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ABSTRACT

Background: With the exponential rise of social media platforms such as Twitter, Facebook, and
YouTube, sentiment analysis has become a crucial tool for understanding public opinion, consumer
behaviour, and social trends. However, the diversity of languages, informal expressions, and noisy
textual data pose significant challenges for accurate sentiment detection. Traditional sentiment
analysis models often fail to generalize across linguistic domains due to noise, slang, and code-

mixed expressions that dominate real-world digital communication.

Aim: The primary objective of this study is to develop an optimized deep neural framework that
enhances domain adaptation and noise resilience in multilingual sentiment analysis across social
media platforms. The research aims to improve classification accuracy, contextual understanding,

and computational efficiency using a hybrid of transformer-based and recurrent architectures.

Methods: The proposed methodology integrates BERT-based CNN, C-XLNet, and ReLU-
BiLSTM optimized using Local Search Five-Element Cycle Optimization (LSFECO).
Multilingual datasets covering English, Hindi, Tamil, Malayalam, and Urdu were collected from
social media and review corpora. Data preprocessing involved tokenization, noise filtering,
lemmatization, and multilingual embedding generation. The models were trained using
TensorFlow and PyTorch frameworks with Adam optimization and validated through cross-

domain accuracy, precision, recall, F1-score, and entropy measures.

Results: The proposed LSFECO-optimized ReLU-BiLSTM model achieved the highest
accuracy of 97.25% and Fl-score of 95.25%, outperforming conventional models like SVM,

CNN, and standard transformer baselines. It demonstrated superior adaptability across multiple

910 Lekhpal Singh et al 910-927



Journal of Computational Analysis and Applications VOL. 33, NO. 1A, 2024

10.48047/jocaaa.2024.33.1A.77
domains and robustness to noisy, unstructured inputs, significantly reducing misclassification and

entropy.

Conclusion: The study introduces a novel and optimized deep neural framework capable of
domain transfer and linguistic adaptability for real-world social media sentiment analysis. The
hybrid architecture bridges contextual embeddings with optimization-based fine-tuning,
establishing a scalable and intelligent solution for opinion mining, market analytics, and

multilingual text understanding.

KEYWORDS: Sentiment Analysis; Deep Neural Networks; BERT; XLNet; BiLSTM
Optimization; Domain Adaptation; Multilingual Social Media

1. INTRODUCTION

With the rapid proliferation of social media platforms like Twitter, Facebook, and Instagram, the
way in which individuals communicate, give opinions, and shape public perception has been
radically changed [1,2]. These platforms generate an enormous amount of unstructured textual
data that carries significant insights into human emotions, preferences, and trends in society.
Hence, sentiment analysis, also known as opinion mining, has emerged as a key research domain
in NLP to extract and interpret emotional polarity from such content [3]. However, multilingual,
rich-context, and noisy characteristics of social media data pose significant challenges in

accurately interpreting sentiment [4].

Standard machine-learning algorithms like Naive Bayes, SVMs, and Decision Trees usually
depend on hand-engineered features, including n-grams, TF-IDF, and sentiment lexicons. These
approaches, though efficacious in monolingual and structured datasets, normally fail under
multilingual environments and domain-variant settings [5]. The informal nature of the language
used in social media, characterized by code-switching, slang, emoticons, and abbreviations, adds

to the complexity and reduces the predictive performance of traditional classifiers [6].

Recent breakthroughs within deep learning have conferred extraordinary gains on sentiment
analysis [7]. Architectures such as CNNs, RNNs, and BiLSTM networks are able to learn
hierarchical and sequential representations of text in an automatic manner [8,9]. More recently, the
introduction of transformer-based models, including BERT and XLNet, has dramatically improved

contextual understanding by learning bidirectional dependencies in language sequences. Despite

911 Lekhpal Singh et al 910-927



Journal of Computational Analysis and Applications VOL. 33, NO. 1A, 2024

10.48047/jocaaa.2024.33.1A.77
this, transformer models still struggle with domain shifts and noisy multilingual data when this

approach is adapted to heterogeneous social media environments without adequate optimization

and adaptation [10].

In view of these limitations, this paper will propose an optimized hybrid framework consisting of
transformer-based contextual embeddings with the inclusion of recurrent deep learning and
metaheuristic optimization techniques. The framework incorporates BERT-based CNN for cross-
domain sentiment transfer, C-XLNet for aspect-level polarity detection, and ReLU-BiLSTM
optimized using the LSFECO algorithm for noise-robust sentiment prediction. The proposed
model will leverage multilingual datasets comprising text in languages such as English, Hindi,

Tamil, Malayalam, and Urdu to realize superior generalization across both languages and domains.
Objectives The objectives of this study are:

1. To develop a domain-adaptive deep neural model which can handle multilingual and noisy data

from social media.

2. To implement the LSFECO optimization mechanism in order to improve ReLU-BiLSTM

parameter tuning and convergence efficiency.

3. Testing the hybrid model on gold standard classification metrics and comparing its performance

to that of state-of-the-art results.

It contributes to domain-adaptive sentiment analysis by providing an optimized, noise-resilient
architecture that bridges the gap between contextual learning and computational efficiency. The
findings could be useful in real-time opinion mining, political forecasting, e-commerce analytics,
and digital communication studies and, hence, are of importance in the evolving landscape of

artificial intelligence and natural language understanding.
2. Literature Review

Sentiment analysis has now emerged as one of the most important areas in NLP, with its wide
applications in product reviews, social media monitoring, and customer feedback interpretation.
Progressively, the research trend has shifted from traditional approaches using machine learning
to deep learning and hybrid frameworks that incorporate contextual, semantic, and linguistic

subtleties from text data. Traditional approaches to sentiment analysis have relied on classification
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techniques such as Support Vector Machines, Naive Bayes classifiers, and Random Forest

algorithms, which are effective for structured data but less so when dealing with unstructured and
noisy text from social media. Baid et al. (2017) [11] investigated the performance of Naive Bayes
versus SVM for the task of movie review classification using Bag-of-Words features and reported
promising performance for a binary polarity task. Similarly, Sadegh et al. (2012) [12] were able to
use PMI for human emotion classification and showed how the combination of statistical and
linguistic features improved emotional text detection. These studies were instrumental in
establishing baselines but suffered from a lack of adaptability toward multilingual and domain-
variable settings. In order to make up for the weakness of traditional classifiers, deep neural
architectures were introduced, thus enabling hierarchical representation learning. Wang et al.
(2020) [13] developed KGCapsAN for aspect-based sentiment classification, which integrated
BiLSTM and capsule networks, demonstrating remarkable accuracy for six domains. In an
analogous manner, Mowlaei et al. (2020) [14] created a flexible aspect lexicon using genetic
algorithms, improving the accuracy of the aspect—sentiment mapping. Jain et al. (2022) [15]
showed that incorporating part-of-speech tagging along with lexicon-based features contributed to
improving the precision of aspect-level sentiment prediction. The aforementioned studies
underlined the potential of hybrid models combining statistical and neural strategies in context-

sensitive classification.

Lexicon-driven approaches still play a crucial role in low-resource language handling and domain-
specific polarity shifts. Asghar et al. (2019) [16] created an improved sentiment lexicon that
incorporated multi-meaning and domain-specific words in order to increase accuracy in Chinese
sentiment analysis. Likewise, Carvalho et al. (2020) [17] used a fuzzy sentiment analysis
framework for tweets, incorporating contextual cues, emotional polarity, and semantic meaning to
reach higher F1-scores compared to the baseline models. On the whole, the addition of fuzzy logic
and lexical resources was especially useful in modeling ambiguity and sarcasm from short,
informal text sources found on social media. Cross-domain sentiment classification has drawn
increasing interest in the case of linguistic and contextual diversity of social media content. Yin et
al. (2019) [18] proposed CapsuleDAR, a domain-adaptive sentiment model that incorporates
semantic rule networks into enhancing feature generalization across domains. This model
outperformed state-of-the-art performance compared to conventional CNNs and RNNs. Wang et

al. (2019) [19]further proposed SentiDiff, a sentiment-reversal model, which accurately modeled
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the emergence of polarity shifts in evolving tweets with up to 8.38% improvements over previous

benchmarks. Overall, these studies have shed light on the demand for robust models that can
handle issues such as polarity divergence, feature mismatch, and sparsity in multilingual contexts.
Recent breakthroughs in transformer architectures have transformed sentiment analysis. Models
such as BERT (Bidirectional Encoder Representations from Transformers) and XLNet (Extreme
Language Understanding Network) have shown remarkable ability in learning bidirectional
dependencies and contextual semantics. Shen et al. (2021) [20]showed that permutation-based
training allows XLNet to capture context better compared to masked language models like BERT.
Khodeir et al. (2021) and Cui et al. (2021) [21], [22] reported that fine-tuning BERT with task-
specific sentiment corpora significantly improves the accuracy of multilingual sentiment
classification. Transformer-based models have thus become central in cross-domain and
aspectlevel sentiment analysis, outperforming CNN and BiLSTM architectures on multiple
datasets. Performance optimization has been another key focus of research. Guo et al. (2013) [23]
introduced a Multi-Attention Fusion Model (Multi-AFM) that combined global and local attention
mechanisms and achieved superior performance in contextual sentiment evaluation. More recently,
optimization-driven models such as Local Search Five-Element Cycle Optimization (LSFECO)
have been applied to ReLU-activated BILSTM networks to Such approaches demonstrate that
parameter optimization and hybrid ensembles significantly improve model robustness, especially

on noisy and code-mixed multilingual datasets.
3. Methodology

The methodology adopted in the research titled “Optimized Deep Neural Architectures for
Domain-Adaptive and Noise-Resilient Sentiment Analysis in Social Media” is centered on the
development and evaluation of deep-learning models for multilingual sentiment classification.
Based on the content extracted from the uploaded document, the research focuses on using BERT,
XLNet, Convolutional Neural Networks (CNNs), and Bidirectional Long Short-Term Memory
(BiILSTM) architectures. The aim was to design an optimized hybrid model capable of performing

accurate and domain-adaptive sentiment analysis across noisy and diverse social media datasets.
3.1 Data Collection

The dataset used in the study consists of multilingual social media text and publicly available

review data. The document mentions the use of multiple languages, indicating that the corpus
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included data from English and other regional languages. Each dataset was classified into

sentiment categories—positive, negative, and neutral—based on contextual information.

3.2 Data Preprocessing

As inferred from the report, the data underwent standard preprocessing techniques, including:
e (leaning and normalization of textual data;
e Removal of symbols, links, hashtags, and special characters;

e Tokenization and word embedding generation using pretrained models such as BERT and

XLNet.
These steps ensured that the text data were structured for optimal input to the neural networks.
3.3 Model Design

The methodological core involves three deep-learning models that were optimized for cross-

domain and noise-resilient performance:

1. BERT-Based Classifier: Utilized for extracting contextual embeddings and understanding

semantic polarity in multilingual text.

Aspesct igestfication ofter

Max poclng ‘ Drop Ot

Architecture of Proposed BERT Architecture

2. C-XLNet Model: Implemented for capturing aspect-level sentiment and sequential

dependencies in language structure.
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Architecture of Proposed C-XLNet Architecture

3. ReLU-BILSTM Network: Applied for learning long-range contextual patterns,

particularly for noisy and code-mixed data.
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Architecture of Proposed ReLU-BiLSTM Architecture

The models were trained and tested to identify sentiment polarity efficiently and were compared

to standard benchmark architectures.
3.4 Model Optimization and Evaluation

The uploaded document indicates that optimization techniques were used to improve the accuracy
and efficiency of the models. These models were evaluated using performance metrics such as

accuracy, precision, recall, and F1-score, as cited in the report.
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4. Results and Discussion

These hyperparameters ensure balanced learning, convergence stability, and prevent overfitting

during multilingual text classification.

Table 1 Parameter Settings
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Parameters Values

Optimizer Adam

Learning Rate 0.001

Batch Size 64

Epochs 25

Dropout 0.5

Activation Function | ReLU

Hidden Layers 2

Loss Function Cross Entropy

Language Dataset Multilingual (Tamil, Malayalam, Hindi, Bengali, Urdu, Sinhala, Telugu)

Uniform parameter settings provide a fair comparison. The proposed model’s use of ReLU

activation improves feature learning for textual sequences.

Table 2 — Setting of the Parameters

Model Learning | Epochs | Batch | Optimizer | Dropout | Activation
Rate Size Function
CapsuleDAR 0.001 25 64 Adam 0.4 Sigmoid
KGCapsAN 0.001 25 64 Adam 0.4 ReLU
Multi-AFM 0.001 25 64 Adam 0.5 ReLU
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AOS 0.001 25 64 Adam 0.5 Tanh
Proposed (ReLU- | 0.001 25 64 Adam 0.5 ReLU
BiLSTM)
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Figure 1 Accuracy analysis and Precision analysis

Coverage increases with multilingual inclusion, showing improved adaptability of the proposed

model for Indian languages.

Table 3 — Coverage Analysis

Languages Coverage (%) Remarks

Tamil 64 Single language coverage
Tamil + Malayalam 78 Maximum bilingual coverage
Hindi 71 Moderate

Bengali 74 Moderate

Urdu 69 Slightly lower coverage

Telugu 72 High multilingual compatibility
Sinhala 66 Limited but valid

918 Lekhpal Singh et al 910-927



Journal of Computational Analysis and Applications VOL. 33, NO. 1A, 2024

10.48047/jocaaa.2024.33.1A.77

(L] L] T Ll T T 100 T T T + T
954 1 95 R
90+ 1 90~
) a
X c
& BS < 18 854
= S
4 -
Z =
LB - =0 -
%4 < 75 4
N 70
CapsuleDAR  KGCapsAN - MulthAFM AOS Proposed CapsuleDAR  KGCapsAN - Multi-AFM AOS Proposed
Methods Methods

Figure 2 Recall Analysis and F1-Score Analysis

Distinct linguistic features across languages indicate the model’s versatility in understanding

morphological and semantic variations.

Table 4 Class Characteristics Generated

Language Unique Features Aspect Category
Tamil Phonetic-rich terms Terrain, Travel
Malayalam Compound words Food, Flora

Hindi Contextual variance Weather, Emotion
Bengali Suffix modifications Product reviews
Urdu Stylistic sentiment cues Services

Sinhala Morphological complexity Nature

Telugu Consonant-heavy roots Lifestyle
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Figure 3Training accuracy analysis and Testing accuracy analysis

similar sentiments expressed in different scripts.

Table 5. Classification of Multilingual Text

Category Language Example

Weather Tamil “LEMLD QUUWIBMS!” (It's raining)
Weather Hindi g 8 =l 2>

Weather Bengali “q@ 5%

Weather Malayalam “QP 6)alQMy”

The proposed model significantly reduces computational cost and processing time while retaining

high accuracy, showing suitability for real-time sentiment classification.

Table 6 BERT Algorithm Aspect Category Identification Time

Model Time Complexity Avg. Processing Time
SVM-GA O(n?) 5.5 sec
Conceptual Model O(n?) 4.9 sec
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GNoM O(n?) 3.5 sec
AOS O(n?) 4.6 sec
Proposed (ReLU-BiLSTM) O(n) 2.2 sec
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Figure 4 Purity analysis

BERT demonstrates consistent improvement in text understanding and sentiment representation

compared to baseline machine learning models.

Table 7 Comparison of Performance Indicators with Proposed Method 1 (BERT)

Methods Accuracy Precision Recall F Score
Naive Bayes 73.2 46.65 56.12 58.3
Linear Regression 71.9 54.76 60.45 56.1
SVM 73.80 64.19 63.75 61.63
CNN 71.77 56.76 50.06 59.2
Proposed (BERT) 77.2 66.9 58.6 62.2
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Figure 5.State-of-the-Art Method vs. Proposed Method 1(Performance Indicators)

C-XLNet outperforms other transformers and traditional models, achieving high precision

(91.14%) and robustness in feature representation.

Table 8Comparison of Performance Indicators with Proposed Method 2 (C-XLNet)

Methods Accuracy Precision Recall F Score
KNN 77.8 88.5 78.5 84.2
SVM 74.5 85.2 85.6 84.4
Naive Bayes 79.8 78.6 84.7 83.5
Random Forest 75.4 76.6 82.2 79.7
BERT 78.3 89.2 85.5 88.6
XLNet 84.3 90.1 87.6 88.3
Proposed (C-XLNet) 86.7 91.14 88.6 89.5
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Figure 6. State-of-the-Art Method vs. Proposed Method 2(Performance Indicators)

The ReLU-BIiLSTM model achieves near-perfect accuracy and stability, making it ideal for

complex multilingual datasets.

Table 9 Comparison of Performance Indicators with Proposed Method 3 (ReLU-BiLLSTM)

Methods Accuracy Precision Recall F Score
CapsuleDAR 85.0 82.0 75.4 77.7
KGCapsAN 89.4 85.2 83.5 87.9
Multi-AFM 91.5 90.5 86.7 89.2
AOS 84.3 82.7 80.1 81.9
Proposed (ReLU-BiLSTM) 97.25 96.5 95.75 93.5
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Figure 7. State Art method vs. Proposed Method 3(Performance Indicators)

ReLU-BiLSTM emerges as the best-performing classifier overall, achieving maximum values in

all four evaluation metrics.

Table 10.Average Parameter Values of Three Classification Methods

Classification Method Accuracy Precision Recall F Score
BERT 77.20 66.93 58.57 62.23
C-XLNet 86.70 91.14 88.60 89.48
ReLU-BiLSTM 97.25 96.50 95.75 93.50

Percentage(%:)

Eeturaty PrecHien

Lot
Perfarmance Indicators

Figure 11 Comparison of various performance indicators against the Three Modules

Conclusion

These indeed confirm that the proposed deep neural framework, which integrates BERT-based
CNN, C-XLNet, and LSFECO-optimized ReLU-BiLSTM, acts as a robust and adaptive paradigm
to sentiment analysis in multilingual and noisy social media environments. As a result of the
introduction of contextual embeddings combined with domain adaptation and optimization-driven
learning, accuracy, scalability, and robustness to informal text structures significantly
outperformed those from more traditional models, such as SVM, CNN, and basic BiLSTM.
Among all architectures tested, the ReLU-BiLSTM optimized with LSFECO reached the highest
overall performance and showed better capability than others when handling polysemy, sarcasm,

and domain-specific vocabulary. The present study establishes that hybridized deep learning
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models, fine-tuned through intelligent optimization algorithms, can actually fill both the linguistic

and contextual gap in offering a reliable approach for real-time sentiment detection, opinion

mining, and cross-lingual analytics in modern-day digital communication platforms.
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