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Abstract: The classification of newspaper articles into predefined categories is a key challenge in 

Natural Language Processing (NLP), particularly for underexplored languages like Sindhi, which 

present unique linguistic complexities. This study developed a custom-curated Sindhi newspaper 

dataset containing 6,156 articles categorized into entertainment, sports, and technology. Four deep 

learning models Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), Long 

Short-Term Memory Networks (LSTMs), and a hybrid CNN-LSTM model were trained using 

optimized hyperparameters and evaluated using metrics such as accuracy, precision, and recall. The 

dataset underwent rigorous preprocessing, including tokenization and normalization, to enhance 

model performance. Each model was trained using an 80-20 train-test split, and early stopping was 

employed to mitigate overfitting. The CNN and hybrid models achieved the highest accuracy of 96%, 

effectively capturing spatial and sequential patterns. LSTM closely followed with 95.85%, while the 

RNN lagged at 67%, highlighting its limitations with long-term dependencies. These results 

underline the potential of hybrid architectures and advanced sequence models for text classification 

tasks in low-resource languages like Sindhi. Source Code: https://github.com/rajavavek/Multiclass-

Classification-of-Sindhi-Newspaper-Article 
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1. Introduction 

When it comes to organizing and retrieving textual content is a crucial task in today's digital age. 

Newspaper article classification plays a vital role in this process, enabling applications such as digital 

archiving and automated news categorization (Anitha et al., 2024; Setu et al., 2024). However, 

regional languages like Sindhi have been overlooked in natural language processing (NLP) research, 

making it challenging to develop efficient classification systems (Soomro et al., 2024). Sindhi, with its 

unique grammatical rules, rich vocabulary, and script, presents distinct challenges, particularly in 

tokenization and feature extraction. To address these challenges, our study explores state-of-the-art 

deep learning models for the multiclass classification of Sindhi newspaper articles into predefined 

categories, including entertainment, sports, and technology. 

We evaluated the performance of several models, including CNN, RNN, LSTM, and Hybrid, to 

determine their ability to capture the linguistic nuances of Sindhi text. Our findings demonstrate the 

efficacy of deep learning approaches in handling complex text classification tasks, highlighting the 

potential for further exploration in Sindhi NLP. By focusing on this underexplored language, our 

research contributes to the development of Sindhi NLP and provides valuable insights applicable to 

other low-resource languages. Our study serves as a stepping stone for future research, paving the 

way for the creation of more efficient and accurate NLP systems for Sindhi and other regional 

languages. 

2. Literature Review  
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The multiclass classification of Sindhi newspaper articles is an emerging area of natural 

language processing (NLP) leveraging deep learning techniques. Prior studies have explored various 

models for text classification in low-resource languages, emphasizing the challenges of data scarcity, 

morphological complexity, and the absence of pre-trained language models tailored (Magueresse et 

al., 2020; Ilyas et al., 2021; Aliyu et al., 2024; Song et al., 2024). Deep learning approaches, particularly 

Convolutional Neural Networks (CNNs), Long Short-Term Memory networks (LSTMs), and 

Bidirectional Encoder Representations from Transformers (BERT) have shown promise in 

multilingual and low-resource settings (Cruz & Cheng, 2020; Li et al., 2020; Fesseha et al., 2021; 

Maheen et al., 2022; Marreddy et al., 2022; Yohannes & Amagasa, 2022). For instance, studies applying 

CNNs and LSTMs to regional languages demonstrate notable accuracy improvements through 

semantic feature extraction (Ombabi et al., 2020). However, such methods often rely on transliteration 

or hybrid datasets, which may dilute the linguistic nuances of Sindhi (Rajan & Salgaonkar, 2021). 

Sindhi-specific research remains limited, with most efforts focusing on basic NLP tasks like 

tokenization and sentiment analysis (Ali & Imdad, 2017; Nawaz et al., 2023). While transfer learning 

using multilingual BERT models has achieved moderate success, challenges persist in fine-tuning 

due to mismatched linguistic contexts and a lack of annotated datasets(Wadud et al., 2022; Pyysalo 

et al., 2020). A critical gap lies in the absence of large-scale labeled corpora and pre-trained Sindhi 

language models, hampering advancements in multiclass classification (Soomro et al., 2024). Existing 

studies also lack comprehensive evaluations of models’ robustness across diverse newspaper genres, 

limiting generalizability. 

2.1. Methodology 

This research utilizes a custom-curated Sindhi newspaper dataset to evaluate four deep-learning 

models: CNN, RNN, LSTM, and Hybrid. Optimized hyperparameters and performance metrics, 

including precision, recall, and accuracy, are used to compare the models' effectiveness in text 

classification (Fig 1), leveraging TensorFlow and Keras frameworks. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 22 January 2025 doi:10.20944/preprints202501.1580.v1

https://doi.org/10.20944/preprints202501.1580.v1


 3 of 9 

 

 

Figure 1. Overall methodology pipeline overview. 

2.3. Dataset 

This research utilizes a custom-curated dataset of Sindhi newspaper articles, containing 6156 

articles.1 Distributed across three categories: entertainment, sports, and technology. The dataset was 

prepared through meticulous preprocessing, including tokenization, normalization, and the removal 

of extraneous content (Fig 2). This ensured the input text was suitable for effective model training 

and evaluation. 

 
1https://www.kaggle.com/datasets/owaisraza009/sindhi-articles-dataset-from-daily-kawish 
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Figure 2. Visual representation of dataset distribution. 

2.3. Models 

• Convolutional Neural Networks (CNNs): Utilizes convolutional layers to extract spatial features 

from the text, followed by dense layers for classification. Its ability to capture localized patterns 

makes it effective for text data. 

• Recurrent Neural Networks (RNNs): Employ sequential layers to model temporal 

dependencies. However, the architecture is prone to vanishing gradient issues, limiting its 

performance. 

• Long Short-Term Memory Networks (LSTMs): Enhances sequential modeling by incorporating 

memory cells that retain information over longer sequences, overcoming RNN limitations. 

• Hybrid Model: Combines the strengths of CNN and LSTM, leveraging spatial and sequential 

feature extraction for enhanced classification accuracy 

2.4. Training and Evaluation 

The models were trained using the categorical cross-entropy loss function and optimized with 

the Adam optimizer. The dataset was split into 80% training and 20% testing data. Early stopping 

was employed to mitigate overfitting, and hyperparameters, including batch size and learning rate, 

were optimized through grid search. Performance metrics such as precision, recall, F1-score, and 

accuracy were computed to compare the models comprehensively. The implementation leveraged 

TensorFlow and Keras frameworks, ensuring robustness and reproducibility. 

3. Evaluation and Results 

To evaluate model performance, precision, recall, F1-score, and accuracy metrics were calculated 

for each category—entertainment, sports, and technology—as well as overall averages. The models 

were tested on the 20% held-out testing dataset, ensuring the evaluation reflected generalizability to 

unseen data. Metrics were computed using standard Python libraries, including Scikit-learn, to 

ensure consistency and reproducibility. 

The evaluation process revealed distinct strengths and limitations of the models. While CNN 

and Hybrid consistently outperformed others in capturing spatial and sequential patterns, RNN 

showed limitations in managing long-term dependencies. LSTM’s robust handling of sequential data 

placed it close to the top-performing models. The detailed results are discussed in the subsequent 

section. 

The experimental results demonstrate the comparative effectiveness of the models for multiclass 

classification of Sindhi newspaper articles: 

3.1. CNN Model 

Achieved an accuracy of 96%, with strong precision and recall across all categories (Fig 3, 4). 
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Figure 3. CNN model training and validation metrics: (a) Accuracy (b) Loss Over Epochs. 

 

Figure 4. Visualization of a confusion matrix for CNN model evaluation. 

3.2. RNN Model  

Delivered a comparatively low accuracy of 67%, highlighting challenges with sequence learning 

(Fig 5, 6). 

 

Figure 5. RNN model training and validation metrics: (a) Accuracy (b) Loss Over Epochs. 
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Figure 6. Visualization of a confusion matrix for RNN model evaluation. 

3.3. LSTM Model  

Performed commendably with an accuracy of 95.85%, effectively capturing sequential features 

(Fig 7, 8). 

 

Figure 7. LSTM model training and validation metrics: (a) Accuracy (b) Loss Over Epochs. 

 

Figure 8. Visualization of a confusion matrix for LSTM model evaluation. 

3.4. Hybrid Model  

Matched CNN’s top performance, achieving 96% accuracy, showcasing the advantages of 

hybrid architectures(Fig 9, 10). 
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. 

Figure 9. Hybrid model training and validation metrics: (a) Accuracy (b) Loss Over Epochs. 

 

Figure 10. Visualization of a confusion matrix for Hybrid model evaluation. 

The results underscore the importance of architecture choice in text classification tasks. CNN 

and Hybrid excelled due to their ability to extract complex patterns, while RNN highlighted the need 

for enhanced sequence handling. LSTM demonstrated near-competitive performance, affirming its 

utility in handling sequential data(Table 1). Future work could explore transformer-based models for 

even greater performance gains. 

Table 1. Summarizes the evaluation metrics:. 

Model Precision Recall F1-Score Accuracy 

CNN 0.96 0.96 0.96 96% 

RNN 0.67 0.67 0.67 67% 

LSTM 0.95 0.96 0.96 95.85% 

Hybrid 0.96 0.96 0.96 96% 

4. Discussion 

This study highlights the potential of deep learning models in addressing the challenges of 

Sindhi newspaper article classification. The high accuracy achieved by CNN and Hybrid models 
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underscores their robustness in capturing both spatial and sequential patterns, critical for 

understanding the linguistic nuances of Sindhi text. LSTM’s near-equivalent performance further 

confirms its suitability for sequential data processing. However, the comparatively low performance 

of the RNN model reveals the limitations of simpler sequential architectures, particularly in handling 

complex text data. 

The findings emphasize the significance of data preprocessing, architecture selection, and 

hyperparameter tuning in achieving superior classification performance. This research not only 

contributes to Sindhi NLP but also serves as a framework for other low-resource languages. Future 

studies could integrate transformer-based models and explore larger datasets to push the boundaries 

of accuracy and efficiency in multiclass text classification. 

5. Conclusions 

This research successfully demonstrated the application of deep learning models for the 

multiclass classification of Sindhi newspaper articles. The CNN and Hybrid models achieved the 

highest accuracy of 96%, showcasing their efficacy in handling regional languages. LSTM also 

delivered robust performance, while RNN’s limitations highlighted the need for architectural 

advancements. These findings contribute to Sindhi NLP and offer insights for similar applications in 

low-resource languages. Future work could incorporate transformer architectures and larger datasets 

to further enhance classification performance. 
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