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Abstract. Sentiment analysis, a central application of Natural Language Processing (NLP), identifies emotions
and opinions in text. Accurate interpretation requires accounting for linguistic and cultural variations across
languages. Considering text as a signal and given the cyclostationarity of most human-constructed signals, we
sought to enhance sentiment analysis of human-written notes by extracting the most informative features, fol-
lowing our previous studies. From a signal-processing perspective, we examine the cyclostationarity of text
embeddings to reveal hidden periodic patterns and describe their statistical properties in the frequency domain.
Our approach combines advanced feature extraction and enhancement with classification and regression mod-
els to improve BERT’s performance without modifying its architecture. Experiments on five benchmark da-
tasets in four languages—English, Arabic, Brazilian Portuguese, and Turkish—and a mixed Arabic-English
corpus showed up to a 28% accuracy improvement. Results confirm that human-generated text exhibits cy-
clostationary properties that can be leveraged for more effective sentiment modeling. This research represents
the first comprehensive study of multilingual alignment in ML- and DL-based NLP sentiment analysis and
demonstrates how signal-processing-based features can increase model robustness and cross-lingual accuracy.

Keywords: Natural Language Processing (NLP), Sentiment Analysis, BERT Model, Deep Learning (DL),
Machine Learning (ML), Sentiment Analysis, Multilingual Analysis, Cyclostationary Analysis.

1 Introduction

Artificial intelligence has had a tremendous impact on
every aspect of the world. It is widely used in various
fields to achieve desired outcomes efficiently and accu-
rately within a specific time frame [1]. Natural lan-
guage processing (NLP) is a branch of artificial intelli-
gence (Al) that concentrates on how computers and hu-
mans communicate using natural language. [2]. Senti-
ment analysis, a key application of NLP, is used to iden-
tify and extract the emotional tone or opinion expressed
in text. It helps determine whether a text is positive,
negative, or neutral. This technique is widely used in
fields like marketing, customer service, healthcare, fi-
nance, and government decision-making, enabling or-
ganizations to assess public opinion, monitor brand rep-
utation, and predict market trends [3]. However, the
rapid expansion of the internet and consumers’ active
participation in sharing, commenting, and discussing
on blogs, forums, social media platforms, and online
shopping sites has made sentiment analysis a particu-
larly dynamic study area [4].

The field’s journey is filled with complexities,
mainly due to the variability and subtlety of human
emotions, combined with language's ever-changing and
diverse nature. The challenges of linguistic diversity,
contextual subtleties, and the evolution of online

communication methods require advanced machine
learning techniques capable of handling these complex-
ities [5]. Understanding and interpreting human emo-
tions through text improves human-computer interac-
tions and offers valuable insights into public opinions
and trends, enabling better decision-making across var-
ious fields [6].

As global interconnectedness increases, opinions
and sentiments are more frequently expressed in vari-
ous languages and dialects, sometimes within a single
document [7]. Multilingual sentiment analysis has be-
come a key research area in NLP, addressing the chal-
lenges of understanding opinionated text and the com-
plexities of language diversity. These challenges be-
come especially difficult in news sentiment analysis,
social media monitoring, and other large-scale applica-
tions where texts are lengthy and contextually varied.

Unlike typical deep learning (DL) sentiment analysis
studies that focus on enhancing the DL model itself, this
research explores the signal-processing perspective on
embeddings of a common DL model. The goal is to re-
fine the features extracted by BERT, enhancing its sen-
timent analysis capabilities without modifying the core
BERT architecture. The proposed approach is tested on
five well-known datasets in four languages: Arabic, Ar-
abic-English, Turkish, Brazilian Portuguese, and Eng-
lish. These languages represent diverse linguistic fami-
lies and structures, making them ideal for a
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comprehensive evaluation of the scheme and its perfor-
mance, demonstrating its ability to handle multilingual
processing. This is the first thorough review of multi-
lingual alignment in ML-DL NLP Sentiment Analysis.
The main contributions of this work include:

o The signal-processing perspective on embeddings

e Enhance sentiment analysis without changing the
BERT architecture.

e Multilingual Sentiment Analysis by a unified model

The remainder of the paper is organized as follows:
the next section reviews previously published studies,
the third section explores the research methodology, the
fourth section explains the presented scheme, the fifth
section presents simulation results and discussions, and
the last section concludes and provides suggestions for
future work.

2 Previous Studies

This section presents a review of methods and the stud-
ied datasets. A historical overview and the evolution of
sentiment analysis methods are discussed in [8]. The
discussion starts with traditional machine learning and
lexicon-based techniques, which formed the foundation
for sentiment classification. Then it moves on to more
advanced approaches such as deep learning, transfer
learning, and hybrid models. This progression reflects
the field’s development toward more sophisticated and
versatile models.

Traditional machine-learning methods have played a
vital role in the initial phases of sentiment analysis.
Techniques such as SVMs, Naive Bayes classifiers, en-
semble methods, and recursive neural tensor networks
typically involve extracting features from text, like
word frequencies or patterns, before applying classifi-
cation algorithms to identify sentiment [9-12]. This
foundational process sets the stage for more advanced
techniques to follow. Hybrid approaches that combine
Naive Bayes and SVM leverage the benefits of both,
emphasizing the importance of integrated feature selec-
tion and classification. The success of these traditional
models largely depends on feature choices and the da-
taset structure.

Rule-based and lexicon-based methods are some of
the earliest techniques in sentiment analysis [8]. These
methods are known for their simplicity, interpretability,
and efficiency. Rule-based approaches depend on pre-
defined linguistic rules to classify sentiment [13], while
lexicon-based techniques use dictionaries of sentiment-
labeled words to assign sentiment scores [14]. Alt-
hough both methods are computationally efficient and

perform well in domains with limited training data, they
are inherently limited by their dependence on static lex-
icons and predefined rules. These approaches often
struggle to adapt to new datasets and have difficulty
capturing the semantic nuances of natural language,
such as idiomatic expressions and context-dependent
sentiment. Another issue with lexicon-based methods is
the need to maintain and update sentiment lexicons to
include domain-specific vocabulary and accommodate
changes in language usage.

Deep learning models have significantly enhanced
sentiment classification accuracy by directly learning
hierarchical and semantic features from data [8]. How-
ever, they need large labeled datasets and substantial
computational resources, and are generally non-trans-
parent in decision-making. Transfer learning tech-
niques, especially those employing pre-trained trans-
former models such as BERT and RoBERTa, have
achieved state-of-the-art performance, offering robust-
ness across domains with minimal supervision. Their
main limitations include high pretraining costs and lim-
ited interpretability. Convolutional Neural Networks
(CNNs) are effective at capturing local semantic pat-
terns [15,16], while Recurrent Neural Networks
(RNNs), especially Long Short-Term Memory net-
works (LSTMs), excel at modeling sequential depend-
encies in language [17]. Combining CNNs, LSTMs,
and attention mechanisms in hybrid models has further
pushed performance boundaries [18]. Recent progress
involves incorporating Transformer-based models like
BERT, which have set new benchmarks in transfer
learning for sentiment analysis [19]. These trends point
to increasing use of hybrid architectures and attention
mechanisms to enhance sentiment classification.

Transfer learning has become a key method in senti-
ment analysis, enabling models to use knowledge from
one domain and apply it to another, often with limited
labeled data [8]. This method is particularly useful
when sentiment varies significantly across different do-
mains or languages. Typically built on deep neural net-
works, transfer learning employs pre-trained models to
address sentiment classification challenges across di-
verse fields effectively. It involves pre-training a neural
network on a large source dataset and then fine-tuning
it on a smaller, domain-specific target dataset. This al-
lows the model to adapt to new environments with min-
imal additional training by utilizing the neural net-
works’ ability to identify complex features. Results
confirm that transfer learning with models like BERT,
BioBERT, RoBERTa, and TS5 is effective for general
NLP tasks and domain-specific and multilingual senti-
ment analysis [20,21]. Their ability to generalize across
various tasks stems from pre-training on large-scale



corpora, while fine-tuning enables adaptation to spe-
cific domains and languages. This approach yields
strong results, especially in resource settings. Ongoing
progress in transfer learning and techniques such as at-
tention mechanisms and hybrid architectures is ex-
pected to further improve sentiment classification
across different domains.

Table I offers a comprehensive overview of the latest
sentiment analysis techniques by comparing four main
categories: traditional machine learning, rule and lexi-
con-based approaches, deep learning models, and trans-
fer learning methods. This summary highlights key
trade-offs regarding accuracy, computational effi-
ciency, explainability, data needs, and generalization
capabilities.

Multilingual sentiment analysis is a rapidly develop-
ing area in NLP that aims to identify sentiments in texts
across various languages and cultural contexts. As
globalization accelerates and digital communication
crosses national and language borders, the ability to
gather sentiment insights from diverse sources has be-
come essential. Multilingual skills enhance machine
learning models' versatility, expanding their usefulness
beyond English. Including multiple languages in senti-
ment analysis research addresses the need for inclusive
models that are representative of global linguistic and
sentiment diversity.

Multilingual sentiment analysis is challenging due to
structural differences among languages. Each language
has its own morphological and syntactic rules, making
it insufficient to translate content into one language for
analysis [22]. For example, sentiment models designed
for English may not effectively capture the nuances of
Arabic or Turkish without language-specific training
and data enhancement. Moreover, different languages
require specialized tools, such as unique part-of-speech
taggers and lemmatizers, to accurately interpret nega-
tions and idiomatic expressions [3,22]. Studies indicate
that building effective sentiment analysis systems for
multiple languages requires either training separate
models or significantly adapting a single model to
match each language’s unique features [23,3]. These ef-
forts are resource-intensive and require careful consid-
eration of idiomatic phrases, cultural contexts, and do-
main-specific terminology.

Recent studies highlight the importance of develop-
ing sentiment analysis models that operate effectively
across multiple languages. In [24], researchers utilized
multilingual BERT for sentiment classification on the
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Kurdish Medical Corpus, demonstrating that trans-
former-based architectures can help address resource
gaps for underrepresented languages. Similarly, [25]
tackled sentiment analysis challenges in Marathi with
XLM-RoBERTa, showcasing the potential of large
multilingual transformer models to perform well in
low-resource settings. [26] Introduced a hybrid model
combining Naive Bayes and Logistic Regression (NB-
LR) for sentiment analysis in Serbian, illustrating the
benefits of hybrid approaches for low-resource lan-
guages. In [27], multilingual sentiment analysis for
English, Hindi, and Urdu used weak supervision with
BERT, proving the effectiveness of weak supervision
and the robustness of transformer models. Authors of
[28] employed BiLSTM with Self-Attention and Joint
Dual Input Learning (JDIL) for sentiment analysis in
Hindi and Bengali, revealing the usefulness of BILSTM
architectures despite lower accuracy, which points to
challenges in handling linguistic diversity. Finally, [29]
extended transfer learning to Urdu sentiment analysis,
emphasizing manual annotation and inter-annotator re-
liability as key factors for building reliable datasets in
low-resource languages.

3 Research Methodology

This study aims to evaluate how advanced ML methods
can enhance the performance of multilingual sentiment
analysis by optimizing a pre-trained BERT model's per-
formance. The methodology covers a review of the da-
tasets used, a detailed analysis of feature extraction
techniques, and an overview of the machine learning
and deep learning models examined.

3.1 Studied Datasets

All of the studied datasets are publicly available on the
Kaggle dataset website, including: “330K Arabic Sen-
timent Reviews Dataset” [31], “Arabic Company Re-
views” [32], “Brazilian Portuguese Sentiment Analysis
Datasets” [33], “Duygu Analizi Veri Seti” [34], and
“Sentiment Analysis for Mental Health” [35]. The
specifications of the five datasets are presented in Table
2.



Table 1. Comparative summary of sentiment analysis approaches [8]

Aspect Traditional ML Rule / Lexicon-based Deep learning Transfer learning
Moderate; d d
ocerate; cepends of Moderate in domain-spe- High with sufficient labeled Very high across do-
Accuracy the dataset and feature . .
. . cific tasks data mains and tasks
engineering
Computational Low Very low Hi.gh., especially during Ve'ry. high due to pre‘-
cost training training and fine-tuning
High (t t, rule- Low; often difficult to in-
Explainability =~ Moderate igh (transparent, rule Low; black-box typically ow; often difficult to in

Domain adapta-

. Requires labeled train-
Data requirements .
ing data

based logic)

on lexicon quality
Limited without retrain- Weak due to static lexi-

bility ing cons

No training data; depends Requires large labeled da-

tasets

Moderate with domain-spe-

cific tuning

terpret

Effective with a few la-

beled examples

Strong, adaptable

through fine-tuning

High; handles multilin-

Sensitive to noise and  Poor for dynamic or in- Improved with hybrid or . .
Robustness .. . gual and domain-shifted
domain shift formal language regularized models
data well
Table 2. The specifications of the five studied datasets
Brazilian Por- ti t
330K Arabic Senti- . raziian 0{' L. Sen 1m.en
. Arabic Company  tuguese Senti- Duygu Analizi Analysis
Dataset Name ment Reviews Da- . . A .
Reviews ment Analysis  Veri Seti for Mental
taset
Datasets Health
Mix of Arabic and . Brazilian Por- . .
Language(s) Er:)g(l?sh rabie an Arabic tuio:ij;slzn or Turkish English
Number of re- 330,000 36,480 1,048,085 11,426 52,645
views
Number of Senti- 5 3 5 3 7
ments
Depression
Stress
I-star Suicidal
. . Positive 2-star Olumlu (Positive) .
Sentiment Cate- 1 (Like) Anxiety
. .. Neutral 3-star Tarafsiz (Neutral) .
gories 0 (Dislike) . . Bipolar
Negative 4-star Olumsuz (Negative)
Normal
S-star .
Personality
Disorder
15,385
177,834 2,667
o 21,214 50,028 4,191
Category distri- 166,853 10,643
bution 163.147 1,819 78,548 2,867 3,888
’ 13,447 136,695 4,371 2,876
1,200
number of words
21,352,149 368,216 14,807,043 248,188 5,899,121

in the dataset




3.2  Advanced Feature Extraction Techniques

The feature extraction phase of our methodology uses
both ML and DL methods to capture different aspects
of sentiment-rich text. The following techniques are
employed on BERT features:

3.21 Correlation

Correlation measures the strength and direction of
relationships between signals.

e Spectral Correlation [36] provides more comprehen-
sive features than the ordinary power spectral den-
sity. Cyclostationary analysis uncovers the hidden
periodicity in the signal and offers a second-order
statistical description in the frequency domain [37].
defined by the following formula:

1 a . a
Syr (M, far = ;(XT (”rf + ;) , X7 (n,f - §)>AT
the correlation of the spectral components of x(n)
over a time span of At seconds,

o Cross-correlation helps determine the similarity be-
tween two signals as a function of time-lag applied
to one of them. The following formula defines it:

Rey(@ = Y x[n] yln+1]

n

the cross-correlation function between signals x and y
at a time period m.

Correlation analysis is used for signal detection, time-
delay estimation, and quality assessment in signal
processing. Correlation measures how similar two
signals are, which helps determine how much one signal
is related to another. This is useful in time-series analysis
or matching signals across different fields.

3.2.2 Principal Component Analysis (PCA)

PCA reduces the dimensionality of data while retain-
ing most variance, transforming the original variables into
anew set of uncorrelated variables. Mathematically repre-
sented by:

Y=X,Vk

where X' is the standardized X and V, is a matrix,
whose columns are the eigenvectors of the covariance
matrix of X, sorted by corresponding eigenvalues in de-
scending order.

PCA is useful for feature extraction, noise reduction,
and visualization in high-dimensional datasets.
Additionally, its simplification speeds up processing
times and lowers computational costs, making data
easier to visualize and analyze.

3.23 Linear Discriminant Analysis (LDA)

LDA classifies data by finding a linear combination of
features that minimizes intra-class variance and maxim-
izes inter-class variance, summarized as a generalized
eigenproblem:

Sgw = ASyyw )
Where, Sy is Between-Class Scatter Matrix:

Sp = XNy — )y — )" ()
and Sy, Within-Class Scatter Matrix:
Sw=XiZxecix(x — )0 —p)" (6)

u; is the Mean vector, and the goal is to find the pro-
jection vector W that maximizes the J(w) ratio, defined
as:

WTSBW

Jw) = (7

wT syyw
LDA for benefits as Dimensionality Reduction, Im-
proved Model Interpretability, De-correlation of Fea-
tures, Feature Selection, ... is commonly used in pat-
tern recognition and classification tasks.

3.24 Probabilistic Principal Component

Analysis (PPCA)

Probabilistic Principal Component Analysis (PPCA)
is a statistical technique that extends traditional PCA by
incorporating a probabilistic model. The PPCA model
can be assumed as:

X = WZ + u+ €, where e ~N (0,5%])

Where X is the observed data matrix, Zis an N X d
matrix of latent variables with d (the number of principal
components) being fewer than the original dimensions,
u is the mean vector, W is the weight matrix (or
loadings) and € is Gaussian noise with zero mean and
variance 2.

PPCA provides benefits such as handling missing
data, robustness to noise, improved dimensionality
reduction, real-time applications, and integration with
other techniques. It has various applications, especially
in scenarios that require more robust analysis of high-
dimensional data, particularly in noisy environments.

3.25 Root Mean Square (RMS)

RMS is the square root of the average of the squares
of a set of values, providing a measure of the magnitude
of a varying signal. It provides valuable information
about the energy content, average power, and overall
behavior of signals, using the following formula:
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RMS = ’1/Nzi_1xi2

The RMS is a measure in signal processing that pro-
vides important insights into a signal’s power, quality,
and energy. Its capacity to precisely reflect changes in
signal magnitudes makes it useful in numerous applica-
tions.

3.2.6 Mean Square Abscissa (MSA)

MSA quantifies the average squared distance of a
signal from a reference point, typically the origin or the
mean of the signal, using the following formula

1
MSA = & Zx[n]2

n

The concept is useful in analyzing signals for their
power, energy, or spread.

3.2.7 Equivalent Width

Equivalent width is a measure that quantifies the
width of a spectral feature relative to its height and can
provide valuable insights into various characteristics of
the signal, according to the following formula:

vy

Where F, is the continuum level and F is the flux.

It is commonly used in signal processing and spec-
tral analysis because it offers benefits like separating
signal components, providing flexibility across do-
mains, and facilitating signal comparison.

3.2.8 Chi-Square Goodness-of-Fit

The Chi-Square Goodness-of-Fit test is a statistical
method used to determine how well a given set of ob-
served data matches an expected distribution, using the
following formula

2 _ Z 0; — E)?
X . E,
13

Where y? is the Chi-Square statistic, 0; is the
observed frequency and E; is the expected frequency.

It can be especially useful in various signal processing
applications where it is important to analyze the
distribution of signal characteristics or performance

metrics. It helps validate models and assess the
suitability of approximations in signal processing. We
evaluated how well a normal distribution fits across
feature vectors.

3.29 Normalization

Normalization is adjusting the amplitude or scale of a
signal to a standard or specified range, typically [0,1]. It
is a crucial step in many signal processing tasks and
applications, enabling uniformity and improving the
performance of various algorithms. By the following
formula:

_ x — min(x)
max(x) — min(x)

!

3.2.10 Mean Absolute Deviation (MAD)

MAD is a statistical metric that measures the spread
of a dataset by averaging the absolute deviations from
the mean. In signal processing, MAD provides im-
portant insights into signal variability, stability, and
noise properties, as outlined by its formula

1 N
MAD = Nlei — ul
=1

It is generally used for evaluating the dispersion of a
signal, providing robust insights into signal variations.

3.2.11 Generalized Hurst Exponent (GHE)

GHE is a statistical measure used to characterize the
long-range dependence and self-similarity of time se-
ries data. The GHE is especially useful for analyzing
complex signals that display fractal properties or long-
range correlations in signal processing. The General-
ized Hurst Exponent can be estimated using the follow-
ing formula related to rescaled range analysis:

max(X(t)) — min(X(t))
S

R(S,n) =

Where R(S, n) is the rescaled range for a time series
of data points, S is the standard deviation of the data
segment, and n is the number of data points in the
segment. The Hurst exponent H, is estimated by:

log R(n)

H = lim
logn

n—oo

Benefits include long-range dependence analysis,
self-similarity characterization, and understanding



signal complexity. it is widely used in finance, geo-
physics, and system analysis to understand the persis-
tence or anti-persistence of fluctuations in signals.

The above mentioned feature extraction methods
collectively improve text representation by capturing
both the temporal and statistical features of sentiment
indicators. They are especially useful in multilingual
settings where language-specific nuances require
strong features for effective sentiment classification.

33 Decision Tree Model

Various algorithms and methodologies have emerged,
each focusing on optimizing different aspects of the de-
cision-preserving mechanisms. Decision tree models
have long been at the forefront of machine learning due
to their interpretability, simplicity, visual clarity, and
effectiveness in solving complex classification prob-
lems in various domains, including remote sensing,
medical diagnostics, and text classification [45].
Decision trees are non-parametric, interpretable
models that recursively partition the input space to
produce a hierarchy of decision rules. The basic structure

- XX 2T A P ZE T,

. X771 < 00072944 Lappt>= 0007298
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of a decision tree includes a root node, multiple decision
nodes, and terminal leaf nodes. Each decision node
corresponds to a test on an attribute, and leaf nodes
specify outcomes such as class labels or regression
values. It has various fundamental algorithms such as
ID3, C4.5, C5.0, and CART (Classification and
Regression Trees). We used the CART algorithm,
designed for classification and regression tasks, making
it a versatile tool for various applications.

The homogeneity of continuous target variables is
computed as:

n 2

2
n Vi

i=1

1 n
WD) = EQ?) - (EW)2 =~ v -
i=1

An example of the visualization of the Decision Tree model
for the “Brazilian Portuguese Sentiment Analysis™ dataset is
presented in Figures 1 and 2, for the total and 15 splits,
respectively.
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Fig. 1. Visualization of the Decision Tree model for the “Brazilian Portuguese Sentiment Analysis” dataset. (total splits)



X3 < 0,765557 453 »= 0.765557
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X772 <-0.00672441 4772 >= -0.00672441 1 ]

Fig. 2. Visualization of the Decision Tree model for the “Brazilian Portuguese Sentiment Analysis” dataset. (15 splits)

34 Bert Model

BERT (Bidirectional Encoder Representations from
Transformers) is a powerful model created by Google
for natural language processing (NLP). It has revolu-
tionized NLP by introducing a bidirectional trans-
former mechanism that jointly conditions on both left
and right contexts. With a carefully engineered pre-
training phase combining masked language modeling
and next sentence prediction, BERT captures syntactic,
semantic, and relational knowledge. The model’s inter-
nal representations dynamically transition from sur-
face-level phrase features in lower layers to deeper se-
mantic constructs in higher layers, proving its versatil-
ity in understanding language.

At its core, BERT integrates two complementary pre-
training objectives: the Masked Language Model
(MLM) objective, wherein random tokens are masked

and subsequently predicted based on context, and the
Next Sentence Prediction (NSP) objective, which
evaluates the relationship between consecutive sentences
[46]. By leveraging these strategies, BERT has enhanced
downstream task performance and provided researchers
with unprecedented insight into language's structural
properties and relational knowledge.

4 Proposed Scheme

This section presents the proposed scheme is proce-
dure, including: 1) text preprocessing steps, 2) text to-
kenizing step, 3) pre-trained BERT model, 4) advanced
extracted and preprocessed features, and classification.
The flowchart of the proposed method is shown in Fig-
ure 3.

— »| Cleansing Tokenizing BERT Model
. —
Text Dataset
BERT
Features
A

v - . .
v=1. Machine P Advanced Feature Extraction and
: bl D Learning Model | Enhancement

Sentiment Analysis
Results

Fig. 3. The flowchart of the proposed method



4.1  Text Cleansing

Text cleansing is an important step in NLP studies. We
implemented a standard cleansing pipeline, which in-
cludes:

o Part-of-Speech (POS) tagging is an essential pro-
cess in natural language processing (NLP) that in-
volves assigning parts of speech to each word in a
sentence, such as nouns, verbs, adjectives, adverbs,
and so on [38]. Recognizing the part of speech for
each word can improve sentiment analysis.

¢ Removing stop words like "a", "and", "to", and
"the" (known as stop words) is not useful and is con-
sidered noise in NLP. We removed these words from
non-English datasets using the list of stop words pro-
vided in [39].

¢ Lemmatization is a process in natural language pro-
cessing (NLP) that reduces words to their base or
root form, known as the lemma [40]. For instance, in
sentiment analysis, different forms of a word like
"exceeded," "exceeds," and "exceeding" can be
mapped to "exceed," allowing for consistent senti-
ment scoring.

o Unlike stemming, which might truncate words based
on simple rules, lemmatization considers the context
and morphological analysis of words to ensure the
root form corresponds to a valid word in the lan-
guage. The benefits of lemmatization include im-
proved language understanding, increased accuracy,
and reduced dimensionality.

¢ Erasing punctuation refers to the process of remov-
ing punctuation marks (including “.”, «”, </, «“?”
...) from text data [41]. By removing punctuation, the
text becomes more uniform, straightforward, and
clearer, and reduces noise, improving the model's
performance.

e Remove words with two or fewer characters and
words with 15 or more characters [42]. Words with
two or fewer characters (e.g., "a," "I," "to," "is") usu-
ally add little semantic value to the analysis. Remov-
ing them reduces noise in the dataset and helps mod-
els focus on more informative words. Words with 15
or more characters can be complex or infrequently
used (e.g., "characteristically," '"uncharacteristi-
cally"), which may not be relevant for all NLP tasks.
These long words can complicate feature represen-
tation and lead to sparsity in the data, potentially
hurting model performance. This method can boost
the performance of various NLP tasks by concentrat-
ing on more meaningful and relevant words.

>

4.2  Tokenizing

Tokenization is a key process in NLP. It involves divid-
ing raw text into units like words, subwords, or charac-
ters. We used the BERT tokenizer, which is based on

the WordPiece algorithm—a subword method designed
to split rare words into more common parts while leav-
ing frequent words unchanged. This method helps the
tokenizer cover a large vocabulary with a small set of
tokens.

4.3 Pre-Trained Bert Model

BERT is a pre-trained language model trained on two
major text datasets (BooksCorpus and English Wikipe-
dia) to develop its understanding of natural language.
The pre-training occurs on large text collections using
self-supervised objectives before the model is fine-
tuned for specific NLP tasks. This setup provides high
performance across various NLP applications while
minimizing data needs. We simply used a pre-trained
model and did not fine-tune it on our studied datasets.

4.4 Advanced Feature Extraction and

Enhancing

We extracted advanced features from BERT features
and compiled them into packs, which we then evaluated
using ML models. The advanced feature packs include:

o Feature packl: Correlation (including spectral corre-
lation and cross correlation),

e Feature pack2: Principal Component Analysis
(PCA), Linear Discriminant Analysis (LDA), Prob-
abilistic Principal Component Analysis (PPCA),

e Feature pack3: Other features include root mean
square, mean square abscissa, equivalent width, chi-
square goodness-of-fit, normalization, mean abso-
lute deviation, and generalized Hurst exponent.

Enhancing the extracted features was achieved through
combinations of PCA and LDA.

4.5  Classifying

Classifying text data using BERT and advanced BERT
features was performed with the Decision Tree model.
However, to improve the performance further, we used
10-fold cross-validation. K-fold cross-validation is a
technique that divides the data into k subsets to provide
reliable estimates of model performance. In other
words, k-fold cross-validation helps ensure that the
model is tested on diverse data subsets.

5 Results And Discussions

In this section, the simulation results and related dis-
cussions are presented.
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5.1 RESULTS of words. Table 3 displays the percentage reduction for
all five datasets. Figures 4 to 8 show the bag of words
for the five datasets, before and after text cleansing, re-
spectively.

Text cleansing, as the first step in NLP processing, im-
proves quality by removing elements that do not con-
tribute to the desired outcomes, which reduces the bag

Table 3. Wordbag reduction percent after the cleaning phase

Dataset Wordbag Reduction
330K Arabic Sentiment Reviews 68.31%
Arabic Company Reviews 76.31%
Brazilian Portuguese Sentiment Analysis 72.10%
Duygu Analizi Veri Seti 78.20%
Sentiment Analysis for Mental Health 78.36%
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Fig. 4. The word bag of the “330K Arabic Sentiment Reviews” dataset, before and after text cleansing
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Our study uses multiple evaluation metrics. For classi-
fication tasks, performance is usually measured by five
key criteria:

— TP (True Positive): The model correctly predicts the
positive class.

— FP (False Positive): The model predicts positive, but
the true label is negative.

— TN (True Negative): The model correctly predicts
the negative class.

— FN (False Negative): The model predicts negative,

but the true label is positive.

So, the performance was evaluated by:

e Accuracy: Proportion of correct predictions (both

positives and negatives) over all samples:

(TP + TN)

A =
CUrAY = TP + FP + TN + FN)
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High accuracy means a large proportion of pre- Fl =2 % (Precision * Sensitivity)
dictions are correct. (Precision + Sensitivity)
e Precision: proportion of predicted positives that are A high F1-score means a strong overall perfor-
actually positive: mance in identifying positives with few false posi-

. tives and few missed positives.
Precision = TP / (TP + FP)

. .. . o Area Under the Curve (AUC) refers to the area under
o Sensitivity (Recall): The accuracy of positive predic- the

o Receiver Operating Characteristic
tions: (ROC)performance curve. It summarizes the
Sensitivity = TP / (TP + FN) model’s a.bility to discriminate beWeen the .posit.ive
and negative classes across all possible classification

e F1-Score: Harmonic mean of precision and recall. thresholds.

Balances the trade-off between false positives and

false negatives: The results of simulations are presented in Tables 5 to

9.

Table 5. Simulation results for the Decision Tree model, “330K Arabic Sentiment Reviews” dataset

Acc. F1Score AUC Prec. Sens.

2 = not preprocessed 53% 52% 53% 53% 53%

g = LDA+PCA preprocessed 60% 60% 60% 60% 60%

f PCA-+LDA preprocessed 62% 62% 63% 62% 62%

& = not preprocessed 52% 52% 52% 52% 52%

= S LDA+PCA preprocessed 66% 66% 66% 66% 66%

PCA-+LDA preprocessed 69% 68% 68% 69% 69%

: 'E not preprocessed 52% 52% 52% 52% 52%
=

g:? = LDA+PCA preprocessed 58% 58% 59% 58% 58%

) PCA+LDA preprocessed 63% 62% 61% 63% 62%

‘q"::g E not preprocessed 51% 50% 51% 51% 50%

= = LDA+PCA preprocessed 53% 53% 54% 53% 53%

PCA+LDA preprocessed 85% 84% 88% 85% 85%

o = not preprocessed 70% 43% 57% 55% 60%
S

é? = LDA+PCA preprocessed 67% 41% 55% 51% 56%

L PCA+LDA preprocessed 76% 52% 67% 63% 69%

‘% E not preprocessed 70% 42% 57% 55% 59%

= S LDA+PCA preprocessed 66% 38% 54% 50% 54%

PCA-+LDA preprocessed 81% 63% 77% 71% 76%

2 -% not preprocessed 61% 61% 60% 61% 61%
s

éﬁ = LDA+PCA preprocessed 50% 50% 50% 50% 50%

2] PCA-+LDA preprocessed 68% 67% 68% 68% 68%

‘{:g E not preprocessed 69% 69% 68% 69% 69%

- = LDA-+PCA preprocessed 51% 51% 52% 51% 51%

PCA-+LDA preprocessed 68% 67% 68% 68% 68%

Table 6. Simulation results for the Decision Tree model, “Arabic Company Reviews” dataset
Acc. F1Score AUC Prec. Sens.

g ~§ not preprocessed 70% 43% 57% 55% 60%

§ &= LDA+PCA preprocessed 75% 49% 63% 62% 68%

E _ PCA+LDA preprocessed 76% 51% 66% 63% 69%

‘5.'5‘ § = not preprocessed 69% 41% 56% 53% 58%

LDA+PCA preprocessed 77% 53% 68% 65% 70%
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PCA+LDA preprocessed 78% 56% 71% 67% 72%
— -% not preprocessed 68% 42% 57% 53% 59%
é e LDA+PCA preprocessed 66% 38% 53% 50% 54%
E PCA+LDA preprocessed 75% 51% 64% 62% 68%
‘Q?g % not preprocessed 68% 41% 57% 53% 58%
= > LDA+PCA preprocessed 69% 40% 55% 53% 57%

PCA+LDA preprocessed 80% 61% 74% 69% 74%
N = not preprocessed 75% 50% 62% 62% 68%
é e LDA+PCA preprocessed 64% 36% 51% 47% 52%
eé PCA+LDA preprocessed 76% 53% 66% 63% 69%
% E not preprocessed 77% 55% 69% 65% 70%
= ; LDA-+PCA preprocessed 64% 35% 50% 46% 50%

PCA+LDA preprocessed 84% 69% 80% 74% 79%
o E not preprocessed 70% 43% 57% 55% 60%
g = LDA-+PCA preprocessed 67% 41% 55% 51% 56%
2] PCA+LDA preprocessed 76% 52% 67% 63% 69%
% E not preprocessed 70% 42% 57% 55% 59%
= ; LDA-+PCA preprocessed 66% 38% 54% 50% 54%

PCA+LDA preprocessed 81% 63% 77% 71% 76%

Table 7. Simulation results for the Decision Tree model, “Brazilian Portuguese Sentiment Analysis” dataset
Acc. F1Score AUC Prec. Sens.

] E not preprocessed 73% 29% 55% 37% 54%
«E = LDA+PCA preprocessed 75% 32% 58% 41% 58%
f PCA+LDA preprocessed 75% 34% 60% 42% 59%
% E not preprocessed 73% 28% 56% 37% 53%
= § LDA+PCA preprocessed 78% 37% 63% 46% 62%

PCA+LDA preprocessed 80% 43% 68% 49% 66%
— E not preprocessed 71% 27% 54% 36% 52%
E = LDA+PCA preprocessed 75% 31% 56% 41% 57%
L PCA+LDA preprocessed 77% 36% 60% 45% 60%
% E not preprocessed 71% 26% 53% 35% 51%
= § LDA+PCA preprocessed 78% 39% 65% 47% 61%

PCA+LDA preprocessed 88% 65% 84% 68% 80%
S E not preprocessed 75% 33% 57% 42% 57%
E = LDA+PCA preprocessed 71% 24% 50% 34% 47%
® PCA+LDA preprocessed 78% 40% 65% 47% 63%
§ E not preprocessed 79% 41% 66% 48% 64%
= § LDA+PCA preprocessed 71% 24% 53% 34% 47%

PCA+LDA preprocessed 93% 78% 93% 78% 89%
n E not preprocessed 74% 23% 56% 26% 46%
E = LDA+PCA preprocessed 72% 21% 54% 24% 42%
® PCA+LDA preprocessed 74% 25% 58% 27% 48%
‘§ E not preprocessed 75% 27% 61% 29% 50%
= § LDA+PCA preprocessed 74% 25% 58% 26% 44%

PCA+LDA preprocessed 82% 41% 73% 41% 63%

Table 8. Simulation results for the Decision Tree model, “Duygu Analizi Veri Seti” dataset
Acc. F1Score AUC Prec. Sens.
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As detailed in Tables 5 to 9, our approach signifi-
cantly improves the performance of a BERT-based
model, without altering the core BERT architecture.
The results align with the expected performance of ML-
based NLP methods shown in Table 1: moderate, and
dependent on the dataset and feature engineering.

In a comprehensive overview, Feature Pack 1 (cor-
relation features, including spectral correlation and
cross-correlation features derived from BERT features)
and Feature Pack 2 (PCA, LDA, and PPCA features ob-
tained from BERT features) demonstrated the best per-
formance compared to the others. Correlation-based
feature extraction involves assessing the relationships
among features obtained from BERT embeddings.
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2000

Cross-correlation examines these relationships in the
time domain. In contrast, spectral correlation analysis
(cyclostationary analysis in this study) reveals hidden
periodic patterns in the signal and provides a second-
order statistical description in the frequency domain.
Since BERT employs attention mechanisms to identify
contextual and semantic relationships among words,
quantifying the correlations among these features can
yield valuable insights for sentiment detection. The
scatter plot of the Correlation analysis preprocessing
for the “Duygu Analizi Veri Seti” dataset is presented
in Figure 9.
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Fig. 9. Scatter plot of Correlation analysis preprocessing for “Duygu Analizi Veri Seti” dataset

From another point of view, Correlation-based fea- e
tures enhanced the performance of the model by:

e Capturing Interdependencies: While BERT em-
beddings already encode contextual relationships,
applying correlation metrics further highlights how
different dimensions interact. This helps identify
clusters of features that collectively contribute to
sentiment classification.

Enhancing Discriminative Power: By quantifying
which features are highly interdependent, the model
can emphasize sentiment-informative dimensions.
This leads to a refined feature subset that is more
predictive of sentiment classes, boosting accuracy
and robustness.

Noise Reduction: Correlation-based techniques can
help in filtering out redundant or noisy features that
do not contribute meaningfully to the task. This
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pruning ensures that only the most relevant aspects
of BERT embeddings are retained for final classifi-
cation.

On the other hand, feature preprocessing on almost all
of the feature packs had significantly improved the
performance and speed of the classification model,
which highlights the influence of feature enhancement
on such applications.

Figure 10 illustrate the improvements in sentiment
analysis across various datasets by comparing a pre-
trained BERT model, with and without the proposed
method. The base accuracy represented in the chart
corresponds to the BERT model, while the second
percentage shows the maximum gain achieved by the
proposed approach for each dataset.

6 Discussions

6.1  t-SNE analysis

t-SNE (t-Distributed Stochastic ~ Neighbor
Embedding) is a machine learning technique used for
visualizing high-dimensional data by reducing it to a
lower-dimensional space. Applying t-SNE analysis to

BERT Model

different feature types in datasets reveals strong
correlations among features. This highlights the
importance of using sentiment analysis methods, such as
TextBlob and lexicon-based techniques, to enhance the
accuracy of NLP applications.

For example, t-SNE analysis results for the extracted
features of the “330K Arabic Sentiment Reviews”
dataset are presented in Figure 11.

6.2 Dataset issues

Dataset pre-processing is a crucial step in enhancing
the method's performance. A comprehensive pre-
processing pipeline ensures the dataset is prepared for
analysis and model training. We implemented several
key techniques as discussed in the “text cleansing”
section. In future studies, we also intend to explore
additional methods such as managing class imbalance
and data augmentation (to increase dataset diversity and
size), handling missing values (by removing incomplete
or blank sentiments), and addressing data anomalies like
outliers, rare words or phrases, unusual patterns,
discrepancies in sentiment, and inconsistent chatbot
behavior. Because of our machine learning approach, we
did not correct these anomalies and proceeded with the
original datasets.

BERT Model Supported by the proposed Multi-class Machine Learning

Methods

Arabic Company
RENIEWE

100%
80%
60%
40%
20%

0%

330K Arabic
Sentiment Reviews

Sentiment Analysis
for Mental Health

Duygu Analizi Veri
Seti

Brazilian Portuguese
Sentiment Analysis

Fig. 10. The accuracy improvement achieved by the proposed method
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Fig. 11. t-SNE analysis for the extracted features of “330K Arabic Sentiment Reviews” Dataset

7 Conclusion And Suggestion For
Feature Works

7.1 Conclusion

Recent trends in sentiment analysis have seen the rise
of transformer-based models such as BERT, which
leverage deep bidirectional representations to capture
contextual nuances. BERT and its variants have

We got up to 28% improvement in the accuracy of
sentiment analysis, and the results demonstrated the
effectiveness of Machine Learning (ML) techniques.
The approach significantly improves the performance of
a BERT-based model without altering the core Deep
learning (DL) architecture. The performance is enhanced
and aligns with the expected performance of the ML-
based method, moderately and dependently on the
dataset and feature engineering. This emphasizes the

demonstrated impressive results across multiple tasks,
including sentiment analysis, due to their ability to
incorporate extensive contextual information and handle
large-scale data. However, these models also have
inherent limitations, such as high computational cost and
the necessity for large training datasets to achieve
optimal performance. Simultaneously, classical models
continue to offer competitive performance in scenarios
where computational resources are limited or when rapid
deployment is necessary. These models typically benefit
from simpler feature sets derived from advanced feature
extraction and preprocessing, creating a compelling case
for continued inclusion in comparative studies.
importance of DL and Transfer learning models in
Natural Language Processing (NLP).

A pre-trained BERT model is mainstream for
capturing semantic and contextual information within
texts. Then, various advanced feature extraction, feature
enhancement, and a 10-fold cross-validated Decision
Tree model were used to conduct the proposed method.
The results indicated the effectiveness of correlation
analysis and dimensionality reduction techniques.
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Correlation-based  feature  extraction involves
analyzing the relationships between extracted features
from the BERT model. Cross-correlation examines these
relationships in the time domain. In contrast, spectral
correlation analysis (cyclostationary analysis in this
study) reveals hidden periodic patterns in the signal and
provides a second-order statistical description in the
frequency domain. Since BERT employs attention
mechanisms to identify contextual and semantic
relationships among words, quantifying the correlations
among these features can yield valuable insights for
sentiment detection.

Dimensionality Reduction Techniques such as PCA
and LDA reduce computational complexity and
eliminate noise and irrelevant components, enhancing
model robustness and generalization.

Moreover, Multilingual sentiment analysis is
challenging due to structural differences among
languages. Each language has its own morphological and
syntactic rules, making it insufficient to translate content
into one language for analysis. Thus, a Multilingual
approach that integrates innovative feature extraction
methods and rigorous preprocessing is essential for
practical multilingual sentiment analysis. The proposed
scheme showed good performance on various languages.

7.2 Suggestion For Future Work

Our future work will focus on deep learning and
Transfer learning methods. Additionally, incorporating
pre-trained and fine-tuned models on the under-study
dataset or domain (such as sentiment analysis,
pharmaceutical data interpretation, and radiology report
studies), along with effective augmentation methods and
careful dataset cleaning, animalities reduction, and
sentiment analysis techniques, will significantly improve
the performance of the NLP model.
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