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ABSTRACT
The rapid growth of social media platforms, online discussion forums and digital communication channels has generated large volumes of opinion-rich textual data that can support real-time public opinion monitoring. However, existing sentiment analysis systems often face limitations related to contextual ambiguity, scalability, computational overhead and noisy social media expressions. This study proposes a Cluster-Aware Deep Sentiment Mining (CADSM) framework for real-time public opinion monitoring. The framework integrates adaptive semantic clustering, distributed stream preprocessing, cluster-aware contextual feature augmentation and hybrid CNN-LSTM sentiment inference within a unified architecture. Opinion streams collected from X (formerly Twitter), Reddit, online discussion forums and news comment platforms were semantically grouped before distributed preprocessing and deep sentiment classification. Structural cluster metadata, including semantic density, cluster similarity, contextual relationships and sentiment distribution, were combined with textual embeddings to improve sentiment representation. The framework was evaluated using multilingual social media datasets containing positive, negative and neutral sentiment classes, and its performance was compared with SVM, Random Forest, CNN and CNN-LSTM models. Experimental results showed that CADSM achieved 97.4% accuracy, 96.9% precision, 96.5% recall and a 96.7% F1-score, with a false positive rate of 2.2%. The framework also achieved an average processing latency of 1.4 seconds and maintained accuracy above 96% as the stream volume increased from 10,000 to 500,000 messages. Under noisy conditions, CADSM maintained 92.3% accuracy at 5 dB SNR and achieved an AUC score of 0.98. These findings indicate that combining semantic clustering with distributed deep sentiment inference can improve contextual consistency, scalability and robustness for real-time public opinion monitoring while supporting timely sentiment interpretation across dynamic online discussions.
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I. INTRODUCTION 
With the rapid development of information technology, social media platforms such as X (formerly Twitter), Instagram and Facebook have become important components of modern life (Balboa et al., 2024). The expansion of social media platforms, online discussion forums and digital communication technologies has transformed the way individuals express opinions, emotions and perceptions regarding political, economic, social and commercial events (Balboa et al., 2024). Platforms such as X, Facebook, Instagram, YouTube and online blogs continuously generate massive streams of user-generated textual data in real time (Anitha et al., 2020). These opinion-rich data sources provide valuable insights into public perception, consumer behaviour, election trends, crisis response and market intelligence (Zachlod et al., 2022). Consequently, real-time public opinion monitoring and sentiment analysis have emerged as critical research areas within artificial intelligence, data science and computational social analytics (Xu et al., 2022).
Sentiment analysis refers to the computational process of identifying and categorising emotions, attitudes and subjective opinions expressed in textual data (Faye et al., 2025; Mao et al., 2024). Traditional sentiment analysis systems primarily relied on lexicon-based approaches and statistical machine learning algorithms, such as Naïve Bayes, decision trees, support vector machines (SVMs) and logistic regression (Luo et al., 2025; Nandwani & Verma, 2021). Although these methods achieved moderate classification performance, they often struggled with sarcasm detection, semantic ambiguity, multilingual expressions, noisy social media content and contextual dependency (Tan et al., 2023). Sentiment analysis has been applied across areas such as healthcare, films, products and politics. These applications indicate that sentiment analysis is a useful tool for gaining insights into public opinion on specific topics of interest (Mujtaba et al., 2025).
Deep learning techniques have significantly improved sentiment classification performance through automatic feature extraction and contextual representation learning (Méndez et al., 2023). Convolutional neural networks (CNNs) have demonstrated a strong capability for extracting semantic patterns from textual data, while Long Short-Term Memory (LSTM) networks and Transformer-based architectures have improved sequential context understanding (Mujtaba et al., 2025). Despite these advancements, existing deep learning approaches still encounter limitations when deployed in large-scale, real-time sentiment monitoring systems (Nakhjiri & Kakroodi, 2024).
One major challenge is the volume and velocity of streaming social media data, which introduce scalability and computational complexity issues (Natarajan et al., 2024). Real-time opinion monitoring systems must process heterogeneous textual streams continuously while maintaining low inference latency and high classification accuracy (He et al., 2025). Furthermore, social media environments are highly dynamic and noisy because of slang expressions, abbreviations, hashtags, emojis and rapidly evolving linguistic patterns (Olawade et al., 2024). These characteristics reduce the robustness of conventional sentiment classification models (Raiaan et al., 2024).
Another significant limitation lies in the tendency of most sentiment analysis systems to process textual samples independently without considering semantic relationships among related opinions (Hajiali, 2020). Existing models rarely exploit the structural contextual grouping of similar opinion streams (Yue et al., 2019). As a result, contextual consistency is weakened, and sentiment inference becomes more susceptible to misclassification under noisy and ambiguous conditions (Raghunathan & Saravanakumar, 2023).
To address these limitations, recent studies have explored distributed sentiment analytics, semantic embedding techniques and scalable stream-processing frameworks. Distributed computing models such as MapReduce and Apache Spark have improved scalability for high-volume data processing, while transformer-based language models have enhanced contextual understanding. Nevertheless, most existing approaches still treat clustering, preprocessing and deep inference as independent components rather than integrating them into a unified intelligent framework.
This study therefore proposes a novel Cluster-Aware Deep Sentiment Mining (CADSM) framework for intelligent real-time public opinion monitoring. The proposed framework integrates adaptive semantic clustering, distributed stream preprocessing, cluster-aware feature augmentation and deep learning-based sentiment inference within a unified architecture. Unlike conventional sentiment analysis systems that use clustering solely for data organisation, the proposed framework treats clustering as a semantic structuring mechanism that enhances contextual intelligence and strengthens deep sentiment inference.
The proposed CADSM framework operates through four interconnected layers, namely the Data Acquisition Layer, Adaptive Semantic Clustering Layer, Distributed Stream Processing Layer and Deep Sentiment Inference Layer. Social media streams are continuously collected and semantically grouped using adaptive clustering mechanisms before undergoing distributed preprocessing and deep neural sentiment classification. Structural cluster metadata are integrated into deep feature representations to improve contextual consistency and reduce sentiment ambiguity.
Existing sentiment analysis approaches can generally be categorised into lexicon-based techniques, machine learning methods, deep learning approaches and distributed sentiment analytics systems (Rahnama, 2014; Zhang et al., 2023).
Lexicon-based approaches utilise predefined sentiment dictionaries to classify textual polarity according to positive, negative or neutral word associations (Xie et al., 2025). Although computationally efficient, these methods often fail to capture contextual semantics and domain-specific sentiment variations (González-Pizarro & Carenini, 2024). Machine learning approaches subsequently improved classification performance by learning statistical patterns from labelled datasets (Islam et al., 2024; Xiong et al., 2022). Algorithms such as SVM, Random Forest, Naïve Bayes and k-nearest neighbours demonstrated improved generalisation capability but relied heavily on handcrafted feature extraction techniques (Bikku et al., 2023; Dang et al., 2020; Méndez et al., 2023).
Deep learning approaches introduced automatic hierarchical representation learning for sentiment analysis (Dang et al., 2020; Nakhjiri & Kakroodi, 2024). CNN-based architectures effectively captured local semantic relationships within textual sequences, while recurrent neural networks improved sequential context modelling (Kaushik & Mishra, 2014; Natarajan et al., 2024). More recently, Transformer-based architectures have demonstrated state-of-the-art performance in contextual language understanding (Khoo & Johnkhan, 2018). However, these models require substantial computational resources and often exhibit scalability challenges in continuous real-time monitoring systems (Liu, 2012).
Table 1 summarises the strengths and limitations of major sentiment analysis approaches.
Table 1: Comparative Analysis of Existing Sentiment Analysis Approaches
	Approach
	Strengths
	Limitations
	Scalability
	Context Awareness

	Lexicon-Based Methods
	Simple implementation
	Poor semantic understanding
	Moderate
	Low

	Machine Learning Models
	Structured classification
	Requires handcrafted features
	Moderate
	Moderate

	CNN-Based Models
	Automatic feature extraction
	Computational overhead
	Moderate
	High

	Transformer Models
	Strong contextual learning
	High computational cost
	Low
	Very High

	Distributed Analytics Systems
	Improved scalability
	Limited semantic intelligence
	High
	Moderate

	Proposed CADSM Framework
	Cluster-aware deep inference and scalability
	Higher architectural complexity
	High
	Very High


The analysis presented in Table 1 reveals an important research gap in existing public opinion monitoring systems. Current approaches often either emphasise scalability without deep contextual intelligence or focus on deep semantic understanding without sufficiently addressing computational efficiency and distributed processing requirements (Raiaan et al., 2024). Limited research integrates semantic clustering, distributed stream preprocessing and deep learning-based sentiment inference into a unified architecture capable of supporting real-time public opinion analytics (Zhang et al., 2018).
The proposed CADSM framework addresses this limitation by combining adaptive semantic clustering, distributed preprocessing and cluster-aware deep learning within a self-optimising framework. Adaptive clustering groups semantically related opinion streams to improve contextual consistency, while distributed preprocessing reduces redundancy and communication overhead. Structural cluster metadata are then integrated into deep neural representations to strengthen sentiment discrimination capability and improve robustness under noisy streaming conditions.
The major contributions of this study are summarised as follows:
1. Development of a unified Cluster-Aware Deep Sentiment Mining framework for real-time public opinion monitoring.
2. Design of an adaptive semantic clustering mechanism for context-aware opinion grouping.
3. Integration of distributed preprocessing for scalable and low-latency stream analytics.
4. Incorporation of cluster-aware feature augmentation into deep sentiment inference models.
5. Comprehensive comparative evaluation against conventional machine learning and deep learning sentiment analysis approaches.
The remainder of this paper is organised as follows. Section II presents the proposed methodology and framework architecture. Section III discusses the experimental evaluation and performance analysis. Section IV presents the discussion and implications. Finally, Section V concludes the study and outlines future research directions.
II. METHODOLOGY AND FRAMEWORK ARCHITECTURE
This section presents the methodological framework and architectural design of the proposed Cluster-Aware Deep Sentiment Mining (CADSM) system for intelligent real-time public opinion monitoring. The proposed methodology integrates adaptive semantic clustering, distributed stream preprocessing, cluster-aware feature engineering and deep learning-based sentiment inference within a unified architecture. The framework is designed to address scalability, contextual ambiguity, noisy streaming environments and computational overhead associated with large-scale social media analytics.
2.1 Overview of the Proposed Framework
The proposed Cluster-Aware Deep Sentiment Mining (CADSM) framework integrates adaptive semantic clustering, MapReduce-inspired distributed preprocessing, cluster-aware contextual feature augmentation and hybrid deep neural sentiment inference within a unified self-optimising sentiment analytics architecture. The framework processes real-time social media streams through five interconnected operational stages: real-time data acquisition, adaptive semantic cluster formation, distributed stream preprocessing, cluster-aware feature construction and deep sentiment inference with opinion classification.
Initially, opinion streams are continuously collected from multiple online platforms, including social media feeds, blogs, discussion forums and online news comment sections. The acquired textual data are then semantically organised using adaptive clustering mechanisms that group contextually related opinion streams based on semantic similarity and evolving discussion patterns. Following cluster formation, distributed preprocessing and redundancy reduction are performed using MapReduce-inspired stream aggregation techniques to improve scalability and processing efficiency.
Subsequently, structural cluster metadata, such as semantic density, cluster similarity, contextual relationships and sentiment distribution, are integrated with textual embeddings to generate cluster-aware contextual feature representations. These enriched semantic representations enhance contextual understanding and reduce ambiguity within noisy social media environments. Finally, the generated feature vectors are processed using a hybrid CNN-LSTM deep sentiment inference model to perform intelligent opinion classification into positive, negative and neutral sentiment categories.
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Figure 1: Proposed Cluster-Aware Deep Sentiment Mining (CADSM) architecture for real-time public opinion monitoring.

The architecture illustrated in Figure 1 demonstrates the interaction between the data acquisition, semantic clustering, distributed preprocessing, contextual feature augmentation and deep sentiment inference modules.
2.2 Framework Architecture Design
The proposed Cluster-Aware Deep Sentiment Mining (CADSM) architecture is organised into four interconnected functional layers, namely the Data Acquisition Layer, Adaptive Semantic Clustering Layer, Distributed Stream Processing Layer and Deep Sentiment Inference Layer. The Data Acquisition Layer is responsible for collecting real-time opinion streams from social media platforms, online discussion forums and digital communication channels. The Adaptive Semantic Clustering Layer groups semantically related opinion data to improve contextual consistency and reduce sentiment ambiguity. The Distributed Stream Processing Layer performs scalable preprocessing and aggregation of streaming data using distributed computing mechanisms to minimise redundancy and computational overhead. Finally, the Deep Sentiment Inference Layer utilises hybrid deep learning models to perform intelligent sentiment classification and contextual opinion analysis. Collectively, these layers contribute to enhanced contextual intelligence, improved scalability, higher sentiment classification accuracy and efficient real-time analytics performance.
2.2.1 Data Acquisition Layer
The Data Acquisition Layer continuously collects large-scale textual streams from multiple online platforms and digital communication channels. The acquired data include social media posts, hashtags, user comments, emojis, reactions, engagement metadata, online discussion forums and news comment sections. This layer serves as the primary input stage of the proposed CADSM framework by enabling continuous real-time acquisition of opinion-rich data required for sentiment analysis and public opinion monitoring.
The acquired opinion stream is represented as:
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Each collected textual sample undergoes preliminary preprocessing to improve data quality and enhance sentiment representation. The preprocessing operations include tokenisation, stop-word removal, URL filtering, emoji normalisation, stemming and lemmatisation. These processes help eliminate redundant information, reduce textual noise and standardise linguistic patterns within the opinion streams. After preprocessing, semantic text embeddings are generated using representation models such as Word2Vec, GloVe or contextual transformer-based embeddings to capture semantic and contextual relationships among textual samples for deep sentiment inference.
2.2.2 Adaptive Semantic Clustering Layer
The Adaptive Semantic Clustering Layer organises semantically related opinion streams into coherent contextual groups. Unlike traditional clustering methods used solely for data organisation, the proposed framework treats clustering as a contextual intelligence mechanism.

A. Semantic Clustering Objective
Given embedded sentiment vectors:
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the clustering objective minimises semantic dissimilarity among clustered opinions:
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Adaptive K-Medoid clustering was selected due to its robustness against noisy social media content and outlier textual samples.

B. Dynamic Cluster Adaptation
Clusters within the proposed CADSM framework are dynamically updated based on semantic similarity variation, streaming data velocity, topic evolution trends and shifts in sentiment distribution. This adaptive clustering mechanism enables the framework to continuously reorganise semantically related opinion streams as new data arrive in real time. Consequently, the system maintains strong contextual consistency, improves semantic coherence and enhances sentiment classification robustness in rapidly evolving and highly dynamic social media environments.
C. Semantic Density Evaluation
Cluster density is computed as:
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2.2.3 Distributed Stream Processing Layer
To support large-scale real-time sentiment analytics, the framework employs MapReduce-inspired distributed preprocessing.

A. Map Phase
Each processing node extracts lightweight sentiment descriptors from incoming opinion streams:
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The extracted features include sentiment polarity, keyword frequency, emoji intensity, topic probability and user engagement metrics. These features provide both semantic and behavioural representations of public opinion streams, thereby improving contextual sentiment understanding. During the Map phase, lightweight sentiment descriptors are locally processed and filtered to eliminate redundant information before transmission to aggregation nodes. This distributed preprocessing mechanism minimises communication overhead, reduces computational bottlenecks and improves real-time stream processing efficiency.
B. Reduce Phase
Intermediate outputs are aggregated as:
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Distributed aggregation significantly improves scalability and lowers computational bottlenecks.

C. Stream Processing Optimisation
Communication complexity is reduced from:
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where:
· ( N ) = total opinion streams,
· ( k ) = semantic clusters.
This optimisation improves processing efficiency in high-volume streaming environments.

2.3 Cluster-Aware Feature Engineering
Unlike conventional sentiment systems that process textual samples independently, the proposed framework integrates structural cluster metadata into deep contextual representations.
The cluster-aware feature vector is defined as:
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where:
[image: ]
This feature augmentation improves contextual consistency and strengthens sentiment discrimination capability.

2.4 Deep Sentiment Inference Layer
The Deep Sentiment Inference Layer performs contextual opinion classification using a hybrid CNN-LSTM architecture.

A. Input Representation
[image: ]The input sentiment tensor is represented as:

where:
· ( T ) = sequence length,
· ( F ) = feature dimension.

B. CNN-Based Semantic Extraction
Convolutional operations extract local semantic patterns:
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where:
· ( W ) = filter weights,
· ( b ) = bias term.
CNN layers effectively identify sentiment-related phrases and contextual patterns.

C. LSTM Sequential Context Modelling
LSTM layers model long-range contextual dependencies and temporal sentiment relationships across opinion streams.
The hidden state update is represented as:
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This improves contextual understanding for dynamic social media expressions.

D. Sentiment Classification Layer
The final Softmax classifier computes sentiment probabilities:
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The proposed CADSM framework classifies opinion streams into three major sentiment categories, namely positive, negative and neutral sentiments. Positive sentiments represent favourable opinions or emotional reactions, negative sentiments indicate dissatisfaction or unfavourable perceptions, while neutral sentiments correspond to objective or emotionally balanced expressions. These sentiment classes enable effective public opinion analysis and contextual interpretation of real-time social media discussions.

2.5 Loss Function and Optimisation
The model minimises categorical cross-entropy loss:
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Optimisation is performed using the Adam optimiser:
[image: ]
Dropout regularisation and early stopping are employed to reduce overfitting.

2.6 Algorithmic Implementation
Algorithm 1: Adaptive Semantic Clustering
[image: ]


Algorithm 2: Distributed Sentiment Preprocessing
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Algorithm 3: Hybrid CNN-LSTM Sentiment Inference
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2.7 Experimental Configuration
The experimental environment consisted of:
Table 2: Experimental Parameters
	Parameter
	Value

	Dataset Sources
	Twitter, Reddit, News Comments

	Embedding Dimension
	300

	Batch Size
	64

	Learning Rate
	0.001

	Optimiser
	Adam

	Epochs
	50–100

	Sentiment Classes
	Positive, Negative, Neutral

	Frameworks
	TensorFlow, PyTorch

	Hardware
	NVIDIA GPU


Table 2 presents the experimental configuration used for evaluating the proposed CADSM framework. The experiments were conducted using large-scale social media datasets collected from X (formerly Twitter), Reddit and online news comment platforms to ensure diverse sentiment representation. Semantic feature extraction was performed using 300-dimensional embeddings, while model optimisation employed the Adam optimiser with a learning rate of 0.001 and a batch size of 64. The framework was trained for 50-100 epochs to achieve stable convergence and improved sentiment classification performance. The sentiment analysis task considered three opinion categories: positive, negative and neutral sentiments. The implementation was developed using TensorFlow and PyTorch frameworks and executed on NVIDIA GPU-enabled hardware to support efficient deep learning training and real-time analytics processing.
2.8 Methodological Advantages of the Proposed Framework
The proposed Cluster-Aware Deep Sentiment Mining (CADSM) methodology provides several significant advantages over conventional sentiment analysis systems. First, the integration of adaptive semantic clustering improves contextual intelligence by grouping semantically related opinion streams and enhancing contextual consistency during sentiment analysis. Second, distributed preprocessing mechanisms reduce redundant data transmission and computational overhead, thereby improving processing efficiency in large-scale streaming environments. Third, the framework enhances scalability by supporting real-time analytics across high-volume social media streams and rapidly evolving public opinion data. Furthermore, the proposed architecture demonstrates improved robustness against noisy and ambiguous social media content through adaptive semantic filtering and contextual augmentation. Finally, the integration of cluster-aware deep inference improves sentiment classification accuracy, precision and overall analytical performance compared with traditional machine learning and standalone deep learning approaches.
III. RESULTS AND PERFORMANCE EVALUATION
This section presents the experimental evaluation and performance analysis of the proposed Cluster-Aware Deep Sentiment Mining (CADSM) framework for intelligent real-time public opinion monitoring. The framework was evaluated using large-scale social media datasets collected from X (formerly Twitter), Reddit, online news comment platforms and public discussion forums. The experimental analysis focused on several critical performance indicators, including sentiment classification accuracy, scalability, processing latency, robustness under noisy conditions and contextual sentiment discrimination capability.
To validate the effectiveness of the proposed framework, CADSM was compared with several conventional machine learning and deep learning-based sentiment analysis models, including support vector machine (SVM), Random Forest (RF), standalone convolutional neural network (CNN), CNN-LSTM hybrid architecture and Transformer-based sentiment models. The experiments were implemented using TensorFlow and PyTorch deep learning frameworks within GPU-enabled high-performance computing environments to support large-scale real-time stream processing and deep neural inference.

3.1 Experimental Dataset and Evaluation Metrics
The evaluation dataset consisted of multilingual social media opinion streams containing positive, negative and neutral sentiment labels collected from diverse online communication platforms. The dataset incorporated tweets and hashtags, user comments, emojis and reaction symbols, political discussions, product reviews and crisis-related public opinion content. This diverse collection of opinion streams enabled comprehensive evaluation of the proposed framework under multiple contextual and semantic conditions. The sentiment distribution within the dataset was categorised into positive, negative and neutral opinion classes to support multiclass sentiment classification and contextual public opinion analysis.
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where:
· ( P ) = Positive sentiment samples,
· ( N ) = Negative sentiment samples,
· ( U ) = Neutral sentiment samples.
Performance evaluation was conducted using the following metrics:
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where:
· ( TP ) = True Positives,
· ( TN ) = True Negatives,
· ( FP ) = False Positives,
· ( FN ) = False Negatives.

3.2 Sentiment Classification Performance
The classification performance of the proposed CADSM framework was compared with conventional machine learning and deep learning approaches.
Table 3: Comparative Sentiment Classification Performance
	Model
	Accuracy (%)
	Precision (%)
	Recall (%)
	F1-Score (%)
	FPR (%)

	SVM
	84.2
	82.7
	81.9
	82.3
	7.6

	Random Forest
	87.5
	86.1
	85.4
	85.7
	6.2

	CNN
	91.3
	90.5
	89.8
	90.1
	5.7

	CNN-LSTM
	93.8
	93.1
	92.6
	92.8
	4.1

	CADSM (Proposed)
	97.4
	96.9
	96.5
	96.7
	2.2



Table 3 presents the comparative sentiment classification performance of the proposed CADSM framework against conventional machine learning and deep learning models. The results show that the proposed CADSM model achieved the highest overall performance with 97.4% accuracy, 96.9% precision, 96.5% recall and a 96.7% F1-score while maintaining the lowest false positive rate of 2.2%. Conventional models such as SVM and Random Forest demonstrated lower classification capability due to limited contextual understanding of complex social media sentiments. Although CNN and CNN-LSTM models improved performance through deep feature extraction and sequential learning, the proposed CADSM framework further enhanced sentiment discrimination through adaptive semantic clustering and cluster-aware contextual feature augmentation. The reduction in the false positive rate confirms the effectiveness of the proposed framework in minimising sentiment misclassification and improving contextual intelligence in real-time public opinion monitoring environments.
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Figure 2: Accuracy Comparative Performance
Figure 2 presents the comparative accuracy performance of the evaluated sentiment classification models. The results indicate that the proposed CADSM framework achieved the highest classification accuracy of 97.4%, outperforming SVM, Random Forest, CNN and CNN-LSTM models. The gradual improvement in accuracy across the deep learning approaches demonstrates the effectiveness of advanced contextual learning techniques in sentiment analysis tasks. The superior performance of the proposed framework is attributed to adaptive semantic clustering, distributed preprocessing and cluster-aware contextual feature augmentation, which collectively enhanced semantic consistency and reduced sentiment ambiguity in real-time opinion streams. These findings indicate that the CADSM framework provides accurate and reliable sentiment prediction capability for large-scale public opinion monitoring environments.
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Figure 3: Precision Comparative Performance

Figure 3 presents the precision comparative performance of the evaluated sentiment classification models. The results show that the proposed CADSM framework achieved the highest precision value of 96.9%, outperforming SVM, Random Forest, CNN and CNN-LSTM models. The progressive increase in precision across the evaluated models demonstrates improved capability in correctly predicting sentiment classes while minimising incorrect classifications. The superior precision performance of the proposed framework is attributed to adaptive semantic clustering and cluster-aware contextual feature augmentation, which enhance semantic consistency and reduce sentiment ambiguity in noisy social media streams. These findings indicate that the CADSM framework provides reliable and accurate sentiment prediction performance for real-time public opinion analytics applications.
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Figure 4: Recall Comparative Performance
Figure 4 presents the recall comparative performance of the evaluated sentiment classification models. The results demonstrate that the proposed CADSM framework achieved the highest recall value of 96.5%, outperforming SVM, Random Forest, CNN and CNN-LSTM models. The increasing recall performance across the deep learning models indicates improved capability in correctly identifying sentiment classes from large-scale real-time opinion streams. The superior recall achieved by CADSM confirms the effectiveness of adaptive semantic clustering and cluster-aware contextual feature learning in capturing complex sentiment variations and reducing false negative classifications. These findings demonstrate that the proposed framework provides sensitive and reliable sentiment detection performance for dynamic social media analytics environments.
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Figure 5: F1-Score Comparative Performance
Figure 5 illustrates the F1-score comparative performance of the evaluated sentiment classification models. The results indicate that the proposed CADSM framework achieved the highest F1-score of 96.7%, outperforming SVM, Random Forest, CNN and CNN-LSTM models. The progressive improvement in the F1-score across the deep learning approaches demonstrates enhanced sentiment classification capability and contextual understanding. The performance of the proposed framework confirms its ability to maintain an effective balance between precision and recall, thereby minimising both false positive and false negative sentiment predictions. The findings validate the robustness, consistency and reliability of the CADSM framework for real-time public opinion monitoring and sentiment analytics in dynamic social media environments.
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Figure 6: False Positive Rate Comparative Performance
Figure 6 presents the false positive rate (FPR) comparative performance of the evaluated sentiment classification models. The results show that the proposed CADSM framework achieved the lowest false positive rate of 2.2%, outperforming SVM, Random Forest, CNN and CNN-LSTM models. The progressive reduction in false positive rates across the deep learning models demonstrates improved contextual understanding and sentiment discrimination capability. The performance of CADSM is attributed to adaptive semantic clustering and cluster-aware contextual feature augmentation, which effectively reduce sentiment ambiguity and minimise incorrect sentiment predictions in noisy social media environments. The findings indicate that the proposed framework provides more reliable and accurate real-time public opinion analytics with reduced false alarm generation.
3.3 Latency and Real-Time Processing Analysis
Real-time performance was evaluated by measuring inference latency across different streaming conditions.
Table 4: Real-Time Processing Latency
	Model
	Average Latency (s)

	SVM
	2.8

	Random Forest
	2.5

	CNN
	2.1

	CNN-LSTM
	1.9

	CADSM
	1.4


The proposed CADSM framework achieved the lowest average latency due to distributed preprocessing and semantic clustering optimisation. The reduction in latency confirms the effectiveness of MapReduce-inspired stream aggregation in minimising computational bottlenecks.
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Figure 7: Real-Time Processing Latency Comparison
Figure 7 presents the real-time processing latency comparison among different sentiment analysis models. The proposed CADSM framework achieved the lowest average latency of 1.4 seconds compared with SVM, Random Forest, CNN and CNN-LSTM models. The improved latency performance is attributed to the integration of distributed preprocessing and adaptive semantic clustering, which effectively reduced computational overhead and optimised real-time stream processing efficiency.
3.4 Scalability Analysis
Scalability experiments were conducted using increasing streaming data volumes.
Table 5: Scalability Performance under Increasing Stream Volumes
	Stream Volume
	Accuracy (%)
	Latency (s)
	Throughput (msgs/s)

	10,000
	97.4
	1.4
	7,500

	50,000
	97.1
	1.6
	7,200

	100,000
	96.8
	1.9
	6,950

	500,000
	96.2
	2.3
	6,500


Table 5 presents the scalability performance of the proposed CADSM framework under increasing real-time social media stream volumes. The results indicate that the framework maintained consistently high sentiment classification accuracy above 96% even as the stream volume increased from 10,000 to 500,000 messages. Although latency increased slightly with larger stream sizes, the response time remained within acceptable real-time analytics limits. Similarly, throughput experienced only a gradual reduction as data volume increased, demonstrating the effectiveness of the distributed preprocessing and semantic clustering mechanisms in minimising computational bottlenecks. The findings indicate that the proposed CADSM framework provides strong scalability, stable real-time processing capability and efficient stream analytics performance for large-scale public opinion monitoring environments.
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Figure 8: Scalability Analysis: Latency vs Stream Volume
Figure 8 presents the scalability analysis of the proposed CADSM framework in terms of latency under increasing stream volumes. The results indicate that latency increased gradually from 1.4 seconds to 2.3 seconds as the stream volume expanded from 10,000 to 500,000 opinion streams. Despite the increase in data volume, the framework maintained relatively low processing latency, demonstrating efficient real-time analytics capability and stable large-scale stream processing performance. The gradual latency variation confirms the effectiveness of distributed preprocessing and adaptive semantic clustering in minimising computational bottlenecks and maintaining scalable sentiment analysis performance in dynamic social media environments.
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Figure 9: Scalability Analysis: Accuracy vs Stream Volume
Figure 9 presents the scalability analysis of the proposed CADSM framework in terms of sentiment classification accuracy under increasing stream volumes. The results show that the framework maintained consistently high accuracy above 96% as the stream volume increased from 10,000 to 500,000 opinion streams. Although a slight reduction in accuracy was observed at larger stream sizes, the overall performance remained stable and reliable. The gradual accuracy variation demonstrates the effectiveness of adaptive semantic clustering, distributed preprocessing and cluster-aware contextual learning in preserving sentiment classification performance under large-scale real-time social media analytics conditions. These findings indicate the robustness and scalability of the proposed framework for high-volume opinion mining environments.
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Figure 10: Scalability Analysis: Throughput vs Stream Volume

Figure 10 presents the scalability analysis of the proposed CADSM framework in terms of throughput under increasing stream volumes. The results show that the framework maintained high message-processing throughput as the stream volume increased from 10,000 to 500,000 opinion streams. Although throughput decreased gradually from 7,500 msgs/s to 6,500 msgs/s at larger data scales, the framework consistently sustained efficient real-time processing performance. The stable throughput trend demonstrates the effectiveness of distributed preprocessing, adaptive semantic clustering and optimised stream analytics in reducing computational overhead and maintaining scalable sentiment mining capability. These findings indicate that the proposed CADSM framework is suitable for large-scale real-time public opinion monitoring environments with high streaming workloads.
3.5 Noise Robustness Evaluation
Social media environments contain noisy and ambiguous textual expressions, including slang, abbreviations, sarcasm, emojis and incomplete statements. Robustness evaluation was therefore performed under varying noise levels.

Table 6: Noise Robustness under Varying SNR Conditions
	SNR (dB)
	CNN Accuracy (%)
	CADSM Accuracy (%)

	20
	93.5
	98.1

	15
	91.4
	97.4

	10
	87.2
	95.6

	5
	81.8
	92.3


Table 6 presents the noise robustness evaluation of the proposed CADSM framework under varying Signal-to-Noise Ratio (SNR) conditions. The results demonstrate that the proposed framework consistently outperformed the conventional CNN model across all noise levels. At 20 dB SNR, CADSM achieved 98.1% accuracy compared with 93.5% for the standalone CNN model. Even under severe noisy conditions at 5 dB SNR, the proposed framework maintained an accuracy of 92.3%, whereas the CNN model dropped to 81.8%. The improved robustness is primarily attributed to adaptive semantic clustering and cluster-aware contextual feature augmentation, which enhance contextual consistency and reduce semantic ambiguity in noisy social media streams. These findings indicate that the proposed CADSM framework is resilient and suitable for real-time sentiment analysis in dynamic and noise-prone online environments.
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Figure 11: Noise Robustness under Varying SNR Conditions
Figure 11 presents the noise robustness analysis of the proposed CADSM framework under varying Signal-to-Noise Ratio (SNR) conditions. The results show that CADSM consistently outperformed the conventional CNN model across all noise levels, maintaining higher classification accuracy even under severe noisy conditions. At 5 dB SNR, the proposed framework achieved 92.3% accuracy compared with 81.8% for the standalone CNN model. This improvement demonstrates that adaptive semantic clustering and cluster-aware contextual augmentation enhanced robustness against noisy and ambiguous social media opinion streams.

3.6 Confusion Matrix Analysis
The confusion matrix presented in Figure 12 illustrates the classification capability of the proposed framework across sentiment categories.
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Figure 12: Confusion matrix of the proposed CADSM framework.
Figure 12 presents the blue-white confusion matrix of the proposed CADSM framework for multiclass sentiment classification. The matrix shows a strong concentration of correctly classified samples along the diagonal, indicating high prediction accuracy across positive, neutral and negative sentiment categories. The low number of off-diagonal misclassifications demonstrates that the proposed framework minimised false sentiment predictions and achieved strong contextual discrimination capability in real-time public opinion monitoring environments.


3.7 ROC Curve and AUC Analysis
Receiver Operating Characteristic (ROC) analysis was performed to evaluate the classification reliability of the proposed model.
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The proposed framework achieved an Area Under the Curve (AUC) score of 0.98, indicating strong classification reliability and robustness.
[image: ]
Figure 13: ROC curve analysis of the proposed CADSM framework.
Figure 13 presents the Receiver Operating Characteristic (ROC) curve analysis of the proposed CADSM framework. The ROC curve is positioned close to the top-left corner, indicating high true positive rates and low false positive rates across different classification thresholds. The framework achieved an Area Under the Curve (AUC) value of approximately 0.98, demonstrating strong classification reliability, robustness and sentiment discrimination capability for real-time public opinion monitoring applications.
3.8 Real-Time Visualisation Dashboard
A prototype real-time monitoring dashboard was developed to support sentiment visualisation and intelligent public opinion analytics within the proposed framework. The dashboard continuously displays real-time sentiment distribution across positive, negative and neutral opinion categories while also presenting trending topics and hashtags extracted from streaming social media data. In addition, the interface provides emotion intensity visualisation and dynamic public opinion timelines to enable continuous monitoring of sentiment evolution over time. The dashboard further incorporates automated alert notification mechanisms capable of identifying critical opinion shifts and abnormal sentiment trends for timely decision-making and response analysis.
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Figure 14: Prototype monitoring and visualisation dashboard for the proposed CADSM framework.

Figure 14 presents the prototype monitoring and visualisation dashboard developed for the proposed CADSM framework. The interface provides real-time sentiment analytics, semantic cluster visualisation, trend monitoring, topic analysis and system performance evaluation within a unified platform. The dashboard enables continuous monitoring of public opinion streams through interactive charts, live sentiment distribution, alert notifications and contextual topic tracking. In addition, the interface supports real-time decision-making by presenting sentiment trends, processing latency, throughput statistics and semantic cluster behaviour in an intuitive and user-friendly environment.

IV. DISCUSSION
The experimental evaluation demonstrated that the proposed Cluster-Aware Deep Sentiment Mining (CADSM) framework achieved superior performance compared with conventional machine learning and deep learning sentiment analysis models. The improved performance is primarily attributed to the integration of adaptive semantic clustering, distributed stream preprocessing, cluster-aware contextual augmentation and hybrid deep neural sentiment inference within a unified architecture.
One of the major strengths of the proposed framework lies in its ability to utilise clustering as a contextual intelligence mechanism rather than merely a preprocessing technique. By grouping semantically related opinion streams, the framework improved contextual consistency and reduced sentiment ambiguity commonly associated with noisy social media environments. The integration of cluster metadata, such as semantic density and medoid distance, further strengthened deep sentiment representation learning and enhanced classification reliability.
The distributed preprocessing mechanism also contributed significantly to scalability and real-time performance. MapReduce-inspired aggregation minimised redundant data transmission and reduced computational bottlenecks, thereby improving throughput and lowering inference latency. This optimisation enabled the framework to maintain stable performance even under increasing stream volumes and dynamic opinion environments.
Furthermore, the hybrid CNN-LSTM architecture effectively combined local semantic feature extraction with sequential contextual modelling, resulting in improved sentiment discrimination capability. The framework maintained strong robustness under varying Signal-to-Noise Ratio (SNR) conditions, confirming its suitability for noisy and rapidly evolving social media streams.
Overall, the findings confirm that integrating semantic clustering, distributed stream processing and deep contextual inference provides an efficient and scalable solution for intelligent real-time public opinion monitoring systems.

V. CONCLUSIONS
This study presented a Cluster-Aware Deep Sentiment Mining (CADSM) framework for real-time public opinion monitoring in large-scale social media environments. The proposed framework integrated adaptive semantic clustering, distributed stream preprocessing, cluster-aware contextual feature augmentation and hybrid CNN-LSTM sentiment inference within a unified architecture. The experimental results showed that CADSM achieved 97.4% accuracy, 96.9% precision, 96.5% recall and a 96.7% F1-score, while reducing the false positive rate to 2.2%. It also achieved an average latency of 1.4 seconds and maintained accuracy above 96% as stream volume increased from 10,000 to 500,000 messages. The noise robustness evaluation further showed that the framework retained 92.3% accuracy at 5 dB SNR and achieved an AUC value of 0.98. These outcomes indicate that semantic clustering can strengthen contextual consistency when it is integrated with distributed preprocessing and deep neural sentiment inference. The results also suggest that cluster-aware feature augmentation can reduce ambiguity in noisy opinion streams without compromising real-time processing requirements. Overall, the proposed CADSM framework provides a scalable and context-aware approach for sentiment classification and public opinion monitoring. The findings support further investigation of distributed, multilingual and explainable extensions for practical monitoring systems, particularly where high-volume online discussions require timely and interpretable sentiment assessment.



Limitations of the Study
This study has several limitations. The evaluation relied on social media and online comment datasets collected from X (formerly Twitter), Reddit, discussion forums and news comment platforms; therefore, the results may not represent all demographic groups, linguistic communities or domain-specific communication contexts. Although multilingual data were included, the framework was not separately evaluated for each language or dialect. The performance of CADSM also depends on the quality of semantic embeddings, preprocessing decisions, cluster configuration and hyperparameter tuning. In addition, the experiments were conducted in GPU-enabled computing environments, and deployment on low-resource or edge devices may produce different latency and throughput outcomes. The robustness analysis considered noisy conditions using SNR variation, but it did not fully examine adversarial text, coordinated manipulation, sarcasm-heavy content or rapidly shifting platform-specific slang. Finally, the visualisation dashboard was implemented as a prototype, and its usability, interpretability and operational performance require further validation in real-world monitoring settings.
VI. FUTURE WORK
Future research will focus on extending the proposed CADSM framework towards more advanced distributed intelligence and real-world deployment scenarios. Further studies will investigate lightweight edge-deployable deep learning models suitable for mobile and low-resource environments. The integration of federated learning techniques will also be explored to enable privacy-preserving distributed sentiment intelligence across multiple platforms and regions.
In addition, future work will involve multilingual and cross-domain sentiment adaptation to improve contextual understanding across diverse linguistic environments. Advanced sarcasm detection and emotion-aware contextual modelling techniques will also be incorporated to strengthen semantic interpretation capability. Furthermore, explainable artificial intelligence (XAI) mechanisms will be investigated to improve the transparency and interpretability of sentiment predictions.
Finally, future improvements will include integration with real-time streaming infrastructures, cloud-edge collaborative analytics, and blockchain-secured distributed communication frameworks for secure and scalable public opinion monitoring applications.


COMPETING INTERESTS:
Authors have declared that they have no known competing financial interests OR non-financial interests OR personal relationships that could have appeared to influence the work reported in this paper.







[bookmark: _Hlk198031404]Disclaimer (Artificial intelligence)

Author(s) hereby declare that NO generative AI technologies such as Large Language Models (ChatGPT, COPILOT, etc.) and text-to-image generators have been used during the writing or editing of this manuscript. 








References
Anitha, J., Ting, I. H., Agnes, S. A., Pandian, S. I. A., & Belfin, R. V. (2020). Social media data analytics using feature engineering. In Systems simulation and modelling for cloud computing and big data applications (pp. 29–59). Academic Press. https://doi.org/10.1016/B978-0-12-819779-0.00003-4
Balboa, A., Cuesta, A., González-Villa, J., Ortiz, G., & Alvear, D. (2024). Logistic regression vs. machine learning to predict evacuation decisions in fire alarm situations. Safety Science, 174, Article 106485. https://doi.org/10.1016/j.ssci.2024.106485
Bikku, T., Jarugula, J., Kongala, L., Tummala, N. D., & Donthiboina, N. V. (2023, June). Exploring the effectiveness of BERT for sentiment analysis on large-scale social media data. In 2023 3rd International Conference on Intelligent Technologies (CONIT) (pp. 1–4). IEEE. https://doi.org/10.1109/CONIT59222.2023.10205600
Dang, N. C., Moreno-García, M. N., & De la Prieta, F. (2020). Sentiment analysis based on deep learning: A comparative study. Electronics, 9(3), Article 483. https://doi.org/10.3390/electronics9030483
Faye, D., Lguensat, R., Kaly, F., Sudmant, A., Gaye, A. T., & Kalisa, E. (2025). Machine learning for air quality forecasting: Insights from five provinces of Rwanda. Scientific African, 30, Article e02959. https://doi.org/10.1016/j.sciaf.2025.e02959
González-Pizarro, C., & Carenini, G. (2024). Neural multimodal topic modeling: A comprehensive evaluation. arXiv. https://doi.org/10.48550/arXiv.2403.17308
Hajiali, M. (2020). Big data and sentiment analysis: A comprehensive and systematic literature review. Concurrency and Computation: Practice and Experience, 32(14), Article e5671. https://doi.org/10.1002/cpe.5671
He, L., Omranian, S., McRoy, S., & Zheng, K. (2025). Using large language models for sentiment analysis of health-related social media data: Empirical evaluation and practical tips. AMIA Annual Symposium Proceedings, 2024, 503–512. https://escholarship.org/uc/item/0nt052sm
Islam, M. S., Kabir, M. N., Ghani, N. A., Zamli, K. Z., Zulkifli, N. S. A., Rahman, M. M., & Moni, M. A. (2024). Challenges and future in deep learning for sentiment analysis: A comprehensive review and a proposed novel hybrid approach. Artificial Intelligence Review, 57(3), Article 62. https://doi.org/10.1007/s10462-023-10651-9
Kaushik, C., & Mishra, A. (2014). A scalable, lexicon-based technique for sentiment analysis. arXiv. https://doi.org/10.48550/arXiv.1410.2265
Khoo, C. S., & Johnkhan, S. B. (2018). Lexicon-based sentiment analysis: Comparative evaluation of six sentiment lexicons. Journal of Information Science, 44(4), 491–511. https://doi.org/10.1177/0165551517703514
Liu, B. (2012). Sentiment analysis and opinion mining. Synthesis Lectures on Human Language Technologies, 5(1), 1–167. https://doi.org/10.2200/S00416ED1V01Y201204HLT016
Luo, G., Arshad, M. A., & Luo, G. (2025). Decision trees for strategic choice of augmenting management intuition with machine learning. Symmetry, 17(7), Article 976. https://doi.org/10.3390/sym17070976
Mao, Y., Liu, Q., & Zhang, Y. (2024). Sentiment analysis methods, applications, and challenges: A systematic literature review. Journal of King Saud University - Computer and Information Sciences, 36(4), Article 102048. https://doi.org/10.1016/j.jksuci.2024.102048
Méndez, M., Merayo, M. G., & Núñez, M. (2023). Machine learning algorithms to forecast air quality: A survey. Artificial Intelligence Review, 56(9), 10031–10066. https://doi.org/10.1007/s10462-023-10424-4
Mujtaba, M. A., Munir, M. A., Ali, S., Petrů, J., Ansar, T., Akhlaq, W., Ahmad, M., Iqbal, H., Ali, F., Bashir, M. N., & Alexander, T. (2025). Using machine learning for air quality prediction and sustainable urban planning. Sustainable Futures, 10, Article 100981. https://doi.org/10.1016/j.sftr.2025.100981
Nakhjiri, A., & Kakroodi, A. A. (2024). Air pollution in industrial clusters: A comprehensive analysis and prediction using multi-source data. Ecological Informatics, 80, Article 102504. https://doi.org/10.1016/j.ecoinf.2024.102504
Nandwani, P., & Verma, R. (2021). A review on sentiment analysis and emotion detection from text. Social Network Analysis and Mining, 11(1), Article 81. https://doi.org/10.1007/s13278-021-00776-6
Natarajan, S. K., Shanmurthy, P., Arockiam, D., Balusamy, B., & Selvarajan, S. (2024). Optimized machine learning model for air quality index prediction in major cities in India. Scientific Reports, 14(1), Article 6795. https://doi.org/10.1038/s41598-024-54807-1
Olawade, D. B., Wada, O. Z., Ige, A. O., Egbewole, B. I., Olojo, A., & Oladapo, B. I. (2024). Artificial intelligence in environmental monitoring: Advancements, challenges, and future directions. Hygiene and Environmental Health Advances, 12, Article 100114. https://doi.org/10.1016/j.heha.2024.100114
Raiaan, M. A. K., Sakib, S., Fahad, N. M., Mamun, A. A., Rahman, M. A., Shatabda, S., & Mukta, M. S. H. (2024). A systematic review of hyperparameter optimization techniques in convolutional neural networks. Decision Analytics Journal, 11, Article 100470. https://doi.org/10.1016/j.dajour.2024.100470
Raghunathan, N., & Saravanakumar, K. (2023). Challenges and issues in sentiment analysis: A comprehensive survey. IEEE Access, 11, 69626–69642. https://doi.org/10.1109/ACCESS.2023.3293041
Rahnama, A. H. A. (2014, November). Distributed real-time sentiment analysis for big data social streams. In 2014 International Conference on Control, Decision and Information Technologies (CoDIT) (pp. 789–794). IEEE. https://doi.org/10.1109/CODIT.2014.6996998
Tan, K. L., Lee, C. P., & Lim, K. M. (2023). A survey of sentiment analysis: Approaches, datasets, and future research. Applied Sciences, 13(7), Article 4550. https://doi.org/10.3390/app13074550
Xie, J., Sun, L., & Zhao, Y. F. (2025). On the data quality and imbalance in machine learning-based design and manufacturing—A systematic review. Engineering, 45, 105–131. https://doi.org/10.1016/j.eng.2024.04.024
Xiong, G., Yan, K., & Zhou, X. (2022). A distributed learning based sentiment analysis methods with Web applications. World Wide Web, 25(5), 1905–1922. https://doi.org/10.1007/s11280-021-00994-0
Xu, Q. A., Chang, V., & Jayne, C. (2022). A systematic review of social media-based sentiment analysis: Emerging trends and challenges. Decision Analytics Journal, 3, Article 100073. https://doi.org/10.1016/j.dajour.2022.100073
Yue, L., Chen, W., Li, X., Zuo, W., & Yin, M. (2019). A survey of sentiment analysis in social media. Knowledge and Information Systems, 60(2), 617–663. https://doi.org/10.1007/s10115-018-1236-4
Zachlod, C., Samuel, O., Ochsner, A., & Werthmüller, S. (2022). Analytics of social media data—State of characteristics and application. Journal of Business Research, 144, 1064–1076. https://doi.org/10.1016/j.jbusres.2022.02.016
Zhang, L., Liu, J., & Yan, Q. (2023). Graph2topic: An opensource topic modeling framework based on sentence embedding and community detection. arXiv. https://doi.org/10.48550/arXiv.2304.06653
Zhang, L., Wang, S., & Liu, B. (2018). Deep learning for sentiment analysis: A survey. WIREs Data Mining and Knowledge Discovery, 8(4), Article e1253. https://doi.org/10.1002/widm.1253



image3.png
where:

« S denotes the opinion stream dataset,

* s; represents an individual opinion sample.




image4.png
X = {z1,22,23,..., 25}




image5.png
L
T =Y min e —

i=1




image6.png
where:

* my, denotes cluster medoids,

|1 represents Manhattan-distance similarity.




image7.png
Ny
= > d(@i,ma)

i=1

where:

o pj = cluster density,
o N}, = number of samples within cluster k,

o d(z;, my) = semantic distance from medoid.

Dense clusters improve contextual learning and reduce sentiment ambiguity.




image8.png
Map(s;) — (keyi, feature;)




image9.png
Reduce(Cy) = Z f(si)

i€Cy




image10.png
where:

o C}, = semantic cluster,

o f(s;) = sentiment feature representation.




image11.png
O(Nd)

O(kd), k<N




image12.png
F; = [i | Cia | Diedoia | pr]




image13.png
o Cjq = semantic cluster identifier,
* Dipedoiq = distance to cluster medoid,

o py, = cluster density metric.




image14.png
Xe RTXF




image15.png
Y(i,5) = ZX(z+m,]+n)W(m n)+b




image16.png
hy = LSTM (x4, hy 1)




image17.png




image18.png
L=-Y ylog(y)




image19.png
me

\/17e+e

-n
Op1 =06,




image20.png
Input: Opinion embeddings X, cluster count &

Output: Semantic clusters
1. Initialize k medoids randomly from the embedding space.
2. Compute semartic similarity using Manhattan distance:

Dizim;) =Y lai — mj

3. Assign each opinion vector to the nearest medoid.

4. Update medoids by minimizing intra-cluster distance.

5. Repeat clustering until convergence is achieved.

6. Dynamically reconfigure clusters as new opinion streams arrive.




image21.png
Algorithm 2: Distributed Sentiment Preprocessing

Input: Streaming opinion data
Output: Aggregated sentiment descriptors

1. perform local text preprocessing and feature extraction.
2. Extract sentiment polarity, keywords, emajis, and engagement features.
3. Apply Map-based distributed preprocessing:

Map(s:) > (keys, fi)

4. Aggregate intermediate outputs at semantic dluster processors:

Reduce(C) =Y /i

iG

5. Remove redundant features and generate summarized sentiment descriptors.
6. Forward aggregated features to the deep sentiment inference module for classification.




image22.png
Input: Cluster-aware sentiment feature vectors
Output: Sentiment classification

1

Apply convolutional semantic feature extraction:

F, = ONN(X)
Perform sequential context learning using LSTM:
H, = LSTM(F,)

Compute Softmax sentiment probabilities:

Classify sentiment polarity as:
Positive

Negative
Neutral
Generate real-time public opinion analytics and sentiment visualization.




image23.png
D ={P,N,U}




image24.png
TP + TN
TP +TN + FP + FN
TP
TP + FP
TP
TP + FN
Flo 2 x Precision x Recall
Precision + Recall

Accuracy =

Precision =

Recall =




image25.png
Accuracy Comparison

2
>
9
e
E
I+
<

Random Forest CNN CNN-LSTM
Models





image26.png
Precision Comparison

Random Forest CNN-LSTM





image27.png
Recall Comparison

Random Forest CNN
Models





image28.png
F1-Score Comparison

g
¢
g
4





image29.png
FPR (%)

IS

False Positive Rate Comparison

Random Forest CNN-LSTM
Models




image30.png
Average Latency (s)

2.5

~
o

-
o

-
o

0.5

0.0

Real-Time Processing Latency Comparison

Random Forest CNN CNN-LSTM
Models




image31.png
Latency (s)

22

20

18

1.6

14

Scalability Analysis: Latency vs Stream Volume

100000 200000 300000 400000
Stream Volume

500000





image32.png
Accuracy (%)

97.4

97.2

g

©
o
®

©
&
o

96.4

9.2

Scalability Analysis: Accuracy vs Stream Volume

100000 200000 300000 400000
Stream Volume

500000





image33.png
Throughput (msgs/s)

7400

7200

7000

6800

6600

Scalability Analysis: Throughput vs Stream Volume

100000 200000 300000 400000
Stream Volume

500000





image34.png
Accuracy (%)

98

96

9

92

90

88

86

84

82

Noise Robustness under Varying SNR Conditions

—e— CNN Accuracy (%)
—#- CADSM Accuracy (%)

20

18

16

14

12
SNR (dB)

10





image35.png
True Label

Positive

Neutral

Negative

Confusion Matrix of the Proposed CADSM Framework.

Positive

Neutral
Predicted Label

Negative

1000

800

600

400

200

unos vonesyssery




image36.png
1
AUC = | TPR(FPR)d(FPR)
0




image37.png
True Positive Rate

1.0

0.8

g
>

o
S

0.2

0.0

ROC Curve Analysis of the Proposed CADSM Framework

—— CADSM ROC Curve (AUC = 0.98)
-~~~ Random Classifier

0.2

0.4 0.6
False Positive Rate

0.8 1.0





image38.png
CADSM

Cluster-Avare & Adaptive
Deap Semantc Moritoring

Real-time Stream

Sentiment Analysis

¥ © O

Cluster Visualization

Topic Modeling

R Q

Trends & Insights

Alerts & Events.

Reports

System Health

& B8 ® D

Settings

Framawork: CADSM

@ AdptveSemaicClstig

@ st swars Gt At
L ——

@ Rt Cseston

© 2025 CADSM Framework

Total Posts Analyzed Posiive
128,735 52,614 @wos)

1 12.6% vs yesterday. A AN

Real-time Sentiment Distribution

Real-time Public Opinion Monitoring Dashboard

Inteligent sentiment analyss of social media streams using CADSM framework

Neutral

41,258 (20%)

A\ N

© Positve @ Newral ® Negative

Positve
S2616(@08%) g

= Smam M
00
L AN NN

- Negatie
uBIELIN O
10007M 200AM

Cluster Visualization (t-SNE) Top Topics
Clstrt
Cluster2
Clster3
Clsters
Clsters
Clsters
Cluster?
Custers

8 semantic clsters detected from opinion sireams.

ostens Positve Grest itive b the goverrmenton

-
(Sample Posts) wm‘« e g

600AM

1000AM 200PM  600PM

Topic
@ Economy
® Heatheare
® Educaton
® Enironment
® poltics

® Technology
® Others

Montions
18,642 (145%)
15893 (124%)
13776 (107%)
11,662(90%)
10985 85%)
9532 (14%)
46265 (36.0%)

The new educationplicy hassome

00 ponts andsome concens.

© SystemStatsONUNE ) May24,2025 | 104530 AM

Negative

34,863 @7.1%)

AN N

Sentiment Trend Over Time

100%
0%
ox
o
2%
o

B Lszbous v
Detected Clusters A Modlhcarncy
b 8 © 97.42%
Activesemantic clusters CADSM Performance
Last 2 Hows
© positie ® Neural @ Negative

T TN

N i P N
e A N

1000PM  200AM

1 Recent Alerts

Viewal

Nogativesentiment spke detected
Topic: Healthcare
10:424M + Severty:High

Emorging Topic Detected
Topic: Education Reform

1035 AM + Seveity: Medium
Cluster DrftDetected
Cluster 3 shows istributon shift
1028 AM + Severty: Low
lalets

Negative | Healtcar service re getting

wrse i sl rea.Need attnt

s00aM

L kL

Posiive

000PM  2000M 6007
System Performance
Processing Thoughput 2354 postsec
68U Utzation %
Memry Usage %
Model Latency 120ms

Impressed wit thestartp ecosystem  Viewall posts
nd mncvationinour cuntry.




image1.png
1. DATA ACQUISITION 2. ADAPTIVE SEMANTIC 3. DISTRIBUTED STREAM 4. CLUSTER-AWARE FEATURE 5. DEEP SENTIMENT
CLUSTERING PROCESSING AUGMENTATION INFERENCE

% e Contetun Embeding Map Phase (Lol Pocessing Festure Consruction Hybrid CNN-LSTM Model
Resitime [ I=I"] Vo1 waer2  wemern

EEE ﬂr;—_ = o= -
I . =0 G

;
f i
=3 = JE=3 Q* e
l l l Insights

s
-
—

e Key o s o

== N =

s - o e

: = =

B e l oo [T o] i

; ] [ el e
SEE e e-w ) 0 w0t

=

e ! ! -1 { @
= e i e m
« URL& Menton Fiering :m‘:ﬁm "“:’“’ SV [ Gomt Sentiment Probabilies { J

o6 m
+ Emli Nermalizacon + Distanc to Medoid

e (ne.e ow . . .
+ Stemming/ Lommatizton + Chster Densty
« Topic  Theme Labe Negaie

& nm.n | w Fosive et

L ' t ' B t

Model / Cluster Update & Feedback Loop

Fig. 2. Proposed Cluster-Aware Deep Sentiment Mining (CADSM) architeeture for real-ime public opinion monitoring.




image2.png
S ={s1,82,83,..., 8}




