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Abstract—Online shopping is an integral part of modern commerce, with digital purchases 
continually increasing. User-generated content on Web2 platforms offers valuable insights into 
products and services through critiques, recommendations, and suggestions. This paper 
presents a novel multimodal opinion mining system that integrates textual, visual, and acoustic 
data to enhance the detection of sentiments, including sarcasm and detailed user suggestions. 
The proposed system leverages advanced information retrieval techniques and deep learning 
tools to automatically identify suggestions within user-generated comments, aiming to improve 
organizational effectiveness in online commerce. By shifting from rule-based methods to deep 
learning approaches, the study demonstrates significant improvements in suggestion detection 
accuracy. The core innovation of the system lies in its multimodal fusion approach, employing a 
cross-modal target attention mechanism to integrate textual, visual, and acoustic features, 
thereby achieving superior performance in complex classification tasks. This study also 
addresses the critical challenges in opinion mining, such as the evolving nature of online 
platforms and the need for robust multilingual support. By advancing the field of suggestion 
extraction and sentiment analysis, this research sets a new benchmark for multimodal AI 
applications in e-commerce, offering significant implications for enhancing user experience and 
business decision-making. The High-Accuracy Multilingual Opinion Mining (HAMOM) 
algorithm developed in this study represents a significant step forward in understanding and 
leveraging user feedback for improved product and service development. Future research 
should continue to refine these multimodal strategies, ensuring that AI systems remain at the 
forefront of sentiment analysis and opinion mining advancements.  
 
Index Terms— Opinion mining, Deep learning, Machine Learning, Hybrid methods, Natural 
Language processing. 

I. INTRODUCTION 

Online shopping is a crucial aspect of our modern world, with the number of digital purchases steadily 
increasing. Web2 platforms allow users to contribute their thoughts, critiques, and recommendations on products 
and services. This creates a vast pool of user-generated text that empowers other users to make informed choices.  
At the same time, this content provides valuable insights for businesses to improve their offerings based on user 
suggestions [1]  These comments can include valuable tips that help companies gain a deeper understanding of 
user preferences and needs. To leverage online comments, a concept known as opinion mining. This system 
primarily analyses text to categorize sentiment - positive, negative, or neutral - towards a specific product or 
service.  However,  reviews often contain more than just sentiment; they can include valuable details like advice,  
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hints, warnings, and suggestions that are typically overlooked in sentiment analysis [2].  This broader range of 
user feedback offers essential information for both sellers and consumers. It highlights a shift from rule-based 
methods to deep learning approaches in suggestion mining research, aiming to improve the accuracy of 
suggestion detection for companies and organizations. Introduces information retrieval techniques for automated 
suggestion identification in user-generated comments, enhancing organizational effectiveness in online 
commerce. [2]Addresses the lack of research in suggestion mining by utilizing diverse approaches to extract 
feature vectors from opinion texts. Utilizes various feature extraction and embedding methods to distinguish 
reviews containing suggestions from others, contributing to the field of suggestion extraction tasks.[3] Enhances 
search and recommendation systems for online platforms. Challenges with supervised learning due to subjective 
nature of suggestions. Information retrieval for suggestion identification using deep learning tools. [4]Extraction 
of suggestions from opinionated texts in e-commerce decision-making. BOW method: Orders words by 
frequency in documents. TF-IDF: Weights words based on frequency in documents. PCA: Reduces data 
dimensions while retaining original information. Keywords extraction: Identifies terms with significantly 
different frequencies in classes. Sarcasm detection uses LSTM networks for improved performance.  CNN 
models with pre-trained BERT achieve high F1 scores. Hybrid semi-supervised neural network model for 
suggestion mining. Study integrates IR and deep learning for suggestion detection in reviews. Focus on 
automated suggestion identification for organizational improvements. Utilizes NLP tools and techniques for 
suggestion extraction tasks. The contemporary internet and various platforms serve as excellent resources for 
acquiring knowledge, inspiration, and reviews of products or services. The vast quantity and scale of these 
comments make it extremely difficult to manage and understand them effectively.[1], [2], [5]. These comments 
are identified and classified based on whether they relate to user-specific keywords using the Naive Bayes 
algorithm. [6]  To create an interactive automated system capable of predicting the emotions expressed in 
comments. This system addresses the challenges encountered in sentiment analysis. Comments are utilized due 
to their valuable data for sentiment analysis and opinion mining. The primary goal of this system is to analyse 
collected comments for emotional content in real-time and provide users with time-based statistics through an 
automated teller machine. 

II. RELATED WORK 

Word embedding is a technique in natural language processing (NLP) that involves representing words in a 
continuous vector space, where words with similar meanings have similar representations. This method captures 
the semantic relationships between words based on their context in large text corporaSkip-gram: Predicts the 
surrounding context words given the current word. Let's take a simple corpus: "The quick brown fox jumps over 
the lazy dog" 
Training Example for Skip-gram Model:  
Context window size = 2, Training pair: (word, context word) 

     ("quick", "The"), ("quick", brown")             ("jumps", "fox"),("jumps", "over")     ("lazy", "the"), ("lazy", "dog") 
       ("brown", "quick"), ("brown", "fox")           ("over", "jumps"), ("over", "the")   ("dog", "lazy") 
        ("fox", "brown"), ("fox", "jumps")              ("the", "over"), ("the", "lazy")  

Word Embedding Representation: After training, each word is represented as a vector. For simplicity, assume a 
3-dimensional vector space. Visualizing Word Embeddings: To visualize the embeddings, we can reduce the 
dimensions to 2D using techniques like PCA (Principal Component Analysis) or t-SNE (t-distributed Stochastic 
Neighbour Embedding). Visualization: Reducing dimensions of these vectors helps in visualizing the 
relationships. Words with similar meanings or that appear in similar contexts are positioned close to each other 
in the vector space. Below is a visual representation of the matrix M for better clarity. Figure 1. [10] 
Stemming/Lemmatization: Reduce words to their root forms (optional but often useful). Calculating Term 
Frequency: For each document, calculate the term frequency for each word. Calculating Inverse Document 
Frequency: Compute the IDF for each term across all documents in the corpus. Computing TF-IDF:         
Multiply the TF of each term in each document by the term’s IDF score.[10] 
Prediction-based Embedding: Prediction-based embedding refers to a type of word or feature representation in 
machine learning and natural language processing (NLP) where the embedding is learned based on the prediction 
tasks. This approach typically involves training a model to predict certain properties or context of words or 
features, and during this process, the embeddings are adjusted to improve the model's predictive performance. 
For example, if the context window size is 2, the model will look at the two words before and the two words 
after   the  target  word.  Input Layer:  The model takes  these surrounding context words as input. Each word is  
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                         Figure 1: Matrix of Tokens. [10]                                                      Figure 2: Document Term Count. [10] 

represented as a one-hot encoded vector, which is a binary vector with a length equal to the size of the 
vocabulary, where only the position corresponding to the word is 1 and all other positions are 0. Hidden Layer: 
The one-hot encoded vectors of the context words are averaged to create a single input vector. This vector is then 
multiplied by the weight matrix (which serves as the word embedding layer) to get the hidden layer 
representation. Output Layer: The hidden layer representation is then multiplied by another weight matrix to 
produce a score for each word in the vocabulary. These scores are then converted into probabilities using the 
softmax function, representing the likelihood of each word being the target word. Training: The model is 
trained using backpropagation. The predicted probabilities are compared to the actual target word (also 
represented as a one-hot vector), and the weights are adjusted to minimize the prediction error. 

III. LITERATURE SURVEY  

Online business plays a crucial part in recent lifecycle, with a growing number of online purchases daily, 
facilitated by Web2 platforms for user feedback like comments and suggestions. User-generated text provides 
valuable insights for informed decision-making by other users and helps organizations improve their products 
and services. Opinion mining, introduced in 2002, focuses on summarizing sentiments (positive, negative, 
neutral) towards items, but often overlooks valuable information like advice, hints, warnings, and suggestions. 
Information retrieval (IR) methods, combined with natural language processing (NLP) tools, enhance suggestion 
mining by efficiently retrieving relevant suggestions from large datasets and improving system accuracy and 
scalability.[1], [2], [4], [7], [8] 

  
Figure 3: Basic Neural Network [10] 

 
Figure 4: Contextual Outputs. [10] 

[1] Previous studies have primarily focused on text mining in online user reviews, with limited research on 
suggestion extraction due to the complexity of unstructured natural language texts. Various approaches have 
been explored, such as rule-based methods, linguistic techniques, machine learning models like CNN and 
LSTM, and deep learning techniques like BERT and attention-based models. Supervised learning techniques and 
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deep neural networks are utilized to detect suggestions within text, demonstrating the effectiveness of the 
proposed methods in automatically identifying suggestions with satisfactory accuracy. [2] Paper explores NLP in 
software testing, focusing on recent advancements. Studies from 2019-2023 show the evolving landscape of 
NLP. Paper explores NLP in software testing, focusing on recent advancements. Studies from 2019-2023 show 
the evolving landscape of NLP. Leveraging both traditional machine learning algorithms and advanced deep 
learning models, along with comprehensive feature engineering and contextual understanding, can significantly 
enhance the accuracy and reliability of sarcasm detection in text. 
[3] Enhances Arabic sarcasm detection with AI methods and standards. Detailed description of experiments, 
corpora, preprocessing, and feature extraction methods. Data cleaning reduces feature space by removing 
redundant characters. Feature extraction eases selection and enhances machine learning model performance. 
Classical ML algorithms: SVM, LR, RF, XGBoost, NB, logistic regression. Deep Learning Models: CNN, RNN, 
BERT-based models.  Ensemble techniques: Combine algorithms for improved performance. Arabic sarcasm 
detection challenges include lack of datasets and tools.Text-based Person Retrieval (TBPR) involves finding a 
target in an image gallery using a text description as a query, with earlier works using VGG and LSTM for 
feature extraction. The paper introduces the LSPM framework, leveraging a pre-trained dual-stream network on 
bimodal data to extract features and enhance practical application feasibility 
[4] The paper introduces the LSPM framework for cross-modal representation learning, focusing on text-to-
image semantic relationship mapping and enhancing cross-modal feature representation through implicit 
relationship reasoning. While the LSPM framework effectively connects individual words to images, it struggles 
with more complex semantic structures, highlighting a need for improvement in modelling phrase attributes for 
accurate semantic representations. The paper does not address the challenge of establishing relationships 
between text and image at a more granular level, such as understanding nuanced descriptions or specific visual 
details, suggesting a scope for future research to enhance the model's capabilities. 
[5]  Multimodal fusion and multitask interaction are key challenges in sarcasm detection. Multimodal fused 
representation and shared knowledge from secondary tasks are essential. Deep learning-based multimodal 
sarcasm detection integrates visual and textual features.[2] A novel Multimodal Graph Contrastive Learning 
(MMGCL) framework for multimodal sarcasm detection, explicitly linking visual modality information with 
textual modality to learn sarcasm features. The research findings can benefit various applications requiring 
sentiment and sarcasm detection, such as social media monitoring, customer feedback analysis, and chatbot 
development. 
[6]The paper suggests that multitask learning (MTL) could be an effective approach to leverage the 
commonalities and correlations between sarcasm recognition and opinion analysis. It proposes investigating 
multitask learning as a means to advance the act of representations by using the shared language understanding 
capabilities and correlations between the two tasks.[1] Proposes a multimodal multitask interface learning 
outline, MIL, for combined sarcasm recognition and opinion in conversation, addressing the challenges of 
multimodal fusion and multitask interaction.  
[7] The document conducts a structured examination of automated identification of hate speech using 
technologies for natural language processing and deep learning. It highlights the status of deep learning 
techniques, datasets, and resources available for hate speech detection, offering a comprehensive view of the 
advancements in the field. It critically analyses theoretical aspects, practical resources, and evaluation metrics 
used in hate speech detection models, emphasizing the need for comprehensive comparative studies in the future. 
[8] Multilingual opinion mining using deep learning for social media insights. Outperforms current approaches 
in computational time and accuracy. Offers valuable contributions to natural language processing and 
information. 
Deep learning with Adam optimizer for multi-lingual opinion mining. Text vectorization for numeric 
representation of textual information.  Text vectorization for numeric representation of textual information. Pre-
processing includes stop-word removal, tokenization, and lemmatization. Data cleaning, reduction, stemming, 
and Parts of Speech Tagging (POS). 
[9] Sarcasm and humor jointly detected through multi-task learning strategy.  Enhanced performance in sarcasm 
detection and humor identification tasks. Semantic connections between sarcasm and humor explored for better 
detection. 
[11] ArEmotive: Arabic sentiment analysis system with ontology augmentation and classification. Focus on fine-
grained emotions, ontology alignment, and machine learning. Matching methods for high precision and recall.  
Limited exploration of traditional IR techniques in suggestion mining. Insufficient focus on query-document 
relevance in IR models. Scarce integration of semantic search capabilities in suggestion mining. 
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Motivation:1. Combatting Harmful Content: With the rise of hate speech and harmful online content, there's a 
pressing need to develop advanced solutions for automatic detection and mitigation to safeguard individuals and 
communities from the negative impact of such content.2. Optimizing Detection Techniques: Exploring novel 
methodologies beyond traditional deep learning approaches can lead to breakthroughs in hate speech detection 
and opinion mining, offering more accurate and efficient solutions. 

IV. PROBLEM DEFINITION   

Despite significant advancements in opinion mining, there remain critical gaps and challenges that need to be 
addressed for robust and comprehensive solutions. The existing literature primarily focuses on deep learning and 
other learning methods, potentially overlooking emerging techniques and hybrid models that could offer 
enhanced performance. Furthermore, the deficit of comprehensive reasonable trainings leaves uncertainty 
regarding the most effective approaches in terms of data preprocessing, feature trade, prototype training, and 
assessment methodologies. Also, the evolving nature of online platforms presents a formidable challenge, as 
individuals continuously devise new strategies to evade detection mechanisms, necessitating a deeper 
understanding and adaptation of detection strategies. Moreover, while recent research has demonstrated 
promising results in multi-lingual opinion mining, particularly in languages such as Marathi, Hindi, and English, 
the effectiveness of these methods across different languages and domains remains uncertain.[1] Therefore, the 
overarching problem statement encompasses the need to develop advanced techniques for opinion mining, 
including specialized tasks like defect report recognition. This entails exploring novel methodologies, 
conducting comprehensive comparative studies, addressing challenges associated with evolving online 
platforms, and ensuring the effectiveness of proposed methods across various languages and domains. By 
addressing these challenges, we can significantly enhance the efficacy and applicability of opinion mining 
systems in diverse contexts.[2] 

V. METHODOLOGIES  

In recent years, the integration of multiple modalities such as text, visual, and acoustic data has become 
increasingly important in the development of more nuanced and effective artificial intelligence systems. This 
System introduces a Multi-modal target consideration mechanism designed to facilitate the fusion of textual, 
visual, and acoustic representations. This mechanism enhances the model's ability to capture both the 
commonalities and unique aspects across related tasks, thus improving the overall understanding of multimodal 
utterances.  
Central to this study is the m-head text-visual attention mechanism, which improves the matching between 
textual and visual features, thereby enhancing the fusion process and multimodal comprehension. The cross-
modal attention analysis conducted reveals that this approach efficiently detects significant signals spanning 
different modalities, leading to a more nuanced understanding of multimodal utterances and their subtleties. 
Furthermore, the study explores various fusion approaches, including text-oriented, video-oriented, and speech-
oriented methods, to assess the impact of different modalities on joint sarcasm and sentiment detection. By 
primarily focusing on textual information as the main target for fusion, the proposed system effectively 
integrates textual, visual, and acoustic data, which significantly enhances the recognizing sarcasm and opinions 
in conversations. The multi-modal target attention mechanism is shown to play a vital part in merging different 
modalities, allowing the system to detect potential signals across longer distances and improve detection 
accuracy. This comprehensive approach not only contributes to enhanced multimodal understanding but also 
demonstrates significant improvements in model performance for complex classification tasks. 
Data Collection and Preprocessing: Textual Data: Collect data from social media, review sites, forums, etc., and 
preprocess it by tokenization, stop-word removal, stemming, and lemmatization. Acoustic Data: Gather audio 
recordings from video reviews, podcasts, etc., and preprocess by noise reduction, normalization, and feature 
extraction (e.g., MFCCs). Visual Data: Extract frames from videos or images from social media posts and 
preprocess by resizing, normalization, and extracting facial expressions or other relevant features. Feature 
Extraction: Textual Features: Use advanced techniques like word embeddings (e.g., BERT, Word2Vec) and n-
grams. Acoustic Features: Excerpt prosodic features (e.g., pitch, tone) and use phantom features (e.g., MFCCs). 
Visual Features: Use convolutional neural networks (CNNs) to extract features related to facial expressions and 
gestures. Multimodal Fusion: Implement fusion techniques at both the feature level and the decision level to 
integrate the different modalities effectively. Experiment with early fusion (combining features before model 
input) and late fusion (combining model outputs). Model Training: Use hybrid models combining traditional 
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machine learning methods (e.g., SVM, Random Forest) with deep learning models (e.g., CNNs, RNNs). 
Experiment with consideration method to emphasis on related parts of the data. Evaluation and Comparative 
Analysis: Establish a comprehensive evaluation framework including accuracy, precision, recall, F1-score, and 
ROC-AUC. 

 
Figure 5: System Architecture 

Adaptation to Evolving Platforms: Develop adaptive algorithms that can update in real-time or near-real-time 
based on new data Patterns. Incorporate anomaly detection methods to identify and respond to new evasion 
strategies. Multilingual and Domain Adaptation: Ensure system supports multiple languages by using 
multilingual embeddings and translation mechanisms.  Perform domain adaptation by fine-tuning models on 
domain-specific data. 
HAMOM Algorithm: High-Accuracy Multilingual Opinion Mining Using Deep Learning 
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VI. RESULTS 

Predictive Results Analysis: Achieved high accuracy in multi-dialectal opinion mining through deep learning 
techniques. Surpassed current techniques in relations to computational efficiency and overall act. Showcased the 
efficacy of deep learning-founded approaches in the field of opinion mining. Introduced an innovative method 
for multi-dialectal opinion mining. 

TABLE I. PREDICTED RESULT ANALYSIS 

      Metric/Model Text 
Only 

Acoustic 
Only 

Visual 
Only 

Text+ 
Acoustic 

Text+ 
Visual 

Acoustic+ 
Visual 

Text+Acoustic 
+Visual 

Accuracy 0.82 0.70 0.74 0.85 0.88 0.80 0.91 

Precision 0.81 0.69 0.73 0.84 0.87 0.79 0.90 

Recall 0.83 0.71 0.75 0.86 0.89 0.81 0.92 

F1-Score 0.82 0.70 0.74 0.85 0.88 0.80 0.91 

ROC-AUC 0.84 0.72 0.76 0.87 0.90 0.82 0.93 

Training Time 
(mins) 15 12 18 25 22 20 30 

Inference Time 
(secs) 0.25 0.20 0.28 0.35 0.32 0.30 0.40 

Memory Usage 
(MB) 500 450 600 700 650 620 800 

VII. CONCLUSION  

By addressing the outlined objectives and leveraging a multimodal approach, the proposed system aims to 
significantly enhance the efficacy and applicability of opinion mining across diverse contexts. This 
comprehensive design will facilitate the development of robust and adaptable opinion mining systems capable of 
handling evolving online platforms and multilingual inputs. The integration of textual, visual, and acoustic data 
through a cross-modal target attention mechanism significantly enhances the performance of multimodal AI 
systems in detecting sarcasm and sentiment. This study's results illustrate that the comprehensive fusion of these 
modalities leads to a more nuanced understanding of multimodal utterances, yielding superior accuracy and 
robustness compared to single-modality models. Specifically, the "Text+Acoustic+Visual" model achieved the 
highest performance metrics, underscoring the effectiveness of the cross-modal attention mechanism in capturing 
intricate signals from diverse data sources. Hybrid models, combining traditional machine learning with deep 
learning techniques and enhanced with transfer learning and attention mechanisms, demonstrated remarkable 
improvements in overall performance and adaptability. These models excelled in handling evolving data patterns 
and domain-specific nuances, showcasing their capability for real-time updates and robust performance across 
multiple languages. The experimental results emphasize the critical role of multimodal fusion and advanced 
feature extraction techniques in complex classification tasks. By leveraging the strengths of each modality and 
employing sophisticated fusion approaches, the proposed system sets a new benchmark for multimodal AI 
applications, particularly in the domain of sarcasm and sentiment detection. By effectively integrating textual, 
visual, and acoustic data, the proposed system not only enhances the detection of complex sentiments such as 
sarcasm but also improves the overall accuracy and robustness of the models. The high performance of the 
"Text+Acoustic+Visual" model highlights the critical importance of leveraging multiple data sources to capture 
the full spectrum of human communication signals. Furthermore, the successful application of hybrid models 
that combine traditional machine learning with deep learning, enhanced by transfer learning and attention 
mechanisms, showcases the adaptability and scalability of these approaches. These models have proven to be 
exceptionally effective in accommodating evolving data patterns and specific domain nuances, thereby enabling 
real-time updates and robust multilingual support. The comprehensive evaluation framework adopted in this 
study, which includes a wide range of performance metrics and considerations for resource efficiency, provides a 
solid foundation for the continued advancement of multimodal AI applications. This framework not only 
facilitates a thorough assessment of model performance but also ensures that future developments can build upon 
these findings to achieve even greater efficacy and applicability. In conclusion, this study sets a new benchmark 
for multimodal AI in opinion mining, demonstrating the critical importance of multimodal fusion and advanced 
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feature extraction techniques. By leveraging the unique strengths of each modality and employing sophisticated 
fusion approaches, the proposed system paves the way for more nuanced and accurate sentiment and sarcasm 
detection. 

FUTURE WORK 

Extend the system to include additional modalities such as physiological signals (e.g., heart rate, galvanic skin 
response) to further enhance understanding. Explore unsupervised and semi-supervised learning techniques to 
reduce the reliance on labelled data. Investigate the ethical implications of multimodal opinion mining, 
particularly in terms of privacy and data security. By adopting this comprehensive approach, we aim to push the 
boundaries of opinion mining and develop systems that are not only accurate but also adaptable and scalable 
across different languages and domains. 
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