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Abstract sentimentanalysis, atype of natural language processing (NLP) analyzes the text data
to extract and identify subjective information including attitudes, opinions, and feelings. Sentiment
analysis can be used to examine audience feedback and reviews in the context of multilingual prod-
uct reviews. In this paper, a sentiment analysis model using machine learning approaches has been
developed for multilingual product reviews in Roman Urdu or Sindhi to determine how the public
feels about certain posts, products, etc. The importance of sentiment analysis for product context
reviews in many languages in Roman is multifaceted. It can offer insightful information on the pref-
erences of the likes and dislikes of the audience. To accomplish multilingual sentiment analysis, a
dataset of reviews in Roman Urdu and Sindhi languages from diverse online platforms and social
media sources like YouTube, Facebook, TikTok, Daraz, and Instagram was collected. To identify
pertinent features essential for categorizing reviews into negative, positive, or neutral sentiments
based on polarity, the Term Frequency Inverse Document Frequency (TF-IDF) method was used.
For classification, five different machine learning classifiers including Linear Regression (LR), Naive
Bayes (NB), Support Vector Machine (SVM), Random Forest (RF), and K-nearest neighbors (KNN)
were used. The classification results were measured in terms of precision score, recall score, and
F1-score. With TF-IDF, the SVM, and LR outperformed than other classifiers and obtained an F1-
score of 0.77%, and 0.78%. To further improve the classification accuracy, the Synthetic Minority
Over-sampling TEchnique (SMOTE) was used to manage the class imbalance problem. With SMOTE,
the classification accuracy of LR and SVM was improved to 0.79% and 0.80%.
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1 Introduction

Opinion prospecting, another name for Sentiment
analysis, has gained more attraction and importance
in the last few years [1, 2]. This field stands out for
the potential benefits it offers as well as its increasing
popularity. This expansion has been made possi-
ble largely by technological advancements and the
growth of the internet. As a result, there is now much
more data that is easily accessible for analysis, which
presents both new opportunities and challenges [3].
As social media, online reviews, and other digital com-
munication channels gain popularity, a vast amount of
data reflecting the opinions and attitudes of people is
generated [4]. This massive volume of data offers vital
insights into consumer preferences, industry trends,
and societal viewpoints. Businesses and organizations
can use sentiment analysis to better understand
their customers, create better products and services,
and make informed business decisions. The main
advantage of sentiment analysis and psychoanalysis is
the ability to draw meaningful insights from important
unstructured data. Traditional methods of manually
assessing moods and emotions are laborious and in-
effective. But, with machine learning and NLP models,
it is now possible to automate the search process and
extract valuable information from large volumes of
data [5].

Opinion prospecting and sentiment analysis have
numerous applications in various fields. Businesses
may use customer reviews and social media posts to
gauge the success of their marketing campaigns or
products. They can use this data to identify areas for
improvement or to modify their marketing strategies
as necessary. Sentiment analysis can be applied in
the financial sector to measure market sentiment and
make informed investment decisions, just as it can
be in other industries. In social and political contexts,
sentiment analysis and opinion prospecting are also
crucial. By looking at what people are saying on social
media or in online forums, researchers and decision-
makers can find out more about the perceptions of
the public on specific issues, spot trends in public
opinion, and monitor the effectiveness of initiatives
or programs [6]. Precise analysis of sentiment is chal-

lenging because language is complex and subjectivity
varies among individuals. Context, metaphor, and
cultural codes all complicate the analysis.

Over the last few years, there has been a remark-
able increase in the number of Roman Urdu or Sindhi
users using social media platforms such as Facebook,
Twitter, and other online social networking sites [7, 8].
The Roman Urdu and Sindhi languages have become
much more prevalent on social media. Users can now
communicate with others who share their linguistic
background and effortlessly express their thoughts
and feelings in the Roman Urdu or Sindhi languages.
The increased use of Roman Urdu or Sindhi on social
media has many consequences. Roman Urdu or
Sindhi users can interact and communicate with each
other more easily as a result, which strengthens
their sense of linguistic identity and enables them
to express themselves more openly on a range of
subjects. Furthermore, The widespread use of Roman
Urdu or Sindhi in social media has helped spread
digital content in that language. Users now have a
place to exchange knowledge, narratives, viewpoints,
and original works of art in Roman Urdu or Sindhi [9].

Mostly research on sentiment analysis has been
done on specific languages, including Chinese, Arabic,
Urdu, English, and others [10]. To conduct sentiment
analysis with machine learning, this research paper
presented a multi-class, multilingual Roman text
dataset based on user reviews. The dataset has been
compiled from a variety of online sources, including
sports, politics, entertainment, Instagram, TikTok and
Facebook. The suggested dataset includes reviews
that have been manually classified by the expert
people into three categories: negative, neutral, and
positive. The reviews collected were pre-processed
using the natural language toolkit (NLTK), and the Pan-
das libraries. To extract the useful features from the
reviews, a TF-IDF method was applied. Five different
machine learning classifiers were used to classify the
sentiment into negative, positive, or neutral polarity.
To avoid the problem of model overfitting, a SMOTE
was applied. The results of both SMOTE and without
SMOTE methods are analyzed and compared.

The remainder of the paper is arranged as fol-
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lows: Section Il briefly gives overview on the review
from some of the relevant research work, Section llI
highlights the multilingual Roman dataset collected
for sentiment analysis, experimental setup and the
results achieved by performing different experiments
are discussed in section IV, while section V describes
the conclusion of the paper with some future research
direction discussed.

2 Related Work
Sentiment analysis focuses to detect, extract, and
examine the attitudes, sentiments, and feelings ex-
pressed in textual data. Numerous industries, such as
market research, social media analysis, and customer
feedback analysis, have expressed a great deal of
interest in it. Whereas sentiment analysis has been
extensively studied for individual languages such as
Roman Urdu, English, or Roman Sindhi. Research on
the social media data has now become a major focus
in sentiment analysis. Sentiment analysis is now more
significant in several fields, such as politicians, cul-
tural institutions, filmmakers, advertisers, and other
organizations can all benefit from understanding the
opinions and feelings of their target audiences.
Zhaoxia Wang et al. [11] proposed MiMuSA, a new
interpretable elegant multi-class sentiment analysis
method that mimics natural language understand-
ing systems. The proposed approach addressed
ambivalence and sentiment competence through a
multi-layered modular system that mimicked human
speech perception systems. Several knowledge bases
were formed to support the sentiment understanding
process, such as the sentiment power knowledge
base, metaphorical rules and negative knowledge
bases, negation and basic knowledge bases, and
basic suggestion bases. Selvi and Sreeja [12] applied
machine learning techniques for sentiment analysis
in Tamil language to identify emotions expressed
in a text and classified them as positive, negative,
or neutral. They applied and compared SVM, k-NN
(k-Nearest Neighbor), and LSTM (Long Short-Term
Memory) algorithms. These algorithms were tested
using a data set of captions in Tamil from YouTube
searches. The research effort collected Tamil text

content from YouTube searches for testing purposes.
Classifying sensations was made simple by applying
the chosen ideal model to new Tamil text data.

Keinan and HaCohen-Kerner [13] created a mul-
tilingual dataset of African languages for sentiment
analysis. Different models were trained for twelve
African languages, and a multilingual dataset consist-
ing of these twelve languages was given a thirteenth
model. Four traditional machine learning algorithms,
two deep learning techniques, three oversampling
techniques based on the TF-IDF feature values, and a
range of word and character n-grams were applied to
classify the reviews into positive, negative, and neutral
categories. The hyper-parameters of each model
were tuned. Shah et al, [14] applied multinomial
naive Bayes and KNN classifiers for sentiment analysis
on the movie reviews dataset. Furthermore, they
investigated how two widely used text representation
algorithms, the term level counting vectorizer and TF-
IDF influence sentiment analysis, especially in movie
analysis. Finding the most effective text representa-
tion and classifier combination for sentiment analysis
of movie reviews was the major contribution of their
research. The results shown could impact market
research, audience perception studies, and corporate
decision-making since they provided important new
understandings of the best ways to accurately mea-
sure and interpret the emotions depicted in movie
reviews. Mahmoud Al-Ayyoub et al., [15] developed
a sentiment analysis method for the Arabic language.
As the Arabic language is complex in its nature, very
limited research work has been performed on it. To
fill up the gaps in the literature and set the stage for
future research in this area, they reviewed extensive
work on Arabic sentiment analysis (ASA), including
methods, tools, and techniques that can assist ASA
researchers. Whether or not they are publicly avail-
able, Currently used sentiment resources for ASA are
outlined in this review article. According to their study,
most articles provided answers to problems faced by
ASA researchers. Both corpus-based and text-based
SA methods were also discussed in the review.

Qureshi et al., [16] developed a Roman Urdu Senti-
ment Analysis for the songs' reviews. Languages with
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a lot of resources have been the subject of most sen-
timent analysis research in the past, while languages
with few resources have received comparatively little
attention. The provision of linguistic resources for
Roman Urdu processing has not received significant
attention. They conducted sentiment analysis on
Urdu, a language with poor source quality written
in Roman characters. The dataset used for this re-
search was created by the authors which consisted
of song comments collected from different online
sources. Three tracks from YouTube were selected
by the sub-continent music industry. Following the
pre-processing stage, Naive Bayes, KNN, Decision
Tree (ID3), and ANN were used for the analysis of the
Roman Urdu reviews. Compared to the other classi-
fiers, Naive Bayes performed better and achieved an
accuracy rate of 82.41%. Jawad et al., [17] identified
the implicit opinionated text polarity and extracted
subjective statements from Roman Urdu from differ-
ent online platforms. Google Maps, the manual effort,
and the e-commerce portal Daraz were the main
sources of the dataset collection. Two datasets of
Roman Urdu were the two major contributions of the
research. The integrated modules take in user input,
recognize textual elements, fix spelling errors, classify
emotions, and return the orientation of the input sen-
tences of emotional intensity scores. The proposed
system gradually became stronger with every input
experience. The findings demonstrated that on a close
domain dataset, the language detector provided an
accuracy of 97.1%. The overall sensitivity classification
accuracy of the proposed system designed was 94.3%.

Hammad and Anwar [18] developed a Sindhi
Sentiment Analysis on Twitter data using supervised
machine learning techniques. Millions of people use
social media sites every day, making it an important
platform for exchanging opinions. With so many
languages, people are increasingly expressing their
opinions in their native language on social media.
Opinions of people on the internet are of interest
to individuals and companies for their future busi-
ness and product initiatives. To analyze the Twitter
tweets in the Sindhi language, different classifiers
were applied in order to analyze the emotions of

Sindhi language. A dataset of Sindhi tweets we cre-
ated. Only two classes with positive and negative
labels were used to automatically classify the tweets.
After pre-processing, the text was tokenized, and
non-Sindhi terms, unnecessary white spaces, and
punctuations were removed. The Sindhi tweets
dataset was subjected to supervised machine learning
algorithms following data cleaning and tagging. For
classification, KNN, NB, Decision Tree (DT), and SVM
were used. The results obtained showed that SVM
and decision trees provided the highest accuracy on
the Sindhi Twitter dataset, followed by KNN. Noor et
al., [19] developed a Sentiment Analysis method om
E-Commerce Applications for Roman Urdu text using
SVM. A dataset on the product reviews was collected
from the Daraz website. Daraz is one of the most
popular and frequently visited e-commerce websites
in Pakistan. In all 20286K reviews were annotated by
three distinct specialists into three classifications such
as positive, negative, and neutral. The bag of words
model, also known as the vector space model, was
used to extract features, which were then fed to SVM
for sentiment classification. A detailed review of the
multilingual sentiment analysis, challenges, datasets,
tools, applications, and future directions of sentiment
analysis is given in [20].

3 Research Methodology

The process of analyzing the sentiment of Roman Urdu
and Sindhi language reviews involves many steps. The
research methodology applied is illustrated in Figure 1

3.1 Data Collection

The dataset of E-Commerce reviews in Roman Urdu
and Sindhi language was created by collecting the
sentiments from diverse online platforms and social
media sources, including YouTube, Facebook, TikTok,
and Daraz. A web crawler or scraper tool was applied
to gather reviews from the specified online platforms.
Furthermore, some reviews were manually collected
as well. Table 1 shows the statistics of the dataset. A
total of 2498 reviews were collected from the manual
and online sources. The polarity assigned to each
review was verified by the Urdu and Sindhi language
experts. Figure 2 illustrates some samples of the
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Figure 1. A machine learning-based methodology used for Roman Urdu and Sindhi Sentiment Analysis

Roman Urdu and Sindhi sentiment analysis dataset
collected from different online sources.

Table 1. Statistics of Multilingual Roman Urdu and Sindhi

Datast
Source Data Samples
Daraz 1760
YouTube 298
Facebook 180
TikTok 90
Manual 170

3.2 Pre-processing

The Roman Urdu and Sindhi reviews were prepro-
cessed using the appropriate techniques, such as
stemming, tokenization, and normalization, to elimi-
nate noise, stop words, and other unnecessary infor-

mation. The preprocessing was performed using NLTK
library in Python. Handling Roman Urdu and Sindhi
language characters is challenging, as a variation of a
single letter completely changes the context and the
meaning of a sentiment. The spelling variations of the
same word also make the classification problem more
complex. A stemming technique was performed to
return the review words to their original or base form.
In stemming, for example, "going," "goes," and "go,"
become the common root word "go." This process
helped to reduce the dimensionality of textual data
and improved the accuracy and efficiency of language-
based tasks such as searching, sentiment analysis,
and information retrieval. A tokenization method
was applied to break down sentences into smaller
discrete units, usually words or phrases. These tokens
are the fundamental building blocks for sentiment
analysis systems. A normalization technique was used
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Figure 2. Some samples of Roman Urdu and Sindhi
Sentiment Analysis Dataset

to format text consistently. It entailed changing all
characters to lowercase, removing punctuation, and
possibly addressing other text-specific variations.

3.3 Feature Selection
For appropriate feature selection, a TF-IDF technique
was used to assist in categorizing the polarity of the
reviews. TF-IDF is a number that indicates the weight
of a word in a document or group of documents. It
is obtained by measuring the frequency with which a
word occurs in a document (Term Frequency) and its
rarity in all documents (Inverse Document Frequency).
Words that occur frequently in a given document but
infrequently in the corpus as a whole are given greater
weight by TF-IDF. This technique is widely used to high-
light words that are especially relevant to a given paper
and minimize terms that are commonly used [21, 22].
The term frequency is computed as:

TF(t) = Number of times term t appears in a d / Total
number of terms in a d

where ¢ is the term, and d is the document. While
the inverse document frequency is computed as:

IDF = log N / DF;

where N is the total documents in the dataset, and
DF; is the number of documents containing the term ¢t
and tis any term / word in the document.

The Roman Urdu and Sindhi reviews collected

for each sentiment were not equal, which created
the problem of class imbalance. To avoid the prob-
lem of class imbalance and model overfitting, an
oversampling technique was applied. Oversampling
and undersampling are the techniques used in data
analysis and machine learning, especially in dealing
with imbalanced datasets. The oversampling is a
technique where synthetic samples are generated
for the minority classes. This reduces the problem
of class imbalance. The undersampling technique
involves reducing the dominant class to balance the
dataset. By doing this, the model can avoid biases in
favor of the majority classes, respectively.

3.4 Classification

The reviews of Roman Urdu and Sindhi were catego-
rized into positive, negative, and neutral groups using
different machine learning techniques including NB,
SVM, LR, KNN, and RFC. The results of each classifier
were obtained and compared. Furthermore, SMOTE
technique was used with each classifier to reduce the
class imbalance problem.

3.5 Evaluation

The multilingual Roman Urdu and Sindhi sentiment
analysis was evaluated using relevant metrics like F1
score, precision, recall, and confusion matrix. The
precision determines the proportion of real positive
cases—including real and fake positives—to all cases
that were predicted to be positive. A high accuracy
level means that the model regularly generates
accurate predictions. The precision is calculated as:

Precision=TP /TP + FP

where TP corresponds to true positive, and FP cor-
responds to false positives.

Recall is used to assess how accurate the model will
be in making future predictions. It determines the pro-
portion of real positive cases—including real and fake
positives—to all cases that were predicted to be posi-
tive. Itis calculated as:

Recall=TP /TP + FN

where FB corresponds to false negative.

F1 score also known as the harmonic mean of recall
and precision balances recall and precision, making it
suitable in situations where we want to account for
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both false positives and false negatives. Using the F1
score is very beneficial when dealing with imbalanced
datasets. It is computed as:

F-Score = 2 * Precision * Recall / Precision + Recall

The confusion matrix is used to evaluate the effec-
tiveness of the classification scheme. It compares the
actual class labels to the expected class labels to see
true positives, true negatives, false positives, and false
negatives.

4 Results and Discussions

To evaluate the performance of each classifier, a
dataset of multilingual Roman Urdu and Sindhi sen-
timents was collected from different online sources
including, YouTube, Facebook, Instagram, and Blogs.
A total of 2498 sentiments were collected. Figure 3
illustrates the dataset statistics.

Total
100 1252
1200 B |
1000 901 I
800 T |
600 |
o 345 |
200 | | I |
o = '
negative neutral Positive

Figure 3. Statistics of multilingual Roman Urdu and Sindhi
Sentiment Analysis Dataset.

As illustrated in Figure 3, the dataset of multi-
lingual Roman Urdu and Sindhi sentiment analysis
for E-Commerce products contains imbalanced
sentiments.

Table 2 presents the classification results of mul-
tilingual Roman Urdu and Sindhi Sentiment Analysis
in terms of precision, recall, f1 scores, and accuracy.
Five different supervised machine learning classifiers
including LR, NB, SVM, KNN, and RFC were trained and
evaluated on the collected data. The TF-IDF method
was used for feature selection.

The precision value obtained with LR classifier is
0.78 while it is 0.71, 0.77, 0.44, and 0.76 with the NB,
SVM, KNN, and RFC classifiers. The recall achieved by
SVM classifier is 0.79 while the LR, NB, KNN, and RFC

Table 2. Multilingual Roman Urdu and Sindhi Sentiment
Analysis for E-Commerce Results with Different Machine
Learning Classifiers

Classifier Precision Recall F-Score Accuracy
LR 0.78 0.78 0.78 0.78
NB 0.71 0.73 0.72 0.71
SVM 0.77 0.79 0.78 0.77
KNN 0.44 0.47 0.47 0.46
RFC 0.76 0.77 0.76 0.76

classifiers yielded a recall value of 0.78, 0.71, 0.47, and
0.77, respectively. Similarly, the LR and SVM classifiers
achieved the f1-score of 0.78 while the NB, KNN, and
RFC classifiers achieved the f1-score of 0.72, 0.47, and
0.76, respectively. The overall testing accuracy for the
multilingual Roman Urdu and Sindhi sentiment analy-
sis by LR, NB, SVM, KNN, and RFC is 78%, 71%, 77%,
46%, and 76%, respectively.

The results presented in Table 2 demonstrate that
the LR classifier outperformed on the multilingual
Roman Urdu and Sindhi sentiment analysis data,
while KNN was a poorly performing classifier. The
overall test accuracy is not more than 78%. This
shows the complexity and challenges of the Roman
Urdu and Sindhi sentiment data. The sentiments
in the dataset are high dimensional, therefore, the
KNN performed poorly. The confusion matrix using
all five classifiers for multilingual Roman Urdu and
Sindhi sentiment analysis is presented in Figure 4. As
illustrated in the confusion matrix of all five classifiers,
some samples have been negatively classified in other
classes. This is due to very minimum differences in
different sentiments.

As illustrated in Figure 3, the dataset contains an
unequal number of samples in each class. The nega-
tive class has 901 samples, the neutral class contains
345 samples, and the positive class contains 1252
samples. To handle the problem of class imbalance,
a SMOTE over-sampling technique was used to syn-
thetically increase the samples of minority classes. All
five classifiers were trained on the multilingual Roman
Urdu and Sindhi dataset of E-Commerce product
reviews after applying SMOTE technique. Table 3
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Figure 4. Confusion matrix for multilingual Roman Urdu
and Sindhi Sentiment Analysis: (a) Confusion Matrix with LR
(b) Confusion Matrix with NB (c) Confusion Matrix with SVM

(d) Confusion Matrix with KNN, and (e) Confusion Matrix

with RFC classifiers

demonstrates the classification results obtained after
applying SMOTE technique.

Table 3. Multilingual Roman Urdu and Sindhi Sentiment
Analysis for E-=Commerce Results after SMOTE technique

Classifier Precision Recall F-Score Accuracy
LR 0.79 0.79 0.79 0.79
NB 0.75 0.77 0.76 0.76
SVM 0.78 0.79 0.78 0.78
KNN 0.52 0.55 0.54 0.54
RFC 0.79 0.79 0.79 0.79

Table 3 demonstrates that all the precision, recall,
f1-score, and overall accuracy of each classifier were
slightly improved when using SMOTE technique to
avoid the problem of class imbalance.

4.1 Comparison with E-Commerce

Sentiment Analysis Methods

The multilingual Roman Urdu and Sindhi sentiment
analysis performance on the reviews of E-Commerce
data using machine learning classifiers was compared
with the existing multilanguage sentiment analysis
systems. The results of multilingual Roman senti-
ments have been compared in terms of commonly
used classification metrics. Table 4 compares the
machine learning classifiers applied to the multilin-
gual Roman Urdu and Sindhi E-Commerce sentiment
analysis dataset with existing machine learning-based
methods.

Table 4. Comparison of Machine Learning Classifiers on the
Multilingual Roman Urdu and Sindhi E-Commerce Dataset
with Existing Machine Learning Methods

Model Precision Recall F-Score Accuracy
Das [23] 0.74 0.74 0.74 0.77
Das [23] 0.71 0.71 0.71 0.74
Savci [24] 0.79 0.85 0.82 0.77
Chen [25] - - 0.74 0.75
Chandio [26] 0.68 0.71 0.69 0.68
Bilal [27] 0.70 0.37 0.48 0.47
Shah [28] 0.67 0.67 0.67 0.67
Fang [29] 0.63 0.61 0.62 0.5
Proposed 0.78 0.78 0.78 0.78

5 Conclusions and Future Work

This paper examines the practical implications of the
research findings, focusing on how sentiment analysis
in the Roman Urdu and Sindhi languages can provide
a platform for consumer feedback research, market
research, and social media management. It focuses
on the potential value of applying sentiment analysis
to content, marketing, and audience engagement
decision-making processes. A dataset of multilingual
Roman Urdu and Sindhi E-Commerce sentiments
was collected from different online sources, including
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YouTube, Facebook, and other blogs. Preprocessing
techniques using NLTK library were applied to normal-
ize the data and remove the stop words, punctuations,
and other symbols. TF-IDF was used to select the most
appropriate features. Five different supervised ma-
chine learning classifiers were trained and tested on
the collected dataset. To reduce the class imbalance
problem, a SMOTE technique was utilized. Among
all classifiers, the LR classifier obtained the highest
accuracy.

In the future, more multilingual data can be col-
lected from diverse sources. Deep learning methods,
such as recurrent neural networks and their variants,
can be trained and evaluated on the Roman Urdu
and Sindhi E-Commerce datasets. Furthermore, the
efficiency of the transformer models, such as BERT
can be analyzed on the Roman Urdu and Sindhi
E-Commerce datasets.
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