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ABSTRACT

The surge of social media platforms has generated significant interest among researchers in Natural Language
Processing (NLP) regarding Sentiment Analysis in recent years. Numerous studies have been dedicated to analyzing
sentiment in different languages, including Urdu, which is widely spoken in South Asia and serves as the national
language of Pakistan. While considerable research has been conducted on sentiment analysis using Machine
Learning (ML), Deep Learning (DL), and other methodologies, the importance of sentiment analysis for Roman
Urdu text is equally noteworthy. This paper provides a comprehensive examination of existing literature on
sentiment analysis in various languages, with a specific emphasis on Roman Urdu text and approaches such as ML,
DL, and others. Moreover, the paper proposes new directions for future researchers in this field.
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1. INTRODUCTION

NLP is a branch of Artificial intelligence (Al) that is still in its infancy and assesses, comprehends, examines, and
even generates human language. It is used in the development of human-machine interaction interfaces. Currently,
the internet and technology are both at their peak. Since the last decade, social media platforms have been widely
used by a large number of people. People utilize social media platforms to share their thoughts, ideas, experiences,
and concerns with family and friends. The number of social media networks, users, social media usage time, and
data have all expanded dramatically. People connect in languages they speak on social media networks, and no
language filter is used. In terms of NLP, this is a challenging scenario [1], [2].

The fast-expanding area of NLP is sentiment analysis (SA). Utilizing this method, the text is analyzed to reveal its
underlying meaning. SA allows an application to identify whether a text's sentiment is positive, negative, or neutral.
Urdu is the native language of Pakistan, the world's fifth-largest country, with a population of 216 million people. In
South Asia, Roman Urdu text is frequently used for social media conversation. Roman Text SA is a difficult
problem for academics because of its unconventional text, unstructured form, and lack of resources [3], [4]. Roman
Text has un-structured and non-standard language Example;

“Ali bohat zaheen ha.”
“Ali both zahen hy.”,
“Ali bht Zahin hai.”

All of the above mentioned sentences are understandable and proper in Roman Urdu language, however, they are
difficult to comprehend in ML. Because there is no sentiment dataset for Roman text, the data is processed using
ML algorithms. Machines follow specific rules and regulations based on criteria. The most difficult step in
processing Roman Text Datasets is preprocessing. This is how we prepare data for ML. The Roman text expresses
emotions through a variety of emotive words that are used to denote such emotions. This is a distinct language with
sophisticated grammar and a diverse morphology. Because the tools available for other languages are insufficient for
Urdu, unique tools, particularly for SA, are required [5], [6].

The human interest in others' feelings and opinions is as old as verbal communication [7]. In the first decades of the
twentieth century, attempts were made to calculate and measure public sentiment through questionnaires [8]. In
1937, a scientific journal on public opinion was published. We discovered that the first scholarly study of public
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sentiments was conducted during and after WWII, and its objective was purely political [9]. Modern SA becomes
much more popular in the mid-2000s and it is mainly based on online product reviews [10] . Since then, SA has
been applied to a variety of other fields, including financial market forecasting and terrorist attack reactions [11].
Moreover, attempts to distinguish negative emotions such as anger and grief are moving from basic polarity
recognition to more complicated variations of emotions and separating negative emotions such as anger and grief
[12].

2. LITERATURE REVIEW
Many ML and DL methods have been applied for text-based SA in the past.

2.1. Machine Learning Methods

A ML model was developed to detect sentiments from Roman text. The model was tested using Roman Urdu song
reviews collected from YouTube. Preprocessed comments were analyzed using Naive Bayes (NB), K-nearest
Neighbor (KNN), Decision Tree (DT), and Artificial Neural Network (ANN) algorithms. The Naive Bayes
algorithm achieved the highest accuracy of 82.41% [13]. A study on dual language sentiment analysis (SA) was
conducted using a Roman Urdu dataset from Kaggle. The dataset consisted of comments from the social media
platform YouTube in both English and Roman Urdu languages. Preprocessing steps involved removing null values,
stopwords, punctuations, special characters, spaces, numbers, unnecessary text, and duplicate values. Three feature
selection techniques, namely Term Frequency - Inverse Document Frequency (TF-IDF), count vectorization, and
word2vec, were utilized. Logistic Regression with count vectorization achieved a model accuracy of 87%. The study
suggested the potential use of Google Translate for multi-language SA and video ranking based on qualitative
content on YouTube [14].

In this study, the Twitter dataset from GitHub was utilized for sentiment analysis (SA) of English text. The dataset
contained 40,000 tweets, which were used for training purposes. The aim was to classify tweets into happy, sad, and
other emotions. Preprocessing steps, including tokenization, lowercase conversion, filtration, and POS tagging, were
applied. Various features extracted from the text were categorized into morphological features and word N-gram
features. Classification was performed using Support Vector Machine (SVM), Decision Tree (DT), and Random
Forest (RF) algorithms, with DT achieving an accuracy of 99.3%. For future research, the evaluation of feature
extraction methods for Twitter data can be further explored [15].

TERUN, a transliteration-based encoding method, was used to normalize Roman Urdu/Hindi text. The RUSAD
dataset contained 11,000 social media reviews, enabling the detection of positive and negative emotions.
Preprocessing involved removing repeated digits and zeros. Word-level n-gram features were employed. The studies
demonstrated the importance of correct normalization for improved classification accuracies. It was emphasized that
phonetic algorithms need to be tailored to specific languages. Both intrinsic and extrinsic evaluations were
conducted, and future work involves exploring deep learning approaches for standardizing RUSA [16]. A study was
conducted to analyze multilingual textual data from social media and identify the level of extremism. The dataset
included 20,000 rows annotated for moderate, low extreme, high extreme, and neutral categories, covering Urdu,
Roman Urdu, and English languages. Data cleaning steps involved removing URLs, converting text to lowercase,
and eliminating blank spaces and emojis. TF-IDF was used to assign weights to important words for content
classification. Two machine learning algorithms, Linear Support Vector Classifier and Multinomial Naive Bayes,
were employed for data classification. The Linear Support Vector Classifier achieved the highest accuracy of 82%
[17].

Developed a model for Aspect-based SA of the Urdu language. For experiments dataset was prepared using Twitter
APIs, 10,000 tweets 3000 from football, and 7000 from the cricket domain. Preprocessing removed special
characters, hashtags, and punctuation using Sci-kit Learn. TF-IDF vectorizer and N-gram models were used for
feature extraction. In the proposed methodology, the main steps were data collection, preprocessing, ML algorithm,
and evaluation. A baseline evaluation was performed It presented a benchmark corpus for aspect-based SA in Urdu
that will cover many areas of research. Improvement of work by applying different techniques for feature extraction
was the future goal of this work [18]. Here, presented the online sentiments analysis using NLP and human
validation to score net sentiment scores and online conversion topic categorization. The data from 1720810 reviews
were collected from five banks in South Africa with the help of social media APIs. Positive and negative emotions
were detected from Reviews that are in the English Language. The combined process of the ML algorithm and
manual validation created a confidence level of 95% and an overall 0.1% margin error [19].
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The research introduced the first offensive language dataset for Roman Urdu, comprising 147,000 YouTube
comments. Preprocessing techniques like normalization, stop word removal, and character-level tri-grams were
employed. Machine learning algorithms were applied, with Simple Logistic Regression achieving a remarkable
95.8% F-measure on the Urdu dataset. Future work includes creating a multilingual text dataset for Urdu and Roman
Urdu from different social platforms [20]. A model was developed to measure hate speech and the content of hate
speech. A publically available dataset from GitHub has 43,871 English tweets annotated against positive, negative,
and neutral classes used in this work. In Preprocessing stage, conversion into lowercase, deletion of punctuation
marks, duplicate texts, and digits took place. ML libraries were used and results showed 89% of tweets were
negative, 7% positive, and 4% neutral. Legal research about hate speech must be done in the future [21].

Analyzed that SA performed social media comments in Roman Urdu and prepared a dataset of 806 comments from
different social media sites and deal only with positive and negative sentiments. Stop words, punctuation, and
numeric characters were removed in the preprocessing phase. Uni-gram, bi-gram, tri-gram, and union with TF-IDF
feature extractions were applied. After the data collection, preprocessing, and feature extraction ML techniques like
NB, LR, LRSGD, and SVM to predict sentiments applied in model construction. Predicted results were compared
with manual targeted results and evaluated using the WEKA tool. SVM with Unigram+Bigram-TF-IDF gave the
highest accuracy 87.22%. In the future, Will expand the dataset and use DL approaches [22] Composed a
methodology to perform sentiment classification on Urdu news tweets. An Urdu dataset was collected through
Twitter APIs with 600 tweets in the Urdu Language. URLs, stop words, and Twitter-specific emotions were
removed during preprocessing. Feature vector composed through the identification of positive and negative word
count, presence of negation, and POS tags. The DT algorithm was used for classification and gave 90.00% accuracy
and evaluation was done through cross-fold validation as well as precision, accuracy, and recall [23].

Analyzed Twitter live data, as well as past, feeds for getting emotions. Twitter and 20 newsgroups were used as
datasets annotated against enjoyment, disgust, and surprise emotion classes. The Preprocessing involved replacing
HTTP links with URLs, eliminating new lines, tab and hash characters, and conversion into lowercase. Different
ML algorithms like k-means, NBand SVM are applied in this model. Further, more words describing emotions can
be added to the bags [24] . In this study, emotions expressed on Twitter were detected and analyzed using a
benchmark dataset called ISEAR. The dataset consisted of 7,246 English tweets and was used for experimental
work. Positive, negative, and neutral emotions were identified from the tweets. Preprocessing steps involved
removing emojis, redundant characters, non-alphanumeric characters, tokenization, stop words removal, Part of
Speech tagging, and NAVA text processing. The feature set used for Naive Bayes (NB) included words from each
tweet and reply. The model consisted of data collection, preprocessing, sentiment detection, and influential user
detection stages. Naive Bayes yielded the best results for both full text and NAVA words in terms of sentiment and
emotion analysis. As a future direction, it is suggested to consider complete posts rather than individual words to
provide insights on user emotions for any social network or topic [25].

Aspect Based SA was performed for Urdu political tweets that were collected through Twitter APIs. 8760 Urdu
tweets were collected then special characters, duplicate tweets, URLs, and hyperlinks are removed in preprocessing
and segmentation also took place in the preprocessing stage. The N-gram feature set and SVM algorithm are used
for sentiment purposes. The developed corpus has been tagged at aspect and sentiment levels with an IAA score of
75%. The sentiment classifier also achieved an f1 score of more than 70%in many cases. A baseline system has been
developed using the corpus for analyzing its reliability in future use [26].

The development of the Urdu Sentiment Lexicon involved using textual data sourced from various Urdu blogs. The
aim was to detect three emotions: positive, negative, and neutral, within Urdu text. Instead of using a supervised
machine learning model, a lexicon-based system was developed. The model took into consideration positive and
negative words, as well as handling negation, intensifiers, and content-dependent words. The system achieved an
accuracy of 89.03% with a precision of 0.86%, recall of 0.90, and an F-measure of 0.88. These results surpass
previous work in sentiment analysis (SA), and the evaluation was performed using Kappa statistics to validate the
findings. It is important to note that this research did not address the detection of sarcasm, a common occurrence in
Urdu text. Thus, a potential future direction could focus on handling sarcasm within the lexicon-based system to
further enhance its effectiveness and coverage [27].

Roman Urdu dataset was used to perform SA on 779 reviews from different social media platforms. Textual data
were converted into a numeric form in the preprocessing stage. N-gram features worked as feature sets and ML
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algorithms NB, LR, SVM, KNN, and DT were used in the model. The model was constructed by following these
steps: Data gathering, data annotation, data preparation, feature identification, and Supervised ML algorithms and
results. F-measure is higher than all previous work and to analyze the impact of stop words list and automatically
normalize the Roman Urdu text suggested as future work [28].

The Waikato Environment for Knowledge Analysis was utilized as a platform for executing classification models in
the context of text classification for Roman Urdu. The dataset was collected by scraping various automobile
websites, resulting in a dataset containing 1000 positive and 1000 negative reviews, which were then saved in
WEKA. The data was divided into training and testing sets, with 80% used for training purposes and the remaining
portion for testing. Different models were applied during the testing phase, and the results were analyzed
accordingly. The experiments revealed that the Multinomial Naive Bayes (NB) classifier outperformed other models
such as deep neural networks, decision trees (DTs), random forests (RF), bagging, K-nearest neighbors (KNN),
AdaBoost, and support vector machines (SVM) in terms of precision, recall, accuracy, and F-measure. The
preprocessing steps involved data extraction, removal of stop words, conversion to lowercase, and the development
of a corpus. The Multinomial NB classifier achieved an accuracy of 89.75% in the classification task. In future
work, there is a plan to train the machine to identify the specific areas of interest within the automobile domain, such
as individual parts of a vehicle [29].

A dataset consisting of 11,000 reviews in Roman Urdu was collected from six different domains for sentiment
analysis (SA). The dataset was annotated with three classes: positive, negative, and neutral sentiments. Unnecessary
information was removed from the reviews, and the cleaned data was stored in an Excel file. In terms of analysis,
the ensemble technique called wVoting outperformed machine learning algorithms from seven different categories
in most cases. The best results showed a significant reduction in the error rate by 12% compared to the baseline,
which was initially at 80.07%. The evaluation of the SA was performed using deep learning techniques. For future
work, it would be interesting to further analyze and improve the results obtained from these studies. Additionally,
exploring feature reduction techniques could be beneficial in enhancing the accuracy and efficiency of the sentiment
analysis model [30]. In order to enhance the accuracy of Urdu sentiment analysis (SA) across multiple domains,
special attention was given to dealing with negations. Negation plays a crucial role in SA, so it was a primary focus
of the research. To address this, a corpus of 6025 Urdu sentences was utilized, where negations were identified and
observed. To tackle negation, the first important step involved handling morphological negation. This negation was
incorporated into the word negative file for SA, ensuring its consideration in the analysis. The second step employed
a rule-based approach to address both implicit and explicit negations. Specifically designed rules were implemented,
resulting in a significant improvement in accuracy, from 73.88% to 78.32%. The precision, recall, and F-measure
also demonstrated statistically good improvement, with precision at 0.745, recall at 0.788, and F-measure at 0.745.
In summary, by effectively dealing with negations, particularly considering both local and distance negations, the
accuracy of Urdu SA in various domains can be significantly enhanced. The rule-based approach applied in this
research proved successful, leading to notable improvements in accuracy and performance metrics [31].

A Discriminative Feature Spamming Technique (DFST) was introduced, utilizing the Term Utility Criteria (TUC) to
identify distinctive terms. This technique was employed on a Roman Urdu dataset consisting of 11,000 reviews,
which were collected and annotated specifically for this research. To enhance the classification accuracy, a
customized tokenizer was developed. This tokenizer played a crucial role in improving the performance of the
model. A cross-scheme comparison was conducted, comparing the current results with previous ones. The findings
demonstrated that the model's performance had been improved in comparison to the previous results. In summary,
the research presented the DFST approach, incorporating TUC to identify distinctive terms. The customized
tokenizer contributed to improved classification accuracy. The comparison with previous results showcased the
enhanced performance of the model [32].

Targeted the students’ sentiments posts on Facebook groups to express their feelings. The dataset was based on the
issues of the students. This system provided detection to students’ posts in the English language, related issues were
Positive, negative, and neural. Long text broke into small chunks after preprocessing chunks were merged and
tokenization performed. Feature selection is performed based on unigram, bigram, and trigram. After data collection
and preprocessing, the scoring phase took place. Then there was semantic score calculation and classification. This
model provided the best outcomes to improve related issues and institution policies. Moreover, this work can be
performed in different languages in the form of formal and informal writing styles, emotional symbols, and images
that will be used for emotional facial extraction [33].
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A novel approach for sentiment analysis (SA) on data from multiple languages was proposed. The experiments
involved two publicly available datasets in English and German languages, which were annotated with positive,
negative, and neutral sentiments. Notably, no preprocessing steps were applied in this particular model. The
proposed approach utilized a hybrid model combining bidirectional long short-term memory networks (LSTM) and
support vector machines (SVM). This hybrid model achieved an accuracy of 74.5%. The F1-score without
oversampling was 49%. It is worth mentioning that the designed model, featuring a 300-dimensional embedding
vector, outperformed the base model. The model demonstrated its applicability to mixed languages, although there
was a notable decline in predictive performance. Nonetheless, the approach proved successful in conducting
sentiment analysis across multiple languages, albeit with some reduction in accuracy compared to single-language
analysis [34].

Sentiment mining performed on Youtube Roman Urdu/Hindi reviews. A Roman Urdu/Hindi dataset was presented
that contains 600 reviews annotated against positive, negative, and neutral reviews. Data integration, filtration, and
labeling were performed as preprocessing. The reviews of three selected songs were scrapped and preprocessed and
analyzed using NBand ID3. Both algorithms gave 75% accuracy. An increase in dataset size by using ML
techniques is suggested as a future domain [35]. Proposed a fake product review system that was an intelligent
interface and took URLs related to products from different platforms and analyzed the product reviews and provide
original ratings. The system analyzed reviews in Urdu, Roman Urdu, and English language. Deceptive Opinion
Spam Corpus had 1600 reviews in the English language. Stop words and punctuation removal, lemmatize and
bigram steps were related to preprocessing. Count-Vectorizer converted each review into a bag of words and then
TF-IDF transformed applied. The model was based on preprocessing, feature extraction, classifiers, and fake review
detection steps. SVM Classifier gave 87% accuracy. SVM Classifier used with Bigram feature used for evaluation.
In the Future, the system will process and filter the reviews in multiple languages [36].

To determine the best classifier for Urdu sentiment analysis (SA), evaluation measures were effectively utilized. A
dataset of 6025 Urdu sentences was collected from various online sources. In the data cleaning process, stop words
were removed to improve data quality. After data collection and annotation, five classifiers (SVM, DT J48, KNN-
IBK, PART, and NB multinomial Test) were employed using the WEKA tool. To select the optimal classifier, a
thorough evaluation was conducted. A 10-fold cross-validation technique was applied, and the top three classifiers
with high accuracy, precision, recall, and F-measure were chosen. These classifiers were SVM, J48 (decision tree),
and IBK (k-nearest neighbors). IBK exhibited superior performance compared to other classifiers when evaluated
using additional measures such as the Kappa statistic and root mean squared error [37]. Stated, Used the Twitter
handle sample data, and analyzed and check the status of Urdu language communication on Twitter. Using different
hashtags 2234 tweets were collected in Urdu and Roman Urdu. Roman Urdu and Urdu Tweets were annotated
against positive, negative, and neutral emotions. Applied Combine ML and lexicon-based approaches. Python is
used for data analysis, Tweepy API, and maps tweets converted from latitude to longitude to an address. Results
showed that Urdu was not a strange language to Twitter. Urdu had issues with lexicon-based SA which were
suggested as a future domain [38].

SA of Sindhi language using supervised ML techniques. 4236 Sindhi tweets downloaded using Twitter API
annotated against positive and negative emotions. Preprocessing involved the removal of non-Sindhi words, extra
white spaces, and punctuation and tokenization. SVM, NB, DT, and KNN Algorithms were used. SVM gave
accuracy= 64.6%. The dataset was evaluated based on F-score, Accuracy, Precision, and recall. Future work can
focus on more classes and some other tokenization and preprocessing techniques can be opted for better results [39].
Classify the emotions of tweets using the ML approach. Three datasets were used named Standford sentiment140,
Polarity Dataset, and University of Michigan Having records 1,600,000, 2000, and 7086 respectively. Two types of
emotions were detected positive and negative. The Preprocessing stage included lowercase conversion, conversion
into URLSs, stemming, trimming tweets, and tuning parameters. SVM and DT algorithms were merged to get better
results in terms of f-measure and accuracy. DT: F-measure84% Accuracy=84% [40].

The main focus was Urdu SA using the Supervised ML Approach. Data was collected from 151 different blogs
which were 6025 sentences. Data annotated against positive, negative, and neutral classes. Three classifiers SVM,
DT, and KNN were tested and compared. Different steps included stops words removal, feature extraction,
identification, and extraction of important features improved results. K-NN performed better than SVM and DT in
terms of precision, recall, accuracy, and f-measure. KNN (IBK) Accuracy= 100%. In the future, more data can be
added to blogs to get better results [41].
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2.2. Deep Learning Methods

A DL model was developed to evaluate word embeddings specifically for Roman Urdu text. The CNN and LSTM
models were employed to extract features from the data. Subsequently, different machine learning (ML) classifiers
were utilized for classification purposes. The proposed DL model achieved impressive accuracy results. It obtained
accuracies of 0.904, 0.841, 0.740, and 0.748 on the MDPI, RUSA, RUSA-19, and UCL datasets, respectively [42].
A DL model was introduced to conduct data mining on the emotions expressed in Roman Urdu text. The study
utilized a Roman Urdu Corpus, specifically the RUSA-19 dataset, for conducting experiments. Various models,
including FRCNN, RCNN, rule-based, and N-Gram-based models, were employed for the analysis. The models
were utilized for both binary classification and tertiary classification of emotions [43]. A DL model was developed
for SA in Roman Urdu. A dataset named RUSA-19 was used which contains 10,021 Roman Urdu sentences and
UCL Roman Urdu Dataset was used for comparison. Positive, Negative, and Neutral emotions were detected from
different social media platforms. Illegal characters and URLs were removed in a preprocessing step. N-gram feature
extraction was performed for binary classification. RCNN model outperformed the Rule-based model concerning
evaluation measures that were used. For future work, Improvement in results was suggested [44]. NLP and DL
algorithms are applied for automatic content monitoring from tweets in English and Hindi Language. In the
preprocessing phase, conversion into lowercase, negation removal, URL and non-alphanumeric removal, and
tokenization is performed. Pre-trained language models such as DistilBERT and BERT achieved the best
performance for AOB detection. The problem of Noisy labels to correct wrongly assigned classes is represented as
future work [45].

A specialized model was created to detect hate speech and offensive language on social media platforms, with a
particular focus on Twitter. For the experiments, a publicly available dataset called RUHSOLD, containing 10,012
tweets in Roman Urdu, was utilized. A novel deep learning model called CNN-gram was developed specifically for
offensive and hate speech detection. The study concluded that transfer learning, as opposed to training embedding
from scratch, yielded more favorable results. The CNN-gram model demonstrated greater robustness compared to
the baseline models. However, the analysis also revealed that there were semantically challenging cases at a fine-
grained level due to the complexities of language. As a result, further research and development are needed to
address these linguistic complexities and improve the model's performance in handling such cases [46]. The analysis
focused on Twitter data related to COVID-19, specifically targeting tweets in the English language with positive and
negative emotions. Data collection was done using Twitter APIs, and an additional cleaning process was applied
using the "clean tweet" method. To classify emotions in the collected tweets, a Recurrent Neural Network (RNN)
model was developed. The RNN model demonstrated good performance and accuracy in text classification tasks. To
delve deeper into the analysis, a sample of 50 tweets containing the keyword 'COVID' was analyzed using both
TextBlob and the RNN model. Additionally, classification and clustering techniques were employed to explore the
data from various perspectives and areas. Overall, the study successfully employed a combination of data collection,
cleaning, and RNN-based sentiment analysis to gain insights into COVID-19-related Twitter data. Further analysis
using classification and clustering techniques expanded the understanding of the data from diverse angles [47].

A novel approach called the Self-Attention Bidirectional LSTM (SA-BiLSTM) network was introduced to address
the issue of inconsistent sentence structure in text representation. The model was evaluated on a Roman Urdu
Dataset comprising 20,000 sentences sourced from social media. These sentences were annotated with positive,
negative, and neutral labels. As part of the preprocessing phase, non-textual symbols and characters were eliminated.
The proposed SA-BiLSTM model leveraged self-attention and a Bidirectional LSTM network to achieve improved
results. The SA-BiLSTM model attained high accuracy rates of 68.4% and 69.3% for the preprocessed and
normalized datasets, respectively [48].

DL methods applied to perform Roman Urdu SA. A balanced dataset with 8k records was used for experimental
work. The proposed DL model gave 0.97, 0.92, 0.94, 0.95 precision, recall, F1 score, and accuracy respectively.
LSTM is used to train the model and it will help to ensure further exploration [49]. A novel model called SLCABG
(Sentiment Lexicon and CNN-Attention-based Bidirectional Gated Recurrent Unit) was developed to tackle the
limitations of existing models used for analyzing product reviews. This model combines the advantages of sentiment
lexicons and deep learning techniques to overcome these shortcomings. It leverages a combination of CNN and
Bidirectional Gated Recurrent Unit (GRU) networks to extract essential sentiment and contextual features from the
reviews. The dataset was extensive, reaching a magnitude of 100,000 orders, thus providing wide applicability in the
field of Chinese sentiment analysis. Experimental results demonstrated the model's effectiveness in improving text
sentiment analysis performance [50]. Examined that A Model based on a CNN and gating structure developed that
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was efficient and accurate. SemEval Datasets contained restaurant and laptop English reviews annotated against
positive, negative, neutral, and conflict classes. Novel Gated Tanh-ReLU units selectively output sentiment features
according to aspect and unity. The convolutional Layer did not have time dependency as in the LSTM layer that’s
why the computations of the proposed model could be easily parallelized. Leveraging large-scale sentiment lexicon
in neural networks would be a future task [51].

2.3. Hybrid Methods
The three neural word embeddings—word2vec, FastText, and Glove—were provided. A data set in Roman Urdu
with three thousand two hundred fourty one sentiments from Twitter and "what mobile" platforms annotated for
positivity, negativity, and neutrality. The performance of DL and ML methods was compared using NBand SVM
Logistic Regression and Hybrid approaches, as well as neutral word embeddings. The proposed model had
accuracies of 0.8417, precision of 0.8168, recall of 0.8284, and F1-core of 0.8221. The future work will be look into
the impact of developed neural word embeddings on cyberbullying detection and machine translation [52].

A hybrid approach of DL called CNN and LSTM is used for sentiment classification of reviews. Four different
English language datasets were prepared: Movie Reviews, Airline reviews, self-driving car data, and US presidential
election statistics are all available. These datasets are categorised either as positive, negative, or neutral. Removal of
special characters, removal of emoticons, and removal of hyperlinks were performed in the preprocessing stage.
Feature Vectorization was performed and CNN, RNN, and LSTM algorithms were applied in this work. In the
Model Development phase, Input reviews, preprocessing, Vectorization, feature matrix, model training using DL,
classification, and results are performed and evaluated through accuracy, precision, recall, and f-measure
parametersThe results showed that performance in several areas is significantly improved when the key aspects are
studied sequentially. In the future, the social media-specific word embeddings model will be able to improvise to
deal with misspellings and other linguistic irregularities that can be challenging to deal with now [53].

2.4. Other Methods
A SA technique based on Markov Chains was presented for sentiment mining of Urdu tweets. The primary focus
was on three Urdu categorization models: positive, negative, and neutral. For data cleansing, stop words, non-Urdu
words, user names, special characters, emotions, and diacritics were eliminated. A classifier trained using NB
Algorithm and feature matrix was computed using the TF-IDF metric. Corpus construction was performed after
input tweets and then preprocessing, partitioning, modeling, and evaluation. The dataset for positive tweets
increased to improve results in the future [54].

The problem of antisocial behavior detection from Twitter and Facebook Urdu text was discussed. Hashtags, HTML
tags punctuation, and extra spaces were removed in preprocessing. The processes used to create the dimensional
model for emotion recognition included input text preprocessing, polarity identification, segmentation, and ASB
detection. In terms of accuracy, this approach exceeded the state of the art method by 77%. In the future, a
multilingual or bilingual strategy may be used [55]. The segmentation approach was applied to Urdu SA. The bag of
words model fails to classify a subset of complex emotions. A sentiment is classified into three steps, First segment
sentiment into two fragments, the second orientation score of fragments is calculated independently, and the last
polarity of sentiment is estimated. The computational model evaluated this method. Increase in Precision= 8.46%,
Recall=37.25%, Accuracy=24.75% which was a big improvement over a bag of word model. Future work should
focus on developing a complex interaction between sub-opinion and rigor theory to manage sentiments with
multiple sub-opinions [56].

An emotion corpus for Roman Urdu was analyzed and generated for emotion evaluation. To help the Roman Urdu
emotion recognition system, a corpus of ten thousand sentences were gathered from several sources. Noise removal,
URL removal, punctuation marks removal, spelling consistency, and lowercase conversion steps were performed in
preprocessing. The model is based on data collection, preprocessing, data annotation, and corpus characteristics.
Future research may yield more corpus-based instances of emotions and findings from various classifiers [57].
Sentiment orientation emoji-based components and textual features studied. Data was collected from Twitter using
different hashtags from Arabic tweets. In the preprocessing phase, unnecessary data was removed and comments
were compiled in One Microsoft Word file. The proposed model analyzed positive, Negative, and neutral sentiments
after the cleaning and compiling process. Emojis serve as a supplement to text or other emoji to express emotion;
they do not, however, offer accurate information or convey what they are meant to convey. This work combines
manual and computational techniques. In the future, one text or emoji lexicon with a broad list of neutral terms will



be employed in data analysis. Sarcasm and politeness will also be interesting subjects to investigate [58],[59],[60].
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ML, DL, Hybrid and Other Methods details are shown below in Table 1.

Table 1. Urdu Roman Text Literature Survey using ML, DL, Hybrid and Other Methods

Author/Year Dataset Language Preprocessing Steps Methodology Description
Qureshi et al. | Roman Urdu Isjéﬁus llisrﬁ(t);aetgﬁllz’;c?;ce:c,ial NB, KNN, DT | Navies Bayes
(2023) Songs Review & ’ p and ANN Accuracy 82.42%
Reviews Characters
Roman Urdu RCNN, . RCNN Binary
Nagra et al. . Roman . FCNN, Binary .
(2022) Dataset using Urdu Text Normalization and Tertiary 91.73% Tertiary
RUSA-19 i 89.94%
Classification
MDPI, RUSA, E‘r’é?la;ex .
Khan L. et Al. | RUSA-19, and and Remove Null, Spaces, CNN, LSTM, SVM produced an
(2022) UCL datasets English Text Normalization SVM, DT accuracy of 90%
Dialects
Remove: Null values, Logistic
English Stop Iwords, Logistic Regression with
SaminaYasin | Roman-Urdu & punctuation, Special g1ste &
Regression count
et al (2020) dataset Roman characters, Spaces, .
Based Model Vectorization:
Urdu Numbers, Unnecessary
. accuracy=87%
text, Duplicate values
ZainabMahm | RUSA- RCNN model
Remove: Illegal Recurrent outperformed with
ood et al 19,10021 Urdu .
characters, URLs CNN model the highest
(2020) sentences
accuracy
Twitter dataset Tokenization,
Shikha Tiwari | from . Converting into DT Accuracy=
etal (2020) | Github,40,000 | Celish lowercase, Filtration, SVM, DT, RE | o4 3¢,
tweets POS tagging
Roman KNN, DT, RF,
KhawarMeh Roman Urdu 9 (fl NB, ANN, NB, DT Produced
Hindi and | Remove: Repeated
mood et al dataset Roman dieits. All zeros SVM, ADA an Accuracy of
(2020) RUSAD ells, boost 90%.
Urdu
data was Remove: Undesirable
Abdulrahman | collected using Co -
. . . data, compiling the A predictive Accuracy above
Alrumaih et different Arabic .
comments in one MS model 90%
al (2020) hashtags,1000 .
Word file
tweets
Faiza Roman Urdu
Roman
Memood et Dataset, 3241 Urdu Null CNN 84% Accuracy

al. (2020)

sentiments
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Remove: URL from

Multilingual . . .
Urdu, posts, Text in URL, Multinomial
Mghammad dataset,20,000 Roman Blank Posts, Blank NB, Linear Linear SVC
Asif et al rows, and ..
(2020) 4300 lexicon Urdu, comments, Emojis, and support Vector | 82%.Accuracy
English Other characters, Classifier
count .
Convert into lowercase.
Remove: Stop words,
. Non-Urdu words, URL,
ZarmeenNasi User name, Special Accuracy above
mé&SayeedGh | Urdu tweets Urdu » DP Markov Chain y
ani (2020) ch.arac.:t‘er, Emojis, 80%
Diacritics, Replacement
of selected characters
Convert all data into
lowercase, Nagation
1“Toxic removed, Substitute
ElizavetaZino . emojis with their . DL Methods
Comment English, . . Deep learning
vyevaa et al AP g semantic representation, average accuracy
Classification Hindi Model
(2020) from Kacele Remove stop words, above 90%
g8 Remove URLSs, Remove
all non-alphanumeric
characters, Tokenization
Muhgmmad Remove: Hasl}tag Html Dimensional Accuracy 77$
Sohail et al _ Urdu tags, Punctuation marks, model achieved
(2020) Diacritics, Extra space
Sadaf Rani & | The dataset special characters,
Muhammad prepared using hashtags, links, and Accuracy above
Wagqas Anwar | Twitter APIs, Urdu punctuation marks NB, RF, KNN 90%
(2020) 10,000 tweets removal
Hammad RUHSOLD Roman Accuracy above
Rizwan et al dataset, 10012 Urdu Null CNN 35 y
(2020) tweets ?
LaszloNemes | collected use the 'clean tweet' E:?rl;em RNN eives good
& Attila Kiss | through English method to do the Network perfor%nanceg
(2020) Twitter APIs additional’ cleaning. (RNN)
James Banks reviews . . A 95% confidence
from social . Multinomial .
Lappeman et . English Null level and a margin
al (2020) media APIs, NB of error of 0.1%
1720810 posts S
Roman Urdu .
sz?;ﬁiio Dataset, Roman Remove: Non-textual CNN, LSTM, 16-Iég4ho/azcnli1ra6c9y3o;
20,000 Urdu symbols, Characters BiLSTM o 27

or et al (2020)

sentences
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MUHAMMA | Roman Urdu Normalize, Stop words | NB, KNN, DT, | ¢ ;o
Urdu and removal, Remove digits, | SVM, RF, .
D PERVEZ Dataset, Roman Eliminate punctuation logistic Regression
AKHTER et | 1,47,000 P gistie achieved a 95.8%
Urdu marks, Remove regression,
al (2020) comments F-measure value.
nonlanguage characters Rule based
1-Movie
Review,25000
2-Airline
Review
Ranjan Dataset Remove: Special LSTM achieved
Kumar 3-Self Driving Enolish charac te.rs I;Emo ticons CNN, RNN, higher accuracy as
Behera et al Car dataset 4- & H erlink’s ’ LSTM compared to CNN
(2021) US yp and RNN
Presidential
Election
Dataset, 13871
reviews
. There are 89%
Convert into lowercase, .
F.H. A Twitter dataset Remove all punctuation negative (446 out
Shibly et al English punctua ML libraries of 500), 4%
43871 tweets marks, Remove digits,
(2021) Remove duplicate texts neutral, and only
P 7% good tweets.
rearessiom with | SYM gave the
Ayesha Roman Urdu Roman Remove: Stop words, ot (%chastic highest accuracy at
Rafique et al Dataset, 806 Punctuation, Numerical . 87.22% with
Urdu Gradient . .
(2019) comments characters Unigram+Bigram_
Descent(LRSG TE-IDE
D), SVM
balanced
HussainGhula | Roman Urdu Roman . RF produced
metal (2019) | dataset, 8k Urdu Nil NB, RE, SVM |\ curacy= 0.95
records
. Urdu dataset Remove URL, Urdu stop DT C.45
RaheelaBibi through Urdu words, Twitter-specific algorithm used 90.00% accurac
etal (2019) | Twitter APIs, s removfl for S y
600 tweets classification
Shaikh Abdul Twitter and Replacmg the HTTP
20newsgroups links by URL
Salam . AP . K-means, NB,
. were used as English Eliminating: new lines, NB 90% accuracy
&Rajkumar SVM
datasets, 6000 tabs, Hash characters
Gupta(2018)

tweets

and converting
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Remove: Emojis, URLs,

KashfiaSailun Benchmark redundant letters, non- For full-text and
aza&RedaAlh ISEAR English alphanumeric characters, NB classifier NAVA phrases,
ajja (2019) dataset, 7246 etc. Clean text, stop NB produces the
) tweets words tokenization, and greatest results.
POS tagging.
Remove special o
classifiers have
Tweets characters, Resolve .
EhsanulHaq collected using segmentation issues also achieved an
et al (2019) Twitter API, Urdu Remove duplicate SVM gllalicore of more
8760 tweets tweets, Remove URLSs
. 70%.
and hyperlinks
The system's
gfgllamMukh Lexicon-based | accuracy is 89.03
Mohammad Textual data Urdu Nil system rather perc.erllt, with 0.86
; than precision, 0.90
Abid Khan :
supervised ML | recall, and 0.88 F-
(2019)
measure.
KhawarMeh Roman Urdu . NB, Loglstlc F-measure, which
Convert textual data into | Regression, is higher than all
mood et al Dataset, 779 Urdu . .
. numeric form SVM, KNN, prior Urdu SA
(2019) reviews
DT work
reviews Data extraction stop DT, Bagging, . .
. R Multinomial
Moin Khan & | collected from words removal, . .
. Roman .. Multinomial NBgave the
Kamran different Conversion into lower .
Malik (2018) | websites, 2000 Urdu case, Development of NB, KNN, highest accuracy of
AT I p Adaboost, 89.75%
P SVM
product Precision is
reviews of increased by
Muhammad electronic 8.46%, recall is
Hassan & itemsand ML and DL increased by
Muhammad reviews of Urdu N/A methods 37.25%, and
Shoaib (2018) | automobiles accuracy is
and increased by
cosmetics., 24.75%.
KHAWAR Cpllqcted from Remove unnecessary The ML ensemble
six different Roman . algorithm of .
MEHMOOD . data and save it as an . technique
domains, Urdu . seven different
et al (2019) . Excel file . performed better
11000 reviews categories
With 0.745, 0.788,
Data collected and 0.745
NeelamMukh | from 151 Supervised Precision, Recall,
tar et al different Urdu N/A ML and F-measure,
(2019) blogs, 6025 approaches accuracy improved
sentences from 73.88% to

78.32%.
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KhawarMeh Roman Urdu Roman LR, NB, ANN, | 82.16 was achieved
mood et al Dataset, 11000 Urdu N/A VOTING by WVotin
(2019) reviews y &
Remove stop words and
non-Chinese characters
LI YANG et prepared book . from the remark using NN produced
review dataset, | Chinese . NB, CNN better accuracy as
al (2019) . the word segmentation
10000 reviews . - compared to CNN
tool in the jilbab
package.
sl v
Ateyalram Comments of . Tokenization, Noisy data | semantic .
English . relevant issues,
(2018) a 500-Post removal classification
matters, and
Local College o ..
institution policies.
Muhammad iéfvlvllsftesrsw English SVM, CNN,
HaroonShake pus, ghsh, NB, DT, Model F1-score of
tweets 2- German, N/A S .
el et al. GermEval mixed biDirectionallL | 61:24%
(2020) SVM
dataset,
Extensive trials on
SemEval datasets
Wei Xue and | SemEval . show that our
Tao Li (2018) | datasets English N/A CNN neural model
outperforms other
neural models.
Roman Urdu Noise removal, URLs PDrE:arg(élel:SCiﬁon
Emotion removal, Removal of P & The model
Muhammad . . Data
. Detection Roman punctuation marks, . produced
Umair Arshad . . annotation,
etal . (2019) Dataset) Urdu Spelling consistency, Corpus outperformed
’ RUED, 10000 Conversion into pus - results.
characteristics
sentences lowercase
Muhammad Roman Roman supervised ML | accuracy :
Asif et al g;g‘;/e It{ggg Urdu gﬁgt‘igfggi;o&bgl?;a algorithm, DT, | NB=75%, ID3(
(2019) . /Hindi & NB DT) =75%
reviews
Deceptive Remove punctuation,
Ata-Ur- Opinion Spam Stop words removal, and Accuracy:
g%hln;;i netal. Corpusl, 1600 English Lemmatize words SYM SVM=87%
reviews
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NeelamMukh ?ritif:ﬁﬁed NB, SVM, DT, | SVM, J48, and
tar et al Urdu stop words removal J48, KNN, IBK produced high
sources, 6025
(2017) IBK accuracy,
sentences
Saqib tweets
Muhammad . Urdu, Combine ML
collected using . The model
Ghulam& . Roman and lexicon- .
. . Twitter API by N/A produced a Higher
Tariq Rahim Urdu, based
hashtags, 2234 . Accuracy of 90%.
Soomro tweets English approach
(2018)
Muhammad Tokenization, Remove
Hammad&Ha | Sindhi tweets Sindhi Punctuations, Remove SVM, NB, DT, | SVM
ris Anwar Dataset White Spaces and Non- | KNN accuracy=64.6%
(2019) Sindhi Words
1-Stanford .
. Lowercase conversion,
Sentiment, .
1600000 Converting www. Or
HTTP to URLs, Convert
tweets user name to
. 2- Polarity . SVM,
MeghaRathi Dataset, 2000 English _HANDLE, Using ADABOOSTE DT F-measure84%
et al. (2018) . hashtags without hash Accuracy=84%
reviews . . D, DT
L symbol #, Trimming
3-university of .
S tweets, Repeating words,
Michigan . .
7086 Emoticons, Stemming,
Tuning of parameters
sentences
NeelamMukh
tar& 151 blogs SVM, DT KNN IBK
Mohammad 6025 g8 Urdu Stop words removal KNN’ ’ Accuracy= 100%
Abid Khan uracy= 007
(2018)

3. CONCLUSION

This work has provided a comprehensive analysis of the existing literature on SA in various languages, with a
specific focus on the Roman text. The studies discussed in this paper have highlighted the significance of SA in
understanding public opinion, especially in the context of social media platforms. Researchers have utilized various
approaches, including machine learning, DL, and other methods, to analyze sentiment in different languages. Roman
Urdu SA, despite its importance as a widely spoken language, has received relatively less attention compared to
other languages. However, the studies conducted so far have demonstrated the feasibility and effectiveness of
applying machine learning and DL techniques to Roman Urdu SA.

4. FUTURE DIRECTIONS
There are several promising directions for future researchers in the field of Roman Urdu SA. First, exploring and
developing more advanced machine learning and DL models specifically tailored for Roman Urdu text can enhance
the accuracy and robustness of SA results. Additionally, incorporating contextual information and domain-specific
knowledge into SA models can improve their performance in understanding the sentiment of Roman Urdu text in
specific domains such as politics, entertainment, or healthcare. Furthermore, investigating the impact of linguistic
features, including lexical, syntactic, and semantic information, on Roman Urdu SA can provide valuable insights
into the language-specific characteristics affecting sentiment. Moreover, developing methods to handle challenges
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such as sarcasm, irony, and ambiguity in Roman Urdu SA will be crucial for achieving more accurate sentiment
classification.

Lastly, the creation of large-scale annotated datasets specifically for Roman Urdu SA can facilitate the development
and evaluation of novel models and approaches in this domain. Overall, the future of Roman Urdu SA lies in
advancing the existing methodologies, addressing language-specific challenges, and leveraging emerging techniques
to extract sentiment from Roman Urdu text effectively.
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