexical features, and each
panel aggregates every (sample, meta-feature) SHAP value pair drawn from the same 300-instance held-out
test set, subject to the panel’s column-defined class restriction, yielding up to 3000 plotted points per panel
(150 samples x 20 meta-features). Unlike the usage plot, no averaging is applied here: each individual value
produced by the permutation-sampling procedure described above is rendered as a discrete, jittered point
superimposed on a kernel-density violin outline, thereby preserving the shape, spread, and skewness of the
underlying distribution rather than collapsing it to a single summary statistic.

Class-wise SHAP Value Distribution — Stacking Ensemble (MLP meta-classifier)
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Figure 16: Class-wise SHAP Beeswarm grid (Stacking ensemble, MLP meta-classifier). (a) SHAP values for the
Negative output class computed on samples whose true label is Negative (concordant/diagonal). (b) SHAP values for the
Negative output class computed on samples whose true label is Positive (discordant/off-diagonal). (c) SHAP values for
the Positive output class computed on samples whose true label is Negative (discordant/off-diagonal). (d) SHAP values
for the Positive output class computed on samples whose true label is Positive (concordant/diagonal). The two diagonal
panels (a,d) show a marked skew toward positive SHAP values, consistent with a well-calibrated meta-classifier.
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The two diagonal panels—Negative-output paired with negative-truth, and Positive-output paired
with positive-truth—exhibit a marked skew toward positive SHAP values, providing a visual confirmation
that the meta-classifier’s explanations are consistent with, and reinforce, the ground-truth labels of the
samples, whereas the off-diagonal panels display the inverse pattern, as would be expected under a well-
calibrated model.

Unlike Figs. 15 and 16, which analyze the internal behavior of the MLP meta-classifier in terms of its 20
base-learner-derived meta-features, Fig. 17 explains a character n-gram TF-IDF logistic-regression surrogate
distilled to approximate the full stacking ensemble pipeline’s behavior on the same review shown in Fig. 14,
using SHAP’s LinearExplainer with a 500-review background sample. The large number of aggregated
features (296,454) reflects the size of this character n-gram vocabulary rather than the 20-dimensional
meta-feature space used in Figs. 15 and 16. The surrogate’s f(x) = 1.117 and E[f(X)] = 0.567 are its raw
decision-function output (log-odds), not the stacking ensemble’s own predicted probability.
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Figure 17: Waterfall plot of an instance for the stacking model.
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Positive SHAP values (shown in red) increase the predicted output, whereas negative SHAP values
(shown in blue) decrease it. Among all features, “T6%” exhibits the highest positive contribution (+1.52),
indicating its dominant role in driving the prediction. In contrast, “¥9” (-0.67) and “9<” (-) (-0.25) have
the strongest negative influence on the model output. Most features alone provide small SHAP values, but
the combined effect of the 296,454 other features (+0.44) is large. This demonstrates that the proposed model
successfully incorporates a few important features and many minor ones, ensuring both interpretability and
robustness of the prediction.

4.4 Results Comparison

It is essential to have a thorough knowledge of the performance of a model in previous studies and
trends. The comparison of existing works and proposed works is shown in Table 34 based on several
parameters such as year, best model, accuracy (%), statistical test, and explainable AI. We have applied
22,289 movie reviews from Bangla movies in our proposed model. The data set used is of equal or greater
size/scope as that used in earlier research. Having such a set of data significantly increases the model’s ability
to make generalizations and see patterns. The proposed stacking model achieves 94.91% accuracy (Fl-score
0.95) under 10-fold cross-validation and 94.58% accuracy under an independent 80/20 holdout split. The
Friedman test entry refers to the fold-level omnibus test with Holm-corrected pairwise post-hoc comparisons
(Tables 25 and 26); the Wilcoxon entry refers to both the fold-level Champion comparison (Table 26) and a
supplementary five-seed robustness check (Table 33). The results obtained are at least as good as, if not better
than, those reported in previous work on Bangla sentiment analysis.

Table 34: Comparison between existing literature and the proposed methodology for sentiment analysis of bangla film
reviews. Accuracies for existing works are as reported in their original studies, while the proposed method’s accuracy
is reported under both holdout and 10-fold cross-validation protocols.

Reference Year  Dataset  Best Model Accuracy (%) Statistical Test EXPIZI? able

[4] 2019 4000 SVM 88.90 No No

[5] 2021 4000 LSTM 84.25 No No

[3] 2021 3000 MNB 86.00 No No

[2] 2023 1000 RF 92.35 No No

Yes (Friedman
94.91 (10-fold Test &
Yes (LIME

Pmo‘;ze g 2026 22289 Stacking CV) 94.58 Wilcoxon eSS(H AD) &

p (holdout) Signed Rank

Test)

5 Limitations and Future Works

This study includes only binary sentiment analysis of movie reviews, but there are several types of
sentiments that are not included. Other domains can be used to collect movie reviews for this work, but only
YouTube has been used for this one, so that the data collected is not as diverse and robust as it could be.
This research primarily centers on explicit sentiments expressed within the Bangla movie reviews and fails
to address the subtleties of sentiment that can be expressed in Bangla, including sarcasm, irony, or mixed
sentiments, which may involve more in-depth analysis and interpretation of context and culture. For some
models, notably LSTM, the performance on cross-validation is much worse than with holdout methods.
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Because splitting was performed at the review level rather than grouped by movie and because the dataset
originates from only 35 source movies, individual folds may still contain uneven proportions of movie-
specific vocabulary, style, and review difficulty, which could contribute to this performance difference across
folds. In future work, movie-level (group-wise) splitting should be adopted to provide a stricter generalization
test to entirely unseen movies.

Additionally, because the train-test and cross-validation splits were performed at the review level rather
than by movie, reviews from the same movie could appear in both training and evaluation sets. This may
allow models to partly learn movie-specific vocabulary or naming patterns, which could modestly inflate the
reported accuracy relative to a strictly movie-disjoint evaluation.

A related limitation concerns the vocabulary coverage of the BERT-based checkpoints. BERT and
Distil-BERT were fine-tuned from English-vocabulary checkpoints, whereas only mBERT and Bangla-
BERT were pretrained on corpora that natively include Bangla script, causing the English tokenizers to
fragment Bangla words into more subword pieces or out-of-vocabulary fallbacks. Consequently, the accuracy
differences reported in Tables 20-22 partly reflect this vocabulary mismatch rather than architecture alone,
and comparisons between BERT and mBERT/Bangla-BERT should not be read as evidence that BERT
is inherently less suited to Bangla sentiment classification. Future work should use Bangla-adapted or
vocabulary-extended versions of BERT and Distil-BERT, or report subword fragmentation statistics, to
isolate the effect of tokenizer vocabulary from architecture.

A further limitation is that this study used fixed hyperparameter settings (Tables 7-13), based on
values common in prior literature and preliminary trials, rather than a systematic hyperparameter search.
Overfitting was mitigated through early stopping, dropout, L2 regularization, and evaluation on both a held-
out test set and 10-fold cross-validation, but the reported settings are not guaranteed to be optimal for each
model—particularly the deep learning architectures that showed high variance across folds (e.g., LSTM, Bi-
LSTM, CNN-BiLSTM, CNN-BiGRU). Future work should apply a systematic search (e.g., grid or random
search) conducted within each outer training fold (nested cross-validation), which would give each model
its own optimal configuration and remove any risk of tuning-evaluation leakage.

A further limitation concerns the statistical testing procedure itself. While the fold-level Friedman
test (Table 25) is an appropriate omnibus test for detecting overall differences among models, the Holm
correction applied to the large number of pairwise comparisons within the deep learning family (55 pairs for
k = 11 models) substantially reduces statistical power, so that no individual pairwise comparison—including
stacking vs. any single deep learning architecture—remained significant after correction, despite a significant
omnibus result. This is a known trade-off of strict family-wise error control and does not necessarily indicate
the absence of a true difference. Future work could pre-register a smaller set of comparisons of primary
interest, or use a less conservative multiple-comparison procedure (e.g., Benjamini-Hochberg false discovery
rate control), to increase power while still adjusting for multiplicity. Additionally, the five-seed one-sided
Wilcoxon comparison between the stacking ensemble and RNN (Table 33) is based on only five paired
observations and should be regarded as a limited robustness check rather than a definitive or generalizable
claim of superiority; a larger number of independent seeds or repeated nested cross-validation runs would
provide stronger evidence.

The six external-dataset experiments (Tables 30 and 31) used the same fixed hyperparameters as the
proposed dataset, with no per-dataset tuning. This isolates how well a fixed configuration transfers across
domains, so the results should be read as evidence of relative robustness under a controlled, documented
protocol—not as an absolute claim of state-of-the-art transfer performance. Future work should repeat this
analysis with per-dataset hyperparameter tuning.



Intell Autom Soft Comput. 2026;41 325

Explainable AI techniques were applied only to representative examples rather than systematically
across the full datasets. The model performance may differ when it is used for other domain of Bangla
text. This work is examined only in Bangla language, but mixing of language in sentiment analysis can be
conducted as it is a common practice nowadays.

These limitations will be addressed in future studies by adding sarcasm-aware sentiment model, adding
aspect-level sentiment model, quantitative evaluation of explainability, human evaluation of explainability
and applying more cross-domain testing with different Bangla datasets.

6 Conclusion

Numerous companies aim to market movies, and analyzing the sentiments expressed in movie reviews
is crucial to their marketing goals. The analysis of movie reviews is still in its infancy in the context of
Bangladesh because data are not readily available. This article describes the creation of a novel, large-scale
dataset of 22,289 reviews from the YouTube platforms, in the context of Bangla films. The intent is to partly
resolve the issue of scarcity of resources for the Bangla language. The main aim of this study is to find
out whether the attitudes (positive or negative) are present in comments regarding Bangla films or not.
This study’s empirical analysis used six different machine learning algorithms, ten deep learning models,
a stacking ensemble model built from the ten deep learning models as base classifiers, and BERT-based
transfer learning. For transfer learning, four models were used, namely BERT, mBERT, Bangla-BERT, and
Distil-BERT. The performance of the stacking ensemble model was outstanding, achieving an accuracy
of 94.91% under 10-fold cross-validation, and 94.58% under the holdout split, outperforming the rest
of the models deployed under each respective protocol. Fold-level Friedman tests confirmed significant
overall differences among models within each family, and Holm-corrected pairwise Wilcoxon post-hoc tests
showed that Random Forest and mBERT significantly outperformed most individual competitors within
their respective families, and that the stacking ensemble significantly outperformed the best representative
model of every competing family (RE RNN, and mBERT). Pairwise superiority of stacking over each
individual deep learning architecture did not survive Holm correction, a consequence of the large number of
comparisons within that family rather than evidence against the ensemble’s benefit. A supplementary one-
sided Wilcoxon signed-rank test across five random seeds provided additional, though statistically limited,
support that the stacking ensemble consistently outperformed the RNN model under varying initializations.
We combined Local Interpretable Model-agnostic Explanations (LIME) and Shapley Additive eXplanations
(SHAP) techniques, both rooted in explainable Al to increase the explanatory power of a model. In the
future, we plan to explore several hybrid feature extraction methods and advanced algorithms to analyze
bilingual movie reviews.
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