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Abstract

Balochi is a low-resource language with limited available data for computational mod-
elling. This study aims to perform sentiment analysis on Balochi text using machine
learning techniques. To address the scarcity of linguistic data, we contribute a large,
newly constructed dataset of Balochi text. Our proposed model incorporates feature ex-
traction and data augmentation within deep learning algorithms to classify sentiments
as positive, negative, or neutral. We evaluate both traditional machine learning meth-
ods—such as Random Forest and Support Vector Machine (SYM)—and advanced deep
learning models, including Long Short-Term Memory (LSTM) and Gated Recurrent Unit
(GRU).The experimental evidence proves that LSTM and GRU are more effective than tra-
ditional methods, and the accuracy rates of sentiment classification with their help are
83.57% and 81.23%, respectively. It has been experimentally verified that, when it comes
to the Balochi sentiment analysis, deep learning methods can be more effective than the
traditional ones.

*Correspondence author email address: sibghat.ullah©@buitms.edu.pk
DOI: 10.21015/vtcs.v13i1.2081

1 Introduction

Sentiment analysis is very important in gauging the voiced opinions and the feelings of people about products,
services, brands or socio-political concerns. As a subfield within the wider text categorization process, sentiment
analysis is concerned with the process of determining and decoding the emotion or feeling that a text provides.
(e TR
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Social media sentiment analysis is an emerging trend in measuring the opinion of the people in different lan-
guages. Sentiment analysis through the application of machine learning methods has been demonstrated to be
very successful in finding insights, as well as meaningful information, in textual data because of the strong text
classification abilities of machine learning. Although some algorithms of traditional text classification do tend to
look at the objective characteristics of a text, like the topic or the author sentiment analysis method does specifi-
cally target the subjective ones, such as, e.g., the tone of emotion, context, and the general state of mind that the
text conveys. Due to this sentiment analysis necessitates the application of special features and methods, which
are not similar to those employed in traditional text categorization [1].

Sentiment analysis can be done using a wide range of machine learning models and algorithms, among them
rule-based, Naive Bayes, support vector machine (SVM), and deep learning models such as convolutional neural
networks (CNNs) and recurrent neural networks (RNNs) and specifically Long Short-Term Memory (LSTM) net-
works. Such algorithms are normally trained using annotated text sets, and every sentence is categorized in
terms of its sentiment or polarity rating. Their performance is measured through usual metrics like precision,
accuracy, F1-score, and recall as [2].

Sentiment analysis is not properly developed in most of the widely spoken languages despite the fact that it
is a prominent field of research. A good example is the Balochi language. Balochi is the main language of the
Baloch people inhabiting the Balochistan region, and communities all over the Middle East, Europe and the rest
of the world, with an estimated 10 million speakers of the language. Although the Balochilanguage adheres to the
scheme of the Arabic script, it has its own system of writing comprising 29 letters[3] associated with it as shown
in Figure 1.
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Figure 1. Balochi Alphabets

Balochi has been regarded as one of the low resource languages to be used in machine learning. Its non-
formal and heterogeneous textual characteristics have traditionally introduced considerable difficulties to the
natural language processing (NLP) tasks. The given study is supposed to make a contribution as it will examine
sentiment analysis of the Balochi text, and, as far as we know, this aspect has not been studied yet. Findings
of the study will allow native Balochi speakers to become more active in the online environment and enjoy the
improvement of language technology.

2 Literature Review

Deep learning is a particular type of artificial intelligence (Al), which emulates the neural structure of the human
brain in its ability to handle complex information. Deep learning methods have been widely used in a variety of
fields, such as image recognition, plant disease detection, and text classification [4, 5]. Convolutional Neural Net-
works (CNN), Long-Short-Term Memory (LSTM) and Bidirectional LSTM (BiLSTM) are deep learning models, which
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Figure 2. Research Methodology

have shown impressive success in text classification tasks in natural language processing (NLP). As an illustration,
these algorithms have been benchmarked to process Hindi language to determine the most efficient architecture
to achieve the best performance.

In addition to deep learning, other techniques of machine learning, such as Support Vector Machine (SVM), K-
Nearest Neighbors (KNN), Naive Bayes, Decision Trees, and Random Forest (RF) have also been employed in the
study of text categorization studies [6, 7]. Equally, in another research, various deep learning models were tested
and the transfer learning method of Bi-LSTM was tested to be superior to sentiment analysis of low-resource
Persian language [8]. Arabic text Sentiment analysis A second study researched sentiment analysis of arabic text
and found no method that performed better than SCM [9].

The Support Vector Machine (SVM) model proved to be more efficient and reached the highest accuracy of
54.932% in case of a Sindhi text corpus. This paper highlights the importance of the quality text corpora in the
supplementation of different natural language processing (NLP) activities, such as automated translation, senti-
ment analysis, text classification, and information extraction [10].

A Convolutional Neural Network (CNN) was used to examine sentiment in Arabic social media text through Ara-
bic Sentiment Tweets Dataset (ASTD) in a parallel study. The model also included feature extraction using machine
learning algorithms, which finally recorded an accuracy of 64.30% and 64.09% F1-score proving the use of CNN
in the Arabic sentiment analysis process is effective [11-13]. The current literature has used deep learning meth-
ods to analyze sentiment in other areas. In the case of Persian-language e-commerce reviews, the researchers
used Convolutional Neural Networks (CNN) and Long Short-Memory (LSTM) networks [14]. Correspondingly, com-
parative studies of CNN, LSTM, Transformer encoders, BERT, and Gated Recurrent Units(GRU) showed that CNN
performs better in medical record analysis, although these two models are closely related to each other in other
types of research tasks or tasks when it comes to medical record analysis [15].

Sentiment analysis has been widely used on South Asian languages like Urdu, Pashto, and Sindhi with the use
of deep learning algorithms like SVM, LSTM, and CNN [16-25]. Notably, research on Roman Urdu text from social
media platforms revealed that the Word2Vec Continuous Bag-of-Words (CBOW) framework combined with SVYM
outperformed both BERT word-embedding SVM and two-layer LSTM architectures in emotion classification [26-
31]. Similarly, the other application areas including product pricing strategies, customer retention analysis, brand
development, and targeted advertising LSTM, CNN, and GRU proved efficiency [32][33].

We have focused on Balochi sentiment analysis and faced challenges in dataset creation, character recognition
etc. the proposed model implemented feature extraction and data augmentation to address dataset imbalance
significantly improved the performance of machine learning models for sentiment analysis. This research repre-
sents an important step in preserving Balochi language presence in digital spaces through computational analysis
of native vocabulary sentiment.
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3 Materials and Methods

The research flowchart is depicted in Figure 2, illustrating the steps involved in this study. The first step involves
dataset collection, which was scrupulously gathered from internet resources, including short stories, online ar-
ticles, and websites. This was necessary because there aren’t many internet resources available for the Balochi
language. The second step is pre-processing the dataset, which includes stop word removal and stemming using
FastAl/Spacy. In the third step, data augmentation is performed using Word2Vec to balance the dataset.

In the fourth step, feature extraction is carried out. The feature retrieval and representation approaches used
to convert textual data into numerical form suitable for the models are explained. For feature extraction, both
CountVectorizer and Word2Vec were utilized. While CountVectorizer converts the text into a matrix of token
counts, Word2Vec employs a neural network to map words to vectors for Balochi language text classification.
In the fifth step, classification is performed. The data is categorized into groups for evaluation, verification, and
training to assist in the creation and assessment of the framework. The Sentiment analysis classification is carried
out using three categories: neutral, negative, and positive attitudes. The output represents the text into selected
sentiments.

For Balochi Language text classification, the Long Short Term Memory, Random Forest, Gated Recurrent Units,
and Support Vector Machine (SVM) models were chosen. These models were trained with hyper-parameters, data
splitting, and augmentation to balance the class distribution of the training data. The models were assessed using
performance criteria like accuracy, precision, recall, and F1-score.

3.1 Dataset

As a result of the limited resources available on the Balochi language, we have created a dataset containing 1,701
phrases, tokenized to 386,516 words that are collected in a variety of sources. It has been categorized into three
sentiments to analyse them, namely, neutral, negative, and positive.

3.2 Dataset Pre-Processing
The dataset follows an extensive pre-processing to make it more appropriate to machine learning algorithms.
Using the FastAl and the tokenizer of Spacy, we have done stemming to make the text more compact.

3.3 Data Augmentation
The dataset is augmented with the use of Word2Vec technique to resolve the problem of data imbalance.

3.4 Data Segmentation

Using the train test split, the dataset is divided into the training and test sets to have an accurate model evaluation.
The training set (X train and y train) captures eighty percent and the remaining twenty percent is captured by
the testing set (X test and y test). To have repeatability, this split was done arbitrarily but a fixed seed (random
state=42).

3.5 Feature Extraction
The extraction of features is done in such a way that the maximum amount of information that is important is
included hence improving the execution of machine learning algorithms. In the present research, Word2Vec and
CountVectorizer methods have been used in the extraction of features. Word2Vec is a neural network model that
converts text into the form of vectors that reflect the semantic meaning of each word. An example of the feature
extraction procedure is illustrated in Figure 3. Countvectorizer, on the other hand, produces a list of counts of
tokens depending on the given text. Avocabulary package, which captures the content of the dataset, was created
as a result of this inquiry using CountVectorizer.

Machine learning algorithms are used to extract numerical features of the dataset which are used as inputs
to the model to perform sentiment analysis on Balochi text. These are the numbers that make the algorithms
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Figure 3. Feature Extraction

detect and regulate the underlying sentiments and lead to effective classification and appraisal of content that is
emotionally instigated or opinion-based.

3.6 Sentiment Analysis

Machine learning algorithms receive input in the processed Balochi text and exhibit such attributes. These algo-
rithms assign sentiment tags, which put the text in three categories of neutral, negative and positive after analyz-
ing the narrative data. The categorizing process ensures that the sentiment predictions are accurate through the
structured nature of the data that has been cleaned. In this study, the sentiments in Balochi text have been stud-
ied and analyzed through four text categorization techniques. Deep learning models such as Long Short Term
Memory (LSTM) and Gated Recurrent Unit (GRU) are likely especially effective in text categorization. Random
Forest, Support Vector Machine (SVM), and Long Short Term Memory (LSTM) are utilized because they can detect
dependencies that can last. This work employed methods of optimization and hyperparameter values turnings to
train the models. This was carried out in order to guarantee that the models were trained as efficiently as possible.
Using a batch capacity of 32, the models were programmed for a maximum of 50 epochs for the Gated Recurrent
Unit (GRU) and Long Short-Term Memory (LSTM). A comprehensive overview of the sentiment dispersion in the
Balochi text dataset is provided by the following Table 1, which illustrates the sentiment analysis results based on
by the machine learning algorithms. The text was evaluated by separating evaluations into neutral, negative and
positive.

4 Result and Discussion

4.1 Evaluation Metrics
The results were evaluated using the most impactful measures while dealing with deep learning algorithms in-
cluding precision, recall, F1 and accuracy.

4.1.1 Precision
It is used to describe the proportion of values that actually have a problem. Mathematically, it looks like this:
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Table 1. Sentiment Analysis of Balochi Text

4.1.2 Recall
The measurement of the proportion of real cases actually predicted by the model. Mathematically, it is repre-
sented as below:

Recall =
R PEYSY
41.3
The F1 score is calculated as the harmonic mean of the precision and recall scores. Mathematically it is repre-
sented as
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4.2 Long-Short-Term-Memory

The performance of Long Short-Term Memory model is depicted in Table 2. it displays its precision which is 87.58%
while recall of 79.66%, the F1 score of 83.43% while the accuracy of 83.58% . It signifies the overall prediction power

of LSTM for sentiment analysis of Balochi text.
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Table 2. LSTM Classification Report for Balochi Sentiment Analysis

Classifier Metrics Results

Precision 87.57%
Recall 79.66%
F1-Score 83.43%
Accuracy 83.57%

4.3 Gated Recurrent Units (GRU)
The precision score of GRU is 86.93%, recall is 75.14%, F1 score is 80.61% while accuracy is 81.23%. The Table 3
indicated the performance of GRU model.

Table 3. GRU Classification Report for Balochi Sentiment Analysis

Classifier Metrics Results

Precision 86.92%
Recall 75.14%
F1-Score 80.60%
Accuracy 81.23 %

4.4 Support Vector Machine (SVM)

The SVM model exhibits a commendable accuracy rate of 88% for the Balochi Text. The precision score of 88.28%,
recall of 87.93%, F1 score of 87.67%. The overall performance of SVM is depicted in Table 4. The SVM was better
because the imbalance in the data has been corrected by the study through data augmentation that made it
more appropriate and enabled to enhance its capacity of handling high dimensional data, to pick on non linear
relationship as well as resistance to noise.

Table 4. Support Vector Machine Classification Report for Balochi Sentiment Analysis

Classifier Metrics Results

Precision 88.28%
Recall 87.93%
F1-Score 87.67%
Accuracy 88.0 %

4.5 Random Forest

The accuracy of Random Forest is estimated at 82.70%, its precision score is 98.36%, its recall is 67.80 per cent
and F1-score is 80.27%. This generic performance of random forest is shown in Table 7. To categorize the Balochi
text as either positive, negative or neutral remarks.
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Table 5. Random Forest Report for Balochi Sentiment Analysis

Classifier Metrics Results

Precision 93.36%
Recall 67.79%
F1-Score 80.26%
Accuracy 82.69 %

4.6 Bidirectional Long Short-Term Memory
The BILSTM was showing 77.70% accuracy, precision score of 75 percent, recall of 77.80% and F1 score is 76.27%.

According to the Table 7, the performance of the entire model is shown to determine the Balochi sentiments as
positive, negative or neutral.

Table 6. Bidirectional Long Short-Term Memory for Balochi Sentiment Analysis

Classifier Metrics Results

Precision 75.06%
Recall 77.0%
F1-Score 76.6%
Accuracy 77.08 %

4.7 Semantic Clustering Mechanism

The Semantic Clustering Mechanism SCM demonstrated 85.00%, accuracy with 85 % precision score of 89%, recall
of 88.0%, and F1 score is 87.00%. The Table 7 indicates the overall performance of the model to classify the
sentiments of Balochi as positive, negative or neutral.

Table 7. Semantic Clustering Mechanism for Balochi Sentiment Analysis

Classifier Metrics Results

Precision 89.00%
Recall 88.0%
F1-Score 87.0%
Accuracy 88.08 %

The following Figure 4 illustrates the general efficiency of some of the specified deep learning algorithms.

The results demonstrate the effectiveness of deep learning models and establish benchmarks for sentiment
analysis of Balochi text. The selected machine learning algorithms included Long Short-Term Memory (LSTM)
networks, Gated Recurrent Units (GRU), Support Vector Machines (SVM), and Random Forest. Among these, SVM
outperformed the others when evaluated using metrics such as accuracy, F1 score, precision, and recall. The SVM
had an accuracy of 88 per cent and an F1 score of 87%. Although the LSTM demonstrated a relatively low accuracy
and F1 score of 83% as in Table 6. Based on the outcomes, SVM is the leading algorithm to use as a sentiment
analysis of Balochi text.
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5 Conclusion and Future Work

The given research considers the severe problem of conducting sentiment analysis and text classification in
Balochi, a language of great linguistic value, but computationally under-resourced. In order to fill this gap, we
add a multi-source, multi-pre-processed Balochi text dataset to be used in machine learning. The curated corpus
is useful in the future research and practical implementations in Balochi language processing.

To improve sentiment analysis of low-resource Balochi text, our methodology uses the new feature extraction
methods, and data augmentation to overcome the class imbalance. We perform a systematic review of what is pre-
sented as the state-of-the-art deep learning architectures (Long Short-Term Memory (LSTM) networks and Gated
Recurrent Units (GRU)) upon comparisons with traditional machine learning models (Support Vector Machines
(SVM) and Random Forest). In this comparative analysis, the technique of optimizing sentiment classification has
been proposed using our technique.The work has important implications in the new sphere of Balochi compu-
tational linguistics as it addresses the main problem of sentiment classification, and offers the evidence of the
relative efficiency of modern and traditional analytical methods with our suggested technique. Both the findings
of the research help to set certain valuable standards in Balochi language processing and to prove the flexibility
of rich NLP methods to low-resource conditions.
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