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INTRODUCTION

Sentiment analysis is a key area in Natural Language Processing (NLP) that aims to identify users’
opinions, emotions, and evaluations of an entity, service, or product(Jain & Nemade, 2010). Although
substantial progress has been made for high-resource languages such as English, the application of
sentiment analysis to low-resource languages still faces significant challenges, mainly due to limited
labeled data and a lack of other linguistic resources(Pak & Paroubek, 2010)(lin et al., 2024).

Several approaches have been proposed to address these limitations. One of the most prominent
is the use of deep learning models that are trained on high-resource languages and then applied to low-
resource languages using transfer learning or no-shot learning techniques. For example, Koto et al.
(2024) showed that incorporating a multilingual sentiment lexicon in the pretraining phase can improve
the performance of zero-shot sentiment analysis in 25 languages with low resources (Ramadhani &
Suryono, 2024)(Mailoa, 2021).
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However, this approach still has limitations, especially in dealing with contextual nuances and
complex syntactic structures in different languages. To address this problem, a hybrid approach that
combines various deep learning architectures such as Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs) has been proposed(Lutfina et al.,, 2024)(Fauzi et al., 2019). This
approach aims to harness the power of each architecture in capturing local features and long-term
dependencies in text(Winoto et al., 2024)(Pahtoni & Jati, 2024).

Another challenge in multilingual sentiment analysis is the unbalanced representation of
languages in large multilingual models. This phenomenon, known as the "multilingual curse", refers to
the decline in performance in low-resource languages due to the dominance of data from high-resource
languages(Ardiansyah et al., 2024)(Normabh et al., 2022).

Therefore, this study aims to develop a hybrid deep learning model that can effectively conduct
sentiment analysis in multiple languages, including those with limited resources(Intan et al., 2023)(M.
A. Maulana et al., 2018). The model integrates different deep learning architectures and leverages a
multilingual sentiment lexicon to improve performance under data-constrained conditions. This
approach is expected to contribute significantly to the development of inclusive NLP technologies that
support the world's diverse languages(Efraim, 2023).

Although some studies have applied deep learning models such as BILSTM or CNN for sentiment
analysis, most of them still focus on high-resource languages such as English. In addition, the research
in integrating mBERT with a hybrid CNN-BiLSTM architecture to address low-resource languages is
still very limited. It highlights research gaps in developing models capable of effectively handling
multilingual contexts under resource-constrained conditions. Therefore, this study aims to address
these challenges by proposing a hybrid approach based on mBERT, CNN, and BiLSTM, optimized for
a variety of languages, including Swahili, Hausa, and Yoruba

METHOD

The methodology used in this study is designed to develop and evaluate a hybrid deep learning
model capable of performing effective sentiment classification in multiple languages, including low-
resource languages(I. Maulana et al., 2023)s. The main stages of this methodology include data pre-
processing, feature extraction, hybrid model architecture design, model training, and performance
evaluation(Putranti & Winarko, 2014).

In this research, data pre-processing was carried out to standardize and clean the multilingual
sentiment of the data. The process begins with language detection, where the langdetect libraries are
used to identify and group reviews according to their language. This step is critical to ensure language-
specific preprocessing is implemented correctly. After this, text cleanup is done by removing non-
alphabetic characters, punctuation, URLs, and special symbols(R. Maulana et al., 2023) (Pratama et al.,
2023). All text is lowercased, and stop deletion is applied using a list of language-appropriate endwords.
The cleaned data is then tokenized using a pre-trained multilingual tokenizer, specifically
mBERTTokenizer or XLMRTokenizer, depending on the embedding configuration used in the model.

The dataset consists of approximately 300,000 reviews in 10 languages, of which approximately
30% are from low-resource languages such as Swahili, Hausa, and Yoruba. Sentiment labels are
categorized into three classes-positive, neutral, and negative —and are being encoded using single-heat
coding. To maintain a balanced distribution of labels, data was divided using graded sampling into 80%
training, 10% validation, and 10% test sets.
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Figure 1. Architecture of the Proposed Hybrid Deep Learning Model

The hybrid CNN-BiLSTM model demonstrates its effectiveness in multilingual sentiment
classification through a combination of spatial and sequential processing. The CNN layer is very useful
in extracting local sentiment cues such as short phrases or n-gram patterns commonly found in user
reviews, such as "very bad" or "dissatisfied". These features are critical to identify strong sentiment
polarities regardless of the language. Meanwhile, the BiLSTM layer captures a deeper semantic
understanding by modeling the sequential structure of sentences in both forward and backward
directions. This allows the model to consider long-term dependencies, making it more robust in
handling complex sentence structures that vary across languages.

One significant observation is the model's ability to generalize across a wide range of linguistic
patterns. The integration of mBERT embedding ensures that contextual representations are learned in
multiple languages, thereby improving performance even in low-resource languages such as Yoruba
and Hausa. The results showed that Indonesian achieved the highest F1 score among the languages
tested, which can be attributed to the availability of more abundant and balanced training data for this
language. In contrast, languages such as Hausa and Yoruba have slightly lower performance due to
limited lexical and annotation resources.

Nevertheless, the model shows minimal resilience and performance degradation across
languages, suggesting that hybrid architectures, along with multilingual embedding, provide a solid
foundation for sentiment understanding. This reinforces the importance of combining pre-trained
embedding with a specific deep learning structure to address the challenges associated with low-
resource scenarios.

RESULTS AND DISCUSSIONS

3.1 Data Preparation and Pre-Processing

The data preparation process begins with collecting, merging, and cleaning datasets from various
sources, including Amazon Multilingual, IndoNLU, and AfriSenti. The initial dataset consisted of more
than 300,000 user reviews in 10 languages, with about 30% coming from low-resource languages.
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Preprocessing includes:
1. Automatic Language Detection uses the langdetect library to filter and segment multilingual
data.
2. Text Cleanup, including the removal of punctuation, URLs, emojis, and capitalization
normalization.
3. Tokenization uses tokenizers from the multilingual mBERT model, with padding up to a
maximum sequence length of 100.
4. Label Encoding: The sentiment label is converted into a hot-coded vector:
a. Positive: [1, 0, 0]
b. Neutral: [0, 1, 0]
c. Negative: [0, 0, 1]

The data is then divided into 80% training, 10% validation, and 10% testing, maintaining a
balanced distribution of labels.

The hybrid CNN-BiLSTM model is trained with the following parameters:
1. Age:15

Batch Size: 32

Optimizer: Adam with learning levels 1e-4

Loss Function: Categorical Cross-Entropy

Early Termination: Applied with patience 3 based on validation loss

Ok w N

3.2 Performance Model

Table 1 presents the overall performance of the CNN-BiLSTM-mBERT hybrid model proposed
on the multilingual sentiment classification task. The model achieved an accuracy of 84.3%, with the
average precision of macros, memory, and F1 scores exceeding 82%. This metric shows that the model
performs reliably across different classes of sentiment in a multilingual context.

Table 1. Overall Evaluation Metrics

Metric Value
Accuracy 84.3%
Precision (macro) 83.5%
Recall (makro) 82.9%
F1-Score (macro) 83.1%

To further evaluate the model's performance in a low-resource environment, Table 2 provides a
breakdown of the F1 scores for the selected language. Indonesian obtained the highest F1 score (84.6%),
likely due to the relatively larger amount of labeled data. In contrast, Hausa and Yoruba show a slightly
lower performance, which may be attributed to linguistic resources and a limited training sample.

Table 2. F1 Score in Terms of Language For Low-Resource Languages

Language F1 Score
Indonesia 84.6%
Yoruba 78.2%
Hausa 76.4%
Swahili 80.1%
Tamil 82.3%

These results show that the model maintains good performance even for low-resource languages,
with relatively small performance degradations compared to high-resource languages.
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3.3 Analysis and Discussion

1. The CNN layer contributes to the extraction of local sentiment patterns such as short phrases
("very bad", "dissatisfied").

2. The BiLSTM layer captures the context of a long and complex sentence-level.

3. This model demonstrates resilience to cross-language structural variation due to the use of
multilingual tokenizers and mBERT embedding.

4. The highest F1 score was achieved for Indonesian, likely due to the relatively larger training
data compared to African languages such as Hausa or Yoruba.

5. This model is well generalized to invisible languages, attributed to the transferable properties
of multilingual embedding.

3.4 Limitations
The main limitations of this research include:
1. Reliance on mBERT embedding, which, although multilingual, shows a bias towards
dominant languages such as English.
2. Lack of sentiment lexicons and a list of endwords available for certain low-resource
languages, which can hinder the quality of preprocessing.

3.5 Training Visualization
To monitor the dynamics of model learning, accuracy and loss curves during training are plotted.
Interpretation:
1. The accuracy curve increases and stabilizes before the initial stop, indicating an efficient and
less fitting training process.
2. The validation loss is flattened around epoch 10, marking the corresponding auto-stop point.
3. The language-specific confusion matrix reveals frequent misclassifications, especially between
neutral and negative sentiments and in resource-constrained languages.
4. F1-Score comparison bar chart between models.
Training and validation curves for accuracy and loss show stable model convergence without

significant overfitting.

3.6 Confusion Matrix
A confusion matrix is used to analyze prediction details more precisely:

Table 3. Sentiment Prediction Confusion Matrix
Before: Negative Before: Neutral Pred: Positive

Actual: Negative 25 5 0
Current: Neutral 4 24 2
Actual: Positive 0 3 27

Interpretation:
1. Models most often confuse neutral sentiment with negative, especially in language with
subtle emotional expressions.
2. Positive sentiment has the highest classification accuracy.
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3.7 Comparative Analysis
The proposed hybrid model is compared with two basic models:

Table 4. Comparative Performance with the Base Model

Model Configuration F1-Score (Macro)
mBERT only 81.2%
CNN + mBERT 82.1%
BiLSTM + mBERT 82.4%
CNN-BiLSTM without mBERT 77.3%
CNN-BiLSTM + mBERT (Full) 83.1%

Findings:
1. The hybrid CNN-BiLSTM model consistently outperforms the base model.
2. The combination of CNN and BiLSTM effectively captures spatial and sequential features.
3. Performance improves significantly when pre-trained embeds such as mBERT are used.

CONCLUSIONS

This research proposes a hybrid deep learning model based on the CNN-BiLSTM architecture for
multilingual sentiment analysis, with a particular focus on low-resource languages. By integrating
multilingual text representations of pre-trained embedding (mBERT) and combining the strengths of
CNN in capturing spatial features and BiLSTM in sequential dependency modeling, the proposed
model demonstrates superior performance compared to basic methods such as Naive Bayes and
standalone BiLSTM.

Experimental results showed that the model achieved an overall accuracy of 84.3% and an F1
macro score of 83.1%, maintaining relatively consistent performance in a variety of languages, including
Swahili, Hausa, and Yoruba. The use of pre-trained multilingual embedding significantly improves the
generalization capabilities of the model, allowing for effective classification of sentiment even in
languages with minimal training data.

Despite its effectiveness, several limitations are identified, including: 1) Reliance on multilingual
embedding, such as mBERT, which may be biased toward high-resource languages such as English; 2)
Lack of comprehensive linguistic resources (e.g., sentiment lexicons or endpoint lists) for some
languages with low resources, which can affect preprocessing and overall performance. Nevertheless,
the hybrid approach holds great promise for the development of inclusive and adaptable multilingual
NLP systems.
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