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1. INTRODUCTION

Social media platforms have become indispensable channels for real-time information dissemination
in the contemporary digital ecosystem. Among these platforms, Twitter stands out due to its massive user
base, rapid information propagation, and role as a primary medium for reporting unfolding events. During
critical situations such as natural disasters, social movements, public safety incidents, and public health
emergencies, Twitter users frequently act as on-the-ground sensors, sharing firsthand observations, needs,
and situational updates in real time. This continuous stream of user-generated content provides a valuable
opportunity for extracting situational awareness and actionable intelligence that can support timely decision-
making by governments, emergency responders, humanitarian organizations, and healthcare authorities [1]-[4].
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Actionable knowledge refers to information that can be directly utilized to guide operational or
strategic decisions. In crisis scenarios, examples include identifying tweets that report infrastructure damage,
requests for medical assistance, shortages of essential supplies, or individuals trapped in hazardous
conditions. When effectively extracted and structured, such information can significantly enhance response
coordination, resource allocation, and situational prioritization. However, despite its potential value, mining
actionable knowledge from Twitter data remains a challenging and non-trivial task due to the intrinsic
characteristics of social media text and the dynamic nature of online discourse [5]-[7].

One of the foremost challenges is the volume and velocity of data. Billions of tweets are generated
daily, often in short bursts during major events, creating highly dynamic, and large-scale data streams.
Processing such data in real time requires scalable architectures capable of handling high throughput without
compromising analytical accuracy. Traditional batch-oriented or computationally intensive models struggle
to operate efficiently under these conditions, limiting their practical applicability in time-sensitive scenarios.
In modern smart-city and disaster-monitoring infrastructures, Twitter streams are increasingly integrated with
internet of things (10T) ecosystems, where social media feeds complement physical sensor data to enhance
situational awareness. However, transmitting high-velocity textual streams to centralized cloud servers
introduces latency, bandwidth overhead, and privacy concerns. Consequently, there is a growing need to
enable real-time inference at the edge, using embedded and resource-constrained platforms. Deploying deep
learning models in such environments requires careful consideration of memory footprint, computational
complexity, power consumption, and hardware parallelization capabilities. These constraints necessitate
hardware-aware model design to ensure compatibility with embedded processors, system-on-chip (SoC)
architectures, and reconfigurable computing platforms.

Another major challenge lies in the noise and uncertainty inherent in Twitter data. Tweets are
typically informal, containing slang, abbreviations, misspellings, emojis, and inconsistent grammatical
structures. Additionally, social media platforms are rife with spam, misinformation, rumors, and subjective
opinions, which further obscure meaningful signals. Linguistic ambiguity, sarcasm, and implicit references
often make it difficult to accurately infer user intent or the true semantic meaning of a message. These factors
collectively degrade the performance of conventional natural language processing (NLP) and sentiment
analysis techniques, particularly those that rely on surface-level features or static representations [8]-[12].

To address these challenges, this paper proposes a scalable hybrid deep learning framework
(SHDLF) for actionable knowledge extraction from Twitter data. The proposed framework introduces a
novel hierarchical hybridization strategy that enables parallel learning of complementary semantic, syntactic,
and temporal features. Transformer-based embeddings are employed for rich contextual representation, while
sequential and local feature extractors operate in parallel to capture both global dependencies and fine-
grained patterns. This design mitigates the limitations of single-model architectures and enhances
representational robustness across diverse tweet lengths and content types. Beyond predictive accuracy, the
architectural design of SHDLF emphasizes modularity and parallel feature extraction, making it amenable to
hardware-level optimization. The parallel convolutional neural network (CNN) and sequential modeling
branches can be independently instantiated or reconfigured depending on available computational resources,
facilitating deployment on field-programmable gate array (FPGA)-based accelerators, heterogeneous SoC
platforms, or edge artificial intelligence (Al) devices. Such structural flexibility supports scalable inference
under varying latency and resource constraints, thereby aligning the proposed framework with the
requirements of reconfigurable and embedded intelligent systems for real-time social signal analytics.

The novelty of the proposed SHDLF framework lies in several key aspects. First, the hybrid
architecture synergistically integrates transformer-based contextual embeddings with bidirectional long short-
term memory (BiLSTM)-based sequential modeling, enabling the simultaneous capture of long-range
semantic dependencies and temporal patterns in short, noisy social media texts. Second, the attention-driven
feature fusion mechanism selectively emphasizes action-oriented tokens, improving detection of critical and
sentiment-relevant content. Third, the framework incorporates uncertainty modeling to handle noisy,
ambiguous, or incomplete data, which is often present in real-time Twitter streams. Fourth, the hierarchical
and modular design allows scalable training and inference on large datasets, with potential deployment on
resource-constrained embedded or loT platforms. Finally, the proposed end-to-end pipeline—from data
preprocessing to classification—offers a unified, reproducible approach that combines semantic, syntactic,
and temporal feature learning, setting it apart from existing NLP and hybrid deep learning models.

2. LITERATURE REVIEW

Early Twitter mining studies predominantly relied on shallow machine learning models such as
support vector machines, Naive Bayes, and random forests, which required extensive manual feature
engineering and exhibited limited robustness to noise, semantic ambiguity, and large-scale data streams [1]-
[4]. These approaches were largely ineffective in capturing contextual semantics and evolving language
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patterns, restricting their applicability to small or static datasets [5]-[7]. The advent of deep learning marked
a significant advancement, with CNNs, recurrent neural networks (RNNSs), long short-term memories
(LSTMs), and BILSTMs enabling automated feature learning and improved sentiment classification
accuracy, typically ranging between 88% and 92% [8]-[11]. Nevertheless, these models remained domain-
dependent, computationally intensive, and insufficiently equipped to address uncertainty and concept drift in
social media text [8], [11], [12]. To overcome individual model limitations, hybrid deep learning
architectures combining CNNs with LSTM or BIiLSTM were proposed to jointly capture local lexical
patterns and long-range dependencies, achieving accuracy improvements up to 92% [9], [10], [13]-[15].
Despite these gains, most hybrid models were tailored to specific domains such as healthcare or coronavirus
disease 2019 (COVID-19) analysis, lacked scalability evaluations for continuous Twitter streams, ignored
uncertainty modeling, and rarely translated predictions into actionable insights [10], [12], [16]-[18]. Parallel
efforts focused on scalability through distributed and Hadoop-based deep learning frameworks demonstrated
improved processing capacity for large tweet volumes but were limited to single-task classification and did
not adequately address semantic noise or opinion dynamics [19]-[23]. Although generic scalable deep
learning models for high-dimensional data analytics have been proposed, they were not explicitly designed
for Twitter-specific challenges such as linguistic ambiguity, brevity, and temporal semantic shifts [24]-[28].
Addressing uncertainty, a limited set of studies explored fuzzy logic integration, uncertain knowledge graphs,
and human-in-the-loop approaches, which improved interpretability but suffered from weak automation, poor
scalability, or lack of integration with sentiment and opinion mining. More recent research extended Twitter
analytics beyond sentiment to tasks such as emotion detection, behavior analysis, event identification, and
fake news detection, achieving high task-specific accuracy, particularly with transformer-based models.
However, these approaches typically operated in isolation, avoided multitask learning, and failed to integrate
sentiment, topic relevance, ambiguity, and trustworthiness into unified, decision-support—oriented knowledge
extraction frameworks.

2.1. Research gaps

Despite notable progress, several research gaps remain. Existing models inadequately balance
scalability and semantic intelligence for large, continuous Twitter streams. Hybrid architectures are often
domain-specific and lack generalization. Uncertainty modeling is rarely integrated deeply with sentiment and
opinion mining. Most approaches treat sentiment, topic detection, misinformation, and trust analysis as
isolated tasks, limiting actionable insight generation. Furthermore, predictions are seldom transformed into
operationally meaningful knowledge for real-time decision-making and evaluations are commonly conducted
on static datasets, neglecting concept drift and evolving language. These limitations motivate the proposed
SHDLEF as a scalable, uncertainty-aware, multitask framework for actionable Twitter analytics.

3. METHOD

This section presents the proposed SHDLF for robust and actionable sentiment and opinion mining
from Twitter data. The framework is designed to jointly address the challenges of semantic ambiguity, noise,
scalability, and context sparsity that are inherent in short social media texts. Figure 1 illustrates the overall
workflow of the proposed SHDLF model, highlighting the end-to-end pipeline from raw tweet ingestion to final
sentiment classification. As shown in Figure 1, SHDLF integrates transformer-based contextual representation
learning with sequential modeling and attention-driven feature fusion, enabling effective extraction of both local
and global semantic patterns while maintaining scalability for large-scale Twitter streams.

Scalable Hybrid Deep Learning Framework (SHDLF)
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The processing pipeline begins with tweet preprocessing and tokenization, followed by contextual
embedding generation using a transformer encoder. These embeddings are then passed to a BiLSTM layer to
model bidirectional sequential dependencies. An attention mechanism is applied to emphasize semantically
and action-oriented tokens, and the aggregated tweet representation is finally classified using a SoftMax-
based output layer. This hierarchical and modular design allows SHDLF to remain computationally efficient
while achieving superior representational power compared to standalone deep learning architectures.

3.1. Model architecture
The SHDLF architecture consists of four major components, each contributing to a specific aspect
of semantic understanding and robustness:

3.1.1. Tokenization and preprocessing

Raw tweets are first cleaned and normalized through standard preprocessing steps, including
tokenization, lowercasing, removal of uniform resource locators (URLs), mentions, hashtags, emojis (if
required), and other noisy artifacts. Sub-word tokenization is employed to handle out-of-vocabulary terms
and informal language commonly observed in Twitter data. This step ensures consistency and reduces
linguistic sparsity.

3.1.2. Transformer-based contextual embedding layer

The preprocessed tokens are mapped into dense, contextualized embeddings using a transformer
encoder. Unlike static word embeddings, transformer representations dynamically encode each token based
on its surrounding context through self-attention mechanisms. This allows the model to capture long-range
dependencies, semantic nuances, and contextual shifts within short tweets, which are critical for accurate
sentiment and opinion interpretation.

3.1.3. Bidirectional long short-term memory-based sequential modeling layer

To further model temporal and sequential dependencies, the contextual embeddings are processed
by a BiLSTM network. The forward LSTM captures dependencies from past tokens, while the backward
LSTM captures dependencies from future tokens. By concatenating the hidden states from both directions,
the BILSTM produces enriched token-level representations that preserve sentiment flow and contextual
coherence across the tweet.

3.1.4. Attention-based feature fusion and classification

An attention mechanism is applied over the BIiLSTM outputs to assign higher importance to
sentiment-bearing and action-triggering tokens. This enables the model to selectively focus on informative
words while suppressing noise. The resulting weighted representation is aggregated into a fixed-length tweet
vector, which is then passed to a fully connected layer followed by a SoftMax classifier to predict sentiment
classes (positive, negative, or neutral).

3.2. Mathematical formulation

We represent a tweet as an ordered sequence of n tokens, each w; which is a word or sub-word unit
obtained through preprocessing (tokenization and normalization). The sequence form keeps the word order
necessary for the contextual understanding.

T = {wy, wy, ws, ...,w, }

The transformer encoder maps the token sequence to contextualized embeddings. Each token is
represented as a d d-dimensional vector that uses self-attention to model local and global contextual
information. These representations will be different dynamically depending on the surrounding tokens in the
tweet, unlike static embeddings.

E = Transformer(T),E € R™¢

The context embeddings are processed in both the forward and backward passes by the BiLSTM.
Though the backward LSTM is capturing the context of the future part of the text, the forward LSTM is
capturing the context of the past part based on the previous words. A better semantic representation of the
word is enabled by concatenating the hidden states of the LSTMs, which is significantly informative in the
context of capturing the tweet text's sentiment flow.

h = LSTM;(E) , hy, = LSTMy (E,), hy = (e hy)
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Attention mechanism: every word representation is ascribed a weight of importance, a,, by the
attention mechanism. The trainability of context vector u is endowed with the capacity to focus on words of
semantic importance, such as phrases conveying opinion. The sum of all attention values is one due to the
application of the SoftMax function.

_exp(hiw)
©Xk exp(h{w)

Aggregation of tweet-level features: a fixed-length representation for a tweet is generated by
calculating the weighted sum of hidden states at the token level. The model focuses more on certain tokens
with higher attention weights, effectively ignoring noise tokens and focusing on significant tokens for
sentiments or opinions.

n
v = Z a ht
t=1

Classification using SoftMax layer: a fully linked layer is applied next to the overall tweet vector.
This is followed by a SoftMax layer. This produces a probability distribution for the C target classes—
positive, negative, and neutral—over the overall tweet vector.

y = softmax(W, + b)

Optimizing models with categorical cross-entropy loss: categorical cross-entropy can be used to
measure a difference between an actual label distribution y and an expected probability y. By reducing this
loss, classification accuracy increases, as higher odds are given to the correct class by the model.

c
L==) yilog®)
i=

This approach makes an effective twitter representation for optimized utilizing cross-entropy loss in
optimal classification by integrating context-aware transformer feature embeddings, modelled BiLSTM
sequences for capturing dependency, and attention mechanism for weighting the features. The complete
SHDLF training pipeline is presented in Algorithm 1.

Algorithm 1. SHDLF training procedure

Input: Twitter dataset D = {(T;, y;)}",

Output: Trained SHDLF model M

— Tweet preprocessing by tokenization, normalization, and removing noisy data,
— Create contextual embeddings using the transformer encoder,

— Using BiLSTM, extract sequence features,

— Calculate the aggregated representation and attention weights,

— Categorize and determine loss,

— To update the parameters, use the Adam optimizer,

— Repeat steps 2—7 until convergence criteria are satisfied..

3.3. Analysis of computational complexity

Let d be the embedding dimension, h be the hidden size, k be the number of CNN filters, and n be
the length of the tweet:

— Transformer embedding: 0(n2d) (self-attention),
— BILSTM layer: 0(nh?),

— CNN feature extraction: 0 (knd),

— Attention mechanism: 0 (nh).

Each tweet's total time complexity is: 0(n?d + nh? + knd). SHDLF is appropriate for real-time
and batch-level large-scale Twitter analytics since fine-tuning is done on shortened tweet lengths despite the
quadratic Transformer cost.

From a hardware deployment perspective, the modular structure of SHDLF enables partial
parallelization and resource-aware mapping onto embedded and reconfigurable platforms. The transformer
embedding stage can be executed using optimized matrix-multiplication accelerators, while the BiLSTM and
attention modules can be pipelined to reduce latency. Since tweets are short (typically n<50), the quadratic
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self-attention complexity remains bounded and feasible for edge inference. Furthermore, the separation of
contextual embedding and sequential modeling layers allows flexible deployment strategies, including edge-
cloud partitioning, FPGA-based acceleration of convolutional or attention components, and low-power SoC
execution for real-time loT-integrated situational monitoring systems.

4. RESULT AND DISCUSSION

The datasets employed in the experiments are the standard benchmark datasets for the task of
detecting the sentiment of Twitter. Accuracy, precision, recall, and F1-score are the metrics employed in the
experiments to evaluate the performance of the models. CNN, BiLSTM, BERT, and CNN. For each
evaluation metric, the proposed SHDLF model performs comparatively better than the transformer-based
baselines, simple deep learning, and traditional machine learning methods. Most noticeably, SHDLF
improves over fine-tuned BERT by a margin of 1-2% absolute F1-score, implying that simply using
contextual embeddings fails to encode the required semantics associated with actionability on their own.
SHDLF outperforms CNN-BIiLSTM combinations in terms of recall, which is an important requirement for
crisis and emergency response systems, and proves its effectiveness in overcoming false negatives. Table 1
presents a comparative performance analysis of classical, deep learning, and transformer-based models on the
CrisisLexT26 dataset. Figure 2 illustrates the confusion matrix of the proposed SHDLF model, showing a
strong concentration of predictions along the diagonal. This indicates high classification accuracy with
minimal misclassification across sentiment classes, confirming the robustness and stability of the model in
handling class-level variations within the dataset.

Figure 3 depicts the receiver operating characteristic (ROC) curve for the SHDLF model, achieving
an area under the curve (AUC) of 0.96. The high AUC value reflects excellent discriminative capability and
indicates that the model effectively distinguishes between positive and negative classes across different
decision thresholds, further validating its reliability for crisis sentiment analysis.

Table 1. Various models performance comparison on CrisisLexT26 dataset

Model Accuracy  Precision  Recall Fl-score
SVM 0.812 0.809 0.812 0.81
CNN 0.856 0.855 0.856 0.855
BiLSTM 0.871 0.87 0.871 0.87
CNN-BIiLSTM 0.884 0.885 0.884 0.884
BERT 0.915 0.916 0.915 0.915
SHDLF (ours) 0.929 0.928 0.929 0.928
Confusion Matrix - SHDLF (CrisisLexT26) ROC Curve - SHDLF (CrisisLexT26)
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Figure 2. Confusion matrix for the proposed SHDLF Figure 3. ROC curve illustrating the classification
model on the CrisisLexT26 dataset performance of SHDLF with an AUC of 0.96

The predominance of true positives and true negatives observed in the confusion matrix (Figure 4)
demonstrates the strong discriminative capability of the proposed SHDLF model, with only minimal
misclassification of critical and non-critical instances. The robustness of the SHDLF framework is further
validated by the ROC curve shown in Figure 5, achieving an AUC score of 0.89 on the COVID-19 intensive
care unit (ICU) dataset. Table 2 provides a comparative performance evaluation of various machine learning,
deep learning, and transformer-based models on the COVID-19 ICU dataset.
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Figure 4. Confusion matrix for the proposed SHDLF Figure 5. ROC curve illustrating the classification
model on the COVID-19 dataset performance of SHDLF with an AUC of 0.89

Table 2. Various models performance comparison on COVID-19 ICU dataset

Model Accuracy  Precision  Recall Fl-score
SVM 0.785 0.781 0.785 0.783
CNN 0.832 0.83 0.832 0.831
BiLSTM 0.849 0.847 0.849 0.848
CNN-BILSTM 0.86 0.861 0.86 0.86
BERT 0.882 0.883 0.882 0.882
SHDLF (proposed work) 0.895 0.893 0.895 0.894

The confusion matrix reveals that the SHDLF model can effectively identify the relevant tweets for
the COVID-19 emergency and overcome the problem of misleading results caused by noise and ambiguity in
the health discourse. Figure 6 illustrates the comparative performance of different models on the ChristSet260
dataset. A consistent improvement is observed from traditional SVM to deep learning and transformer-based
models. Hybrid architectures outperform single models, with BERT showing strong contextual learning
capability. The proposed SHDLF model achieves the highest accuracy, precision, recall, and F1-score,
indicating its effectiveness in jointly capturing contextual, sequential, and attention-driven features.

Figure 7 presents performance results on the COVID-19 computed tomography (CT) dataset,
exhibiting a similar trend. SHDLF consistently outperforms baseline and advanced models, demonstrating
robust generalization, and superior discriminative ability across heterogeneous medical datasets.

Performance on ChristSet260 Dataset Performance on COVID-19 CT Dataset

oy 0%, W Accuracy - Accuracy
2 = Precision

. Recall

== FlScore

SVM CNN BiLSTM CNN-BiLSTM BERT
Algorithms / Models

SHDLF (Ours)

BILSTM CNN-BILSTM BERT SHDLF (Ours)
Algorithms / Models

Figure 6. Performance on christset260 dataset Figure 7. Performance on COVID-19 CT dataset

4.1. Robustness and ablation study

The effectiveness of the attention layer in pointing to important tokens is validated by the evident
reduction in the F1-score when the attention layer is removed. Also validated is the requirement for context-
dependent representation instead of transformer embeddings or static word embeddings global vectors
(GloVe), which resulted in a reduction of more than 4% in performance.
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That the advancements in SHDLF over existing models are significant is ascertained through
statistical significance testing via paired t-tests in which p<0.05. SHDLF model outperformed strong
baselines in every aspect, with an improvement in F1-value of 3—6%. Strong class discrimination capability
is further affirmed through analysis on ROC-AUC.

In addition to predictive performance, the architectural efficiency of SHDLF was analyzed in terms
of inference scalability. Due to its parallelizable design and moderate parameter footprint compared to large
transformer-only models, SHDLF maintains favorable latency characteristics for short-text inference. Such
computational behavior supports its suitability for deployment in embedded Al systems and loT-enabled
monitoring platforms, where real-time responsiveness and constrained resource utilization are critical. The
modular separation of embedding, sequential modeling, and attention components further enables hardware-
aware optimization and potential mapping onto reconfigurable accelerators without compromising
classification performance.

5. CONCLUSION

This study presented a SHDLF for extracting meaningful and actionable insights from large-scale,
noisy, and unstructured Twitter data. By integrating contextual transformer-based embeddings, sequential
modeling, and attention-driven feature fusion, SHDLF effectively overcomes the inherent limitations of
traditional machine learning approaches and standalone deep learning models in sentiment and opinion
analysis. The proposed framework demonstrates strong representational learning capability and scalability,
making it well suited for high-volume, real-time social media streams. Comprehensive experimental
evaluation across multiple benchmark datasets confirms the effectiveness and generalization ability of
SHDLF. On the CrisisLexT26 dataset, SHDLF achieved an accuracy of 92.9% and an F1-score of 92.8%,
and outperforming BERT by approximately 1.4% in accuracy and 1.3% in Fl-score. Similarly, on the
COVID-19 ICU dataset, SHDLF attained an accuracy of 89.5% and an F1-score of 89.4%, reflecting
consistent performance gains over hybrid CNN-BiLSTM and transformer-only models. The high ROC-AUC
scores of 0.96 and 0.89 across datasets further validate the framework’s strong discriminative capability and
robustness in filtering informative content from noisy and uncertain Twitter data. These quantitative
improvements highlight SHDLF’s ability to handle sparsity, ambiguity, and contextual variability that are
characteristic of social media text. Despite its strong performance, several avenues remain for further
enhancement. Future work will focus on addressing extreme class imbalance commonly observed in real-
time Twitter streams through adaptive and cost-sensitive learning strategies. To improve computational
efficiency without compromising accuracy, lightweight or low-latency transformer variants may be explored.
Additionally, extending SHDLF to multilingual and code-mixed sentiment analysis, as well as incorporating
mechanisms for sarcasm detection, negation handling, and context-dependent polarity shifts, will further
strengthen its applicability. These enhancements aim to position SHDLF as a comprehensive and robust
framework for advanced opinion mining in real-world social network environments.
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