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Abstract

With the exponential increase in multilingual data generated through online platforms, the need
for efficient and accurate text classification techniques has become more pressing than ever.
Natural Language Processing (NLP) systems are now expected to handle linguistic diversity
and cross-language semantics with greater precision.

This research aims to investigate the effectiveness of various machine learning and deep
learning models in addressing the complexities of multilingual text classification. A carefully
constructed multilingual dataset, encompassing diverse languages and scripts, was used as the
basis for model training and evaluation.

The study involved a comparative analysis of several classification algorithms, including
traditional approaches like Logistic Regression and Naive Bayes, as well as advanced deep
learning architectures. Specifically, models such as Convolutional Neural Networks (CNN),
Long Short-Term Memory networks (LSTM), and hybrid combinations like LSTM with
Bidirectional GRU (BiGRU) and LSTM integrated with CNN layers were implemented.

Each model was trained and tested on the same dataset to ensure consistency in evaluation. The
results revealed that hybrid deep learning models generally outperformed traditional machine
learning classifiers. These models demonstrated superior precision, recall, and FI-scores,
particularly in handling the nuances of multilingual content.

Furthermore, the findings offer valuable insights into how different models respond to
challenges like class imbalance, a common issue in real-world datasets. The study not only
highlights the strengths of deep learning techniques but also identifies areas for further
optimization, such as improving recall for underrepresented classes.
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1. Introduction

The widespread growth of digital communication across a variety of languages has created an
urgent demand for reliable and accurate multilingual text classification systems. As online
platforms continue to generate massive amounts of multilingual content, the limitations of
conventional monolingual models have become increasingly apparent. These models, often
trained on data from a single language, struggle to generalize across diverse linguistic
structures and vocabularies.

To overcome this challenge, the development of multilingual processing models has emerged
as a critical area of focus in Natural Language Processing (NLP). These models aim to
recognize, interpret, and classify text data in multiple languages with minimal loss in accuracy.

This study presents a comprehensive evaluation of both traditional machine learning algorithms
and cutting-edge deep learning architectures for multilingual text classification. Models such
as Logistic Regression and Naive Bayes are examined alongside more sophisticated
architectures, including Convolutional Neural Networks (CNN), Long Short-Term Memory
networks (LSTM), and hybrid frameworks like LSTM+BiGRU and LSTM+CNN.

The experimental setup is centered on a labeled dataset comprising text entries categorized into
two distinct classes. By comparing key performance metrics—accuracy, precision, recall, and
F1-score—the study aims to reveal the strengths and weaknesses of each approach.

Multilingual text classification poses specific challenges, including language-specific semantic
interpretation, syntactic variation across languages, and issues of data sparsity in less-resourced
languages. This paper seeks to assess how effectively each model navigates these complexities,
offering insights into their ability to generalize across linguistic boundaries.

2. Related Work

Recent literature has shown progress in multilingual NLP, leveraging transformer-based
models and deep learning techniques. Traditional algorithms like Logistic Regression and
Naive Bayes are widely used for baseline comparisons due to their simplicity and efficiency
on small datasets. In contrast, CNNs and LSTMs have demonstrated strength in learning
sequential patterns and extracting semantic features.

Hybrid models combining different architectures (e.g., LSTM+BiGRU, LSTM+CNN) have
also gained traction for their ability to enhance performance by capturing both local and long-
term dependencies in textual data. However, their efficacy on multilingual datasets remains an
area of active exploration.

3. Dataset Description

The dataset comprises text samples labeled into two binary classes: 0 and 1. It spans multiple
languages, including English, Hindi, Bengali, and others. Preprocessing steps included:

e Tokenization
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Stop-word removal
Text normalization (lowercasing, punctuation removal)
Encoding and padding for deep learning models

The dataset contains 6,468 samples, with class distribution:

Class 0: 4,947 samples

Class 1: 1,521 samples

This imbalance necessitated careful metric evaluation, especially for recall and F1-score.
4. Methodology
4.1 Traditional Machine Learning Models

Logistic Regression: A probabilistic binary classifier that uses a sigmoid function for output
prediction.

Naive Bayes: A statistical classifier based on Bayes' Theorem with a strong independence
assumption between features.

4.2 Deep Learning Models

CNN: Captures local n-gram features using convolutional layers, ideal for semantic pattern
recognition.

LSTM: Specialized in sequence modeling with the ability to remember long-term
dependencies.

LSTM+BiGRU: A hybrid model that combines LSTM and bidirectional GRU layers to
capture information from both past and future contexts.

LSTM+CNN: Uses LSTM layers for temporal features and CNN layers for spatial/semantic
feature extraction.

All deep learning models used embedding layers, dropout regularization, and the Adam
optimizer. The models were trained on 80% of the data with 20% held out for testing.

5. Results and Evaluation
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Performance metrics used:

Accuracy

Precision

Recall

F1-score
Model Accuracy | Precision | Recall F1-score
Logistic Regression | 0.88 0.85 0.57 0.68
Naive Bayes 0.81 0.87 0.24 0.38
CNN 0.89 0.79 0.74 0.76
LSTM 0.84 0.74 0.46 0.57
LSTM+BiGRU 0.89 0.81 0.68 0.74
LSTM+CNN 0.89 0.77 0.75 0.76

Table:1 Results of the dataset implementation on all the algorithms.
Observations:

CNN and hybrid models (LSTM+BiGRU, LSTM+CNN) achieved the highest accuracy (0.89).

Naive Bayes struggled with class 1 recall due to its independence assumption and inability to
handle contextual nuance.

Logistic Regression provided a strong baseline but underperformed on minority class recall.
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Figure:1 Graphical representation of all the results.
6. Discussion

The results suggest that deep learning models, particularly CNN-based and hybrid
architectures, better understand multilingual semantics than traditional classifiers. The hybrid
models benefit from both sequential and spatial features, enabling a more holistic
understanding of text.

However, precision and recall for class 1 (minority) remained relatively lower than class 0
across models, indicating sensitivity to class imbalance. Addressing this issue through data
augmentation, oversampling techniques, or cost-sensitive learning could further improve
model fairness.

Additionally, while CNN-based models are faster to train and converge quickly, LSTM-based
models provide better long-term context understanding, which is crucial for longer texts or
code-mixed inputs.

7. Conclusion

This study demonstrates the effectiveness of deep learning, especially hybrid architectures, in
handling multilingual text classification. While traditional models like Logistic Regression
provide competitive accuracy, their limitations become apparent when dealing with class
imbalance and contextual nuance.

The LSTM+BiGRU and LSTM+CNN models show promise for multilingual NLP tasks,
offering a balanced trade-off between performance and computational cost. Future work may
involve exploring transformer-based models like mBERT and XLM-R for more
comprehensive multilingual understanding.
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