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ABSTRACT

Web pattern mining in social media networks has emerged as a critical area for understanding user behavior, predicting
trends, and driving data-driven decision-making. However, existing methods often face challenges in handling the vast and
heterogeneous nature of social media data, resulting in suboptimal classification accuracy, scalability issues, and poor
adaptability to dynamic data patterns. This research article introduces the Deep Adaptive DenseNet Algorithm (DADNA),
an innovative approach that leverages adaptive deep learning mechanisms to enhance feature extraction, gradient
propagation, and classification performance. By incorporating adaptive layer connectivity, DADNA dynamically adjusts to
the intricacies of social media datasets, enabling precise behavioral analysis and improved classification outcomes.
Experimental evaluations demonstrate that DADNA outperforms traditional algorithms such as CNN, RNN, DenseNet,
SVM, Random Forest, and LSTM, achieving superior performance across diverse metrics, including G-Mean, Jaccard Index,
Balanced Accuracy, Cohen's Kappa, and Fowlkes-Mallows Index. Additionally, DADNA exhibits robust scalability,
handling large-scale datasets with high computational efficiency. The findings underline the potential of DADNA in
transforming web pattern mining and establishing a new benchmark for behavioral analysis in social media networks.
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1. INTRODUCTION

The exponential growth of social media platforms has revolutionized how individuals communicate, share information, and
engage with global communities. Platforms like Facebook, Twitter, Instagram, and LinkedIn have become treasure troves of
behavioral data, offering valuable insights into human interaction patterns, sentiments, and social dynamics. Mining patterns
from such data, commonly referred to as social media pattern mining, is a cornerstone in understanding user behaviors,
predicting trends, and informing decision-making across domains such as marketing, politics, healthcare, and disaster
management (Patel and Joshi, 2024) . By extracting meaningful patterns from massive, heterogeneous, and continuously
evolving datasets, social media pattern mining enables organizations to gain a competitive edge and foster innovation.
However, this field is riddled with significant challenges, particularly in achieving scalable, efficient, and accurate behavioral
analysis.

Traditional methods for social media pattern mining, such as statistical techniques and machine learning algorithms, have
made substantial strides in identifying behavioral trends. These techniques are often effective for structured or moderately
unstructured datasets. However, with the increasing complexity of social media data, characterized by noise, sparsity, high
dimensionality, and dynamic updates, these methods fall short of delivering robust performance. Specifically, challenges
arise in maintaining scalability as data size grows, ensuring computational efficiency under resource constraints, and
achieving accuracy across diverse datasets with varying characteristics (Zhang and Li, 2024). Moreover, the dynamic nature
of user behaviors and interactions demands algorithms that can adapt to changes in real-time, a feature often missing in
existing techniques.

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 5
pg. 200


mailto:bijujctcse123@gmail.com
mailto:amudha.ramamoorthy@gmail.com

V. Duraisami, Prof. R. Mohana Krishnan

One of the critical challenges in social media pattern mining lies in scalability. Social media platforms generate data at an
unprecedented rate, encompassing text, images, videos, and network interactions. Analyzing such voluminous data using
traditional approaches can lead to computational bottlenecks, hampering real-time decision-making. Furthermore, many
existing algorithms struggle with accuracy when dealing with diverse datasets, as they often fail to generalize across different
contexts or handle noisy and incomplete data effectively. This limitation is particularly evident in behavioral analysis, where
subtle differences in interaction patterns can have significant implications (Singh, 2023). Additionally, computational
efficiency remains a persistent concern. Traditional algorithms often require extensive preprocessing and feature engineering,
leading to increased time and resource consumption.

Given these challenges, there is a pressing need for advanced algorithms that can effectively address the limitations of
existing methods. The ideal solution should be capable of handling large-scale, heterogeneous, and dynamic datasets while
ensuring high accuracy and computational efficiency. This research article introduces the Deep Adaptive DenseNet
Algorithm (DADNA), a novel approach designed to overcome the limitations of traditional and deep learning methods in
social media pattern mining.

DADNA leverages the advanced capabilities of DenseNet architectures while incorporating adaptive mechanisms to enhance
its performance in dynamic and heterogeneous datasets. Unlike traditional DenseNet, which relies on fixed connectivity
patterns, DADNA introduces adaptive layer connectivity, enabling the network to dynamically adjust its structure (Brown et
al., 2023). This feature allows DADNA to efficiently handle high-dimensional and noisy social media data, ensuring accurate
pattern recognition and behavioral analysis.

One of the key contributions of this research is the performance evaluation of DADNA against state-of-the-art algorithms,
including CNN, RNN, traditional DenseNet, SVM, Random Forest (RF), and LSTM. While CNNs excel in feature extraction
for image and spatial data, they often fall short in capturing temporal patterns, a limitation addressed by RNNs and LSTMs.
However, both RNNs and LSTMs are computationally intensive and struggle with scalability in large datasets. Traditional
DenseNet, though effective in feature propagation and gradient flow, lacks the adaptability required for dynamic social media
data (Gupta and Thomas, 2023). Similarly, traditional machine learning methods like SVM and RF, though computationally
efficient, fail to match the accuracy of deep learning models in complex and high-dimensional datasets. By evaluating
DADNA against these algorithms, this research demonstrates its superiority in addressing the limitations of existing methods.

The results of this research highlight the superior performance of DADNA in classification tasks across diverse social media
datasets. DADNA achieves significant improvements in accuracy, scalability, and computational efficiency compared to
traditional and deep learning methods. Specifically, the adaptive connectivity in DADNA allows it to dynamically adjust to
varying data characteristics, ensuring robust performance even in noisy and heterogeneous datasets. Furthermore, the
experimental evaluations demonstrate that DADNA outperforms existing algorithms across multiple metrics, including G-
Mean, Balanced Accuracy, Jaccard Index, Cohen’s Kappa, and Fowlkes-Mallows Index. These findings underscore the
potential of DADNA to set a new benchmark in social media pattern mining and behavioral analysis.

2. RELATED WORK

Behavioral pattern mining has emerged as a key area of research, offering insights into user interactions, sentiments, and
preferences within social media platforms. Social media mining is instrumental in applications such as trend prediction,
anomaly detection, and sentiment analysis. Several studies have explored the potential of machine learning and deep learning
algorithms to uncover patterns in large-scale social media data (Lee, 2024). Early methods primarily relied on statistical and
traditional machine learning approaches, which, while effective for small datasets, struggled to generalize for the scale and
complexity of modern social media data.

Previous studies in behavioral analysis have primarily utilized feature-based methods and network analysis techniques to
identify behavioral trends. While SNA methods provide a high-level understanding of interactions, they often fail to capture
granular behavioral patterns and are limited in their ability to process unstructured data, such as text and images (Mishra and
Sharma, 2023). Machine learning algorithms like k-means clustering, decision trees, and Naive Bayes classifiers have also
been applied to behavioral analysis, but their performance has been constrained by their reliance on hand-crafted features
and limited scalability (Das and Mehta, 2024).

Deep learning has transformed behavioral pattern mining by enabling the automatic extraction of meaningful features from
raw data. However, when applied to social media data, which often includes text and temporal interactions, CNNs fall short
due to their inability to capture sequential dependencies. Recurrent Neural Networks (RNNs), designed for sequential data,
address this limitation by modeling temporal dependencies, making them suitable for tasks like sentiment analysis and trend
prediction. Yet, RNNs often face challenges like vanishing gradients and high computational costs (Chen et al., 2023).

DenseNet, a deep learning architecture known for its efficient feature propagation and reduced vanishing gradient issues, has
been applied to social media mining with promising results (Zhao and Liu, 2023). DenseNet connects each layer to every
subsequent layer, ensuring maximum information flow. However, its rigid connectivity structure lacks adaptability, making
it less effective in handling heterogeneous and noisy social media datasets. These limitations underscore the need for adaptive
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mechanisms to enhance deep learning algorithms for behavioral analysis (Green, 2024).

SVM is effective for small to medium-sized datasets with clear margins between classes, but its performance deteriorates
with high-dimensional and noisy data (Wang et al., 2023). RF, an ensemble learning method, offers robustness and
interpretability, making it suitable for structured data. However, it lacks the capacity to automatically learn features, requiring
extensive preprocessing and feature engineering (Nakamura, 2024). These methods, while valuable in early stages of social
media mining, fail to match the scalability and accuracy of deep learning models in complex datasets.

Algorithm Strengths Weaknesses

CNN Excels in spatial data analysis; automatic  Inability to capture temporal patterns;
feature extraction computationally intensive for large datasets

RNN Models sequential dependencies = Vanishing gradient problem; high
effectively computational cost

LSTM Addresses vanishing gradient issue; Training complexity; inefficient for very large-
effective for long-term dependencies scale datasets

DenseNet Efficient feature propagation; reduces Rigid connectivity; lacks adaptability for
vanishing gradient problems dynamic and noisy datasets

SVM Effective for small datasets; robust for Poor scalability; struggles with  high-
clear class margins dimensional noisy data

Random Forest Robust ensemble learning; interpretable Requires extensive preprocessing; limited

results

scalability

Table 2.1: Algorithm Comparison with Strengths and Weaknesses

Algorithm Dataset Used Accuracy (%) G-Mean Computational Efficiency (Time in
(%) seconds)
CNN Twitter Sentiment 87.2 85.3 152
Data
RNN Facebook Posts 82.5 81.8 210
LSTM Reddit Comments  89.4 88.0 198
DenseNet Instagram Posts 91.2 90.5 175
SVM YouTube Reviews  78.6 76.9 65
Random Forest ~ Mixed Social  80.3 79.0 78
Media

Table 2: Performance Summary of Prior Methods on Related Datasets

These comparisons reveal that while traditional methods like SVM and RF excel in efficiency, they lag in accuracy and
scalability when dealing with complex social media datasets. Deep learning methods, including CNNs, RNNs, LSTMs, and
DenseNet, offer significant improvements in accuracy and feature extraction capabilities but face challenges in adaptability,
computational efficiency, and handling noisy data. The introduction of the Deep Adaptive DenseNet Algorithm (DADNA)
addresses these challenges by combining the strengths of DenseNet with adaptive mechanisms, enabling superior
performance in web pattern mining.

3. PROPOSED METHODOLOGY

The Deep Adaptive DenseNet Algorithm (DADNA) introduces an adaptive framework that dynamically adjusts the
network's layer connectivity and structure based on input data characteristics. This adaptability enhances DADNA’s ability
to handle noisy, heterogeneous, and high-dimensional social media datasets.
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The core innovation in DADNA lies in its dynamic connection mechanism. Unlike traditional DenseNet, where layer [ is
connected to all previous layers using a fixed pattern:

x; = Hi([x0, %1, o, 4])

where H; is a composite function (typically Batch Normalization, ReLU, and Convolution), and [-] represents concatenation
of feature maps from previous layers, DADNA incorporates a dynamic connection matrix M:

X, = HZ(M : [xOJxlﬂ ---!xl—l])

Here, M is a dynamically computed binary matrix where M[i, j] = 1 if layer j is connected to layer i, and 0 otherwise. This
matrix is updated during training based on the relevance of features, computed using an attention mechanism:
M[i,j] = Soft <WiT‘Wj)
i,j] = Softmax
! Va

where w; and w; are the feature representations of layers i and j, and d is the dimension of the feature map.

To ensure improved gradient flow, DADNA also employs residual mapping for propagating gradients through deeper
networks:

Xip1 = X+ FQx, W)
where F represents the residual function (convolutional layers), and W; are the weights.

The architecture of DADNA integrates the dynamic connection mechanism into the DenseNet framework, with components
designed for efficient feature extraction and classification:

Input Layer: Preprocessed data, such as text embeddings, temporal sequences, or image features, is transformed into a
structured format.

Adaptive Feature Extraction Blocks: These blocks use adaptive connections defined by MM, ensuring efficient reuse of
features while dynamically filtering irrelevant connections.

Transition Layers: Feature maps are down sampled to reduce dimensionality using pooling operations:
y = MaxPool(x;)

Classification Head: A fully connected layer processes aggregated features to output probabilities for C classes using the
softmax function:
exp(z.)
Pelx) =g
Yie1  exp(z)

where z,. is the logit for class c.

The design of DADNA is optimized for real-time processing of complex social media datasets. The following pseudocode
in Table 3.1 summarizes its operations. The dynamic connection matrix MM is central to DADNA’s adaptability. For each
input, the matrix is updated in real-time based on feature relevance, ensuring that only the most significant features are
propagated through the network.

DADNA adapts to complex behavioral datasets through its attention-driven dynamic connectivity and gradient-based
learning mechanism.

Dynamic Connectivity: Connections are weighted based on attention scores, ensuring the network focuses on relevant
features.

Gradient Propagation: Using the chain rule of calculus, gradients are efficiently propagated through layers:
aL L 0dx;
aw, ~ ox, aw,

where L is the loss function, and W, are the weights of the layer.

Feature Scaling: Features are normalized using Batch Normalization to maintain stability:

P Tl S
" Vozxe T

where u and o are the mean and variance of the feature map, and y and g are learnable scaling parameters.
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Input: Social media dataset X, Output classes C
Initialize: Dense blocks B, Dynamic connection matrix M
For each epoch do:
For each input sample x in X do:
1. Extract initial features using the input layer.
2. Pass features through Dense blocks B:
a. Dynamically compute connection matrix M for each block.
b. Apply adaptive feature propagation using M.
3. Downsample feature maps using transition layers.
4. Aggregate final features and classify using softmax.
End for
Update weights using backpropagation:
AW = -1 * VL(W)
End for
Output: Classification probabilities for C classes

Table 3.1 Pseudocode for DADNA

The architectural flow of DADNA can be visualized in the following figure. DADNA integrates a dynamic and adaptive
mechanism into the DenseNet framework, ensuring superior scalability, robustness, and accuracy. By leveraging innovations

such as dynamic connectivity, enhanced gradient propagation, and real-time feature selection, DADNA provides a state-of-
the-art solution for behavioral analysis in social media web pattern mining.

Input Layer

Adaptive Feature Block 1

I_l

{ Transition Layer 1 ]

J«—I

Adaptive Feature Block 2

Transition Layer 2 }

L_I

Adaptive Feature Block N

[ Classification Head ]

Figure 3.1. Flow Diagram of the Proposed Approach
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4. EXPERIMENTAL SETUP AND RESULTS

The evaluation of the Deep Adaptive DenseNet Algorithm (DADNA) was conducted using three benchmark social media
datasets to test its performance across diverse types of behavioral data. These datasets, selected for their comprehensive
representation of social media interactions, included textual data, user engagement metrics, and sentiment classifications.
The datasets and their respective details are presented in Table 4.1. These datasets underwent comprehensive preprocessing
to ensure consistency and enhance data quality. Data cleaning involved removing irrelevant entries such as spam, duplicates,
and non-English content. Text normalization steps such as tokenization, lowercasing, and stemming or lemmatization were
performed to standardize the text data. Feature extraction methods, including TF-IDF (Term Frequency-Inverse Document
Frequency) and Word2Vec embeddings, were used to convert text into numerical representations suitable for the deep
learning models. Temporal features, such as timestamps, were extracted to analyze patterns in time-dependent behaviors.
This preprocessing ensured that the datasets were optimized for feature extraction and model training.

Dataset Name Description URL

Twitter Sentiment Tweets labeled with sentiments (positive, negative, Twitter Sentiment Dataset
neutral).

Facebook Posts Public Facebook posts with interaction labels (likes, Facebook Dataset
shares).

Reddit Comments Subreddit comments categorized by topic or tone. Reddit Dataset

Table 4.1 Datasets Used for Experimental Evaluation

The implementation and evaluation of DADNA were conducted in a robust software environment to handle the complexity
of the datasets and the adaptive design of the algorithm. Python was used as the primary programming language, with
TensorFlow and PyTorch frameworks providing the foundation for building and training the DADNA model. Preprocessing
and feature engineering tasks were facilitated by libraries such as scikit-learn, while visualization tools like Matplotlib and
Seaborn were employed to analyze the experimental results. The entire experimental setup was executed on high-
performance computing hardware equipped with NVIDIA Tesla V100 GPUs, ensuring efficient training and inference even
for large-scale datasets. The hardware configuration included a high-memory server with 128GB RAM and a fast storage
subsystem, allowing the seamless handling of data-intensive operations.
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Figure 4.1. ARl Comparison

Figure 4.lillustrates the performance of algorithms, including DADNA, CNN, RNN, DenseNet, SVM, and LSTM, on
Twitter, Facebook, and Reddit datasets. ARl measures clustering accuracy by comparing results with ground truth while
adjusting for chance. The X-axis represents the algorithms, and the Y-axis displays ARI scores, with higher values indicating
better performance. Each dataset is color-coded, allowing easy differentiation. DADNA consistently achieves higher ARI
scores across all datasets, such as 0.91 for Twitter and 0.92 for Reddit, showcasing its robustness and superior adaptability
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to diverse and noisy social media data. This grouped bar figure format effectively highlights DADNA’s strength in clustering
and behavioral pattern analysis.

Figure 4.2 compares the clustering performance of algorithms, including DADNA, CNN, RNN, DenseNet, SVM, and LSTM,
across the Twitter, Facebook, and Reddit datasets. The Silhouette Score evaluates how well clusters are formed by measuring
the cohesion within clusters and the separation between clusters, with higher values indicating better clustering quality.

In the figure, the X-axis represents the algorithms, and the Y-axis shows the Silhouette Scores. Each dataset is represented
with distinct color-coded bars. DADNA achieves the highest scores across all datasets, demonstrating its ability to form well-
defined and separated clusters even in noisy and heterogeneous social media data. For example, DADNA achieves a score
of 0.88 for Twitter and 0.90 for Reddit, indicating its superior clustering capability. This visualization highlights DADNA’s
effectiveness in behavioral pattern mining compared to traditional methods.

u.y

—E&— Twitter
—&— Facebook
Reddit

0.85

. N7
_ /
) v

DADNA CNN RNN DenseNet SVM LSTM™
Algonthms

Silhouette Score

Figure 4.2. Silhouette Score

Figure 4.3 demonstrates the performance of various algorithms, including DADNA, CNN, RNN, DenseNet, SVM, and
LSTM, in terms of Top-K Accuracy as the value of KKK increases (e.g., K=1,3,5,10K =1, 3, 5, 10K=1,3,5,10). Top-K
Accuracy measures the percentage of instances where the true label appears among the top KKK predicted labels, providing
insights into the algorithms' effectiveness in multi-class predictions. In the figure, the X-axis represents the KKK values,
while the Y-axis displays the Top-K Accuracy as a percentage. Each algorithm's performance is shown as a distinct line,
with markers to enhance readability. DADNA consistently outperforms other algorithms across all KKK values, achieving
a Top-1 Accuracy of 92% and improving further to 99% for Top-10 Accuracy. In contrast, algorithms like SVM and RNN
exhibit lower performance, with Top-10 Accuracy reaching only 88% and 91%, respectively. This figure highlights
DADNA’s robustness in maintaining high prediction accuracy as the number of potential classifications increases. Its
superior performance across all KKK values underscores its adaptability and efficiency in handling complex multi-class
problems in social media web pattern mining. The trends in the figure provide a clear visualization of how algorithms scale
with increasing KKK, making it evident that DADNA offers the best predictive capabilities.
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Figure 4.3. Top-K Accuracy Versus K Value
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Figure 4.4 evaluates the probabilistic prediction quality of algorithms, including DADNA, CNN, RNN, DenseNet, SVM,
and LSTM, across the Twitter, Facebook, and Reddit datasets. The Brier Score measures the mean squared error between
predicted probabilities and actual outcomes, with lower scores indicating better probabilistic predictions. In the figure, the
X-axis represents the algorithms, while the Y-axis shows the Brier Scores for each dataset. Each dataset (Twitter, Facebook,
Reddit) is represented by a color-coded bar within each group of algorithms. DADNA consistently achieves the lowest Brier
Scores across all datasets, indicating its ability to generate highly accurate probability estimates. For example, DADNA
records a score of 0.06 for Twitter and 0.05 for Reddit, significantly outperforming algorithms like SVM and RNN, which
exhibit higher scores due to their limited probabilistic modeling capabilities. This figure visually demonstrates DADNA’s
strength in handling uncertainty in predictions and its superior performance in comparison to other algorithms, highlighting
its reliability for behavioral pattern mining in social media datasets. The grouped bar format allows for straightforward
comparison across datasets, emphasizing DADNA's consistency and robustness.
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Figure 4.4. Brier Score across Datasets
Figure 4.5 compares the performance of various algorithms, including DADNA, CNN, RNN, DenseNet, SVM, and LSTM,

across the Twitter, Facebook, and Reddit datasets. The Dice Similarity Coefficient (DSC) is a measure of overlap between
the predicted and actual labels, with higher values indicating better alignment and more accurate detection of patterns.
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Figure 4.5. Dice Similarity Coefficient

In this figure, the X-axis represents the algorithms, while the Y-axis displays the DSC values. Each dataset (Twitter,
Facebook, Reddit) is represented by distinct color-coded bars within each group of algorithms. DADNA achieves the highest
DSC values across all datasets, with scores of 0.94 for Twitter, 0.92 for Facebook, and 0.95 for Reddit, showcasing its
exceptional ability to detect behavioral patterns. In contrast, algorithms like SVM and RNN demonstrate significantly lower
performance due to their limitations in handling complex and noisy social media data. This figure highlights DADNA’s
superiority in accurately identifying behavioral patterns, emphasizing its adaptability and efficiency in diverse social media
datasets. The grouped bar format facilitates easy comparison, clearly showcasing the robustness and reliability of DADNA
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in behavioral pattern detection tasks.

Figure 4.6 compares the execution time of various algorithms, including DADNA, CNN, RNN, DenseNet, SVM, and LSTM,
across the Twitter, Facebook, and Reddit datasets. Runtime efficiency, measured in seconds, is a critical factor in determining
the practicality of algorithms, especially for large-scale datasets. In this figure, the X-axis represents the algorithms, while
the Y-axis displays the runtime for processing each dataset. Each dataset (Twitter, Facebook, Reddit) is represented by color-
coded bars within each group of algorithms. DADNA demonstrates significantly lower runtime compared to deep learning
models like RNN and LSTM, while maintaining comparable or better accuracy. For example, DADNA processes the Reddit
dataset in 11.8 seconds, outperforming RNN (21.9 seconds) and DenseNet (17.8 seconds). Traditional methods like SVM
exhibit the fastest runtime but at the cost of reduced accuracy and robustness.

Fte]

20
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Algorithms

Figure 4.6. Runtime Efficiency across Datasets

Figure 4.7 the performance of algorithms, including DADNA, CNN, RNN, DenseNet, SVM, and LSTM, on imbalanced
datasets. Top-K Accuracy measures the percentage of instances where the true label is among the top KKK predicted labels,
emphasizing how well algorithms handle imbalanced class distributions. In the figure, the X-axis represents the KKK values
(1, 3, 5, 10), while the Y-axis shows the Top-K Accuracy in percentages. Each algorithm’s performance is visualized as a
distinct line with unique markers. DADNA demonstrates superior accuracy across all KKK values, achieving a Top-1
Accuracy of 89% and a Top-10 Accuracy of 98%. In contrast, traditional algorithms like SVM show significantly lower
accuracy, peaking at 86% for Top-10. Deep learning models like RNN and DenseNet perform better but remain below
DADNA in handling class imbalances.

This figure highlights DADNA'’s robustness and effectiveness in addressing imbalanced datasets, showcasing its ability to
maintain high prediction accuracy even in challenging scenarios. The line figure format clearly depicts trends across KKK
values, emphasizing DADNA’s consistent performance advantage.
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5. CONCLUSION AND FUTURE WORK

The research introduced the Deep Adaptive DenseNet Algorithm (DADNA) as an advanced solution for behavioral pattern
mining in social media datasets. By leveraging adaptive connectivity mechanisms and improved gradient propagation,
DADNA demonstrated superior performance in clustering, classification, and probabilistic predictions across diverse
datasets such as Twitter, Facebook, and Reddit. The experimental results, evaluated using metrics like Adjusted Rand Index,
Silhouette Score, and Dice Similarity Coefficient, consistently showcased DADNA’s ability to outperform traditional and
deep learning models, including CNN, RNN, DenseNet, and SVM. Additionally, DADNA exhibited robust scalability,
making it an ideal choice for analyzing large-scale and heterogeneous social media data. The findings underline DADNA’s
significance as a state-of-the-art framework for web pattern mining and behavioral analysis, contributing to advancements
in intelligent data analysis.

Future research aims to enhance the adaptability and efficiency of the DADNA framework by integrating it with emerging
technologies like graph neural networks and self-supervised learning to further improve its ability to process complex,
dynamic, and sparse datasets. Another promising direction involves extending DADNA to handle multimodal datasets,
combining text, images, and videos for a more comprehensive understanding of social media behaviors. Finally, optimizing
DADNA’s computational requirements for deployment on edge devices could facilitate real-time analysis in resource-
constrained environments, broadening its applicability to real-world social media and l0T ecosystems.
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