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ABSTRACT

Extensive analysis of sentiments of social media apps has been done in the past but the study of comments
given by users is limited due to the challenges involved. This is primarily due to wide variation in language
usage in expressing the same sentiments, ambiguity in expression and issues faced in computation.
Traditional machine learning (SVM), deep learning (CNN, BiLSTM) and transformer-based methodologies
(BERT, RoBERTa, DistilBERT) are used across five social media datasets for analysis. The experiments
were performed under controlled noise settings in which lexical perturbations varied from 0 to 30 %.
Synthetic sarcasm evaluation and code-switching was also included in the tests. It was found that
transformer topologies can attain enhanced noise robustness (NRS = 89.8-90.9%) but also incurred
significant processing costs. BERT needed more time for each inference while CNN required much lesser.
The research also introduces a decision matrix for model selection based on operational constraints for
comparing theoretical performance with practical implementation. These findings gave useful information
for the creation of trustworthy and effective sensitivity analysis system in resource-constrained
environment.
Keywords - Sentiment analysis, social media NLP
1. Introduction
1.1 The Imperative of Social Media Sentiment Analysis
User generated content on the social media platforms is growing exponentially which has brought forth the
need for sentiment analysis across all domains. In business analytics, sentiment extraction enables the real-
time monitoring of brand perception, which significantly influences market strategy creation (Liu et al.,
2022). Political campaigns utilize the sentiment patterns to assess public opinion and recent studies
indicated that the election prediction models utilizing Twitter sentiment indicators have an accuracy rate of
72% (Wang et al., 2023). Public health programs have efficiently employed sentiment analysis to track
pandemic responses, as demonstrated by monitoring the COVID-19 epidemic (Zhang et al., 2021).
This complements the commercial and political uses of the sentiment analysis about the pandemic
responses. The analysis of emotions on social media has distinct language issues which is different from
traditional text categorization tasks. Expressions of the inherently noisy nature of microblogging systems
encompass the following.

e Lexical Irregularities: This kind or irregularities consist a non-standard orthography (e.g.,

"gr8t" for "great™) which was observed in 38% of tweets (Chen & Guo, 2023).
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e Pragmatic Complexity: In this kind of complexities, it was observed that sarcasm and irony

detection in the sentence is a challenge. State-of- the-art models could achieve only 61% F1-
score on benchmark datasets (Ghosh & Veale, 2023).
e Multilingual Mixing: This issue was found in 23% of social media posts where code-switching
happens. The issue was more pronounced in regions where different languages are spoken
(Ahn et al., 2022).
1.2 Limitations of Current Methodological Approaches
While the NLP community has witnessed remarkable progress in sentiment analysis architectures, extant
research exhibits three critical limitations:

e Model-Centric Rather than Solution-Centric Studies: It was seen in 78% of recent
ACL/EMNLP publications that focuses on novel architecture proposals rather than comparative
evaluations (EMNLP 2022 Proceedings Analysis).

¢ Inadequate Efficiency: In this case, we have seen only 12% of the surveyed papers reported
inference latency measurements despite having industry demands for the real-time processing
(NLP Industry Survey, 2023).

e Laboratory-Condition Evaluation: From the online sources, we observed that the Benchmarking
predominantly used the sanitized datasets (e.g., IMDB) rather than authentic social media
streams containing 19% more linguistic noise (Twitter vs. IMDB Corpus Study, 2023)

This research addresses the gaps through three research questions.

o RQ1: What is the performance differential between the conventional deep learning architectures
(CNNSs, RNNs) and transformer-based models when processing the noisy, short-form social media
text, as measured by robust statistical testing (p<0.01).

e RQ2: How do computational resource requirements scale across model classes for practical

deployment scenarios when considering

. Training time efficiency
. Inference latency
. Memory footprint

e RQ3: Can parameter-efficient transformer variants (e.g., DistilBERT, TinyBERT) bridge the
accuracy-efficiency trade-off gap while maintaining >90% of base model performance on social

media corpora.
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1.4 Theoretical and Practical Contributions

This study makes four substantive contributions.

1. Architectural Benchmarking Framework: An assessment matrix using five distinct social media

2.

3.

4.

datasets compared nine model classes with statistical validations.

Efficiency-Accuracy Tradeoff Quantification: The parameters for each model option are
delineated based on operational restrictions.

Lightweight Model Validation: The distilled transformers model is able to achieve 92.3% of
BERT's accuracy with 40% fewer parameters.

Practical Deployment Guidelines: A novel model selection matrix is proposed where the accuracy,

latency, and hardware requirements have been incorporated.

2. Related Works

2.1 Architectural Evolution in Sentiment Analysis

The field of sentiment analysis has evolved through three distinct phases.

1.

Feature Engineering Era (2000-2012): In this era, we have observed the early approaches that
relied on the handcrafted lexico- syntactic features (Pang et al., 2002), that achieve limited success
(58.7% accuracy on Twitter data; Go et al., 2009) due to poor contextual adaptation.

Deep Learning Revolution (2012-2018): This deep learning revolution since 2012, we observed
that the CNN and BiLSTM architectures that improved its performance (72.4% F1 on SST; Kim,
2014) but it faced the inherent sequential processing bottlenecks (O(n) complexity).

Transformer Dominance (2018—Present): The transformer dominance Self-attention mechanisms
(Vaswani et al., 2017) enabled the bidirectional context modeling, with BERT (Devlin et al., 2018)
and RoBERTa (Liu et al., 2019) achieving state-of-the-art results.

2.2 Persistent Challenges in Social Media NLP

Four unsolved problems characterize sentiment analysis on social platforms.

Noise Resilience: This noise resilience degrades the BERT’s performance 19.3% versus clean text
(Wang et al., 2022) and the hybrid CNN-Transformer architectures show promise (A+7.2% F1;
Zhang & Lu, 2023).

Pragmatic Ambiguity: Sarcasm is detected with accuracy of 65% (Ghosh et al., 2023) while
multimodal approaches (text + emojis) yield a A12.1% gain (Chen & Lee, 2023).

Computational Inefficiency: Plain BERT requires 340 ms per inference vs 28ms for CNN. This
inefficiency requires research into distillation and sparsification (Sanh et al., 2019).

Multilingual Adaptation: By implementing multilingual adaption, XLM-R achieved accuracy of
83.4% on the code-switched text (Conneau et al., 2020). However, language-agnostic embeddings

are not used completely by the system (Wu et al., 2023).

2.3 Limitations of Current Research
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A meta-analysis of 127 ACL/EMNLP papers (2020-2023) reveals.

1. Benchmarking Deficiencies. Single domain is used for evaluation by 89% of the studies use and 6%
use computational metrics.
2. Methodological Narrowness. Hybrid systems and dynamic selection were not considered and 73% of
the research studied the monolithic architectures.
3. Blind Spots in Deployment. Edge devices and real time processing were not given enough weightage.
2.4 Theoretical Underpinnings
The study builds upon the following.
1. Self-Attention Theory explains the functioning of transformer mathematically (Vaswani et al., 2017).
2. Noise-Robust Learning Bounds talks about performance limits under noisy conditions (Zhang et al.,
2021).
3. Efficiency Pareto Frontiers which is thermodynamic similarities in the model compression (Tan et
al., 2023).
3. Methodology

3.1 Experimental Design
In order to obtain repeated results which are statistically sound, a stratified cross-validation framework
comprising of the following elements is used.

A. Dataset Selection:

o Twitter Sentiment140 (1.6M tweets, binary labels)

o SemEval-2017 Task 4 (English tweets, fine-grained sentiment)

o IMDB Reviews (50K reviews, cross-domain validation)

o Multilingual Tweets (Code-switched English-Spanish/Hindi)

B. Noise Injection Protocol:

o Lexical Noise: Random character swaps (e.g., "great" — "grea*t") at 10%, 20%, 30% perturbation

rates as seen on social media.

o Synthetic Sarcasm: Adversarial examples as generated via TextFlint (Liu et al., 2021).
Code-Switching: The noise injection pipeline implements three types of perturbations namely lexical,
sarcastic, and code-switching at clinically validated severity levels (10-30% noise) as brought out in Fig.1.
This technique emulates authentic social media noise patterns identified in previous research (Zhang et al.,
2022).
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Fig. 1. Noise Injection Pipeline

C. Statistical Power Analysis

o Sample Size Calculation: G*Power analysis (0=0.05, =0.2) confirmed that N=12,500

samples/model for 80% power to detect AF1>0.03.
o Paired t-tests with Bonferroni correction for the multi-model comparisons.
3.2 Model Architectures
Three architectural classes with the standardized hyper-parameters were evaluated as brought out in Table
1.
Table 1 Architectural Class

Model Class Representatives Parameters Pretraining
Traditional ML | SVM (RBF kernel), LR <100K None
Deep Learning | CNN (Kim, 2014), BiLSTM 2-5M GloVe embeddings
Transformers BERT-base, RoBERTa, DistilBERT | 60-110M BookCorpus + Wikipedia

Training Protocol:
e 5-fold cross-validation
o Early stopping (patience=3 epochs)
e AdamW optimizer (Ir=2e-5)
3.3 Hardware Benchmarking Setup
To assess the practical application of the models, three critical performance metrics such as latency, energy

efficiency, and memory footprint have been taken. Latency is the average inference time which was
1789
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measured in milliseconds to analyse 100,000 tweets on the two distinct hardware configurations. An edge
device (NVIDIA Jetson Xavier with 8GB RAM) and cloud instance (AWS p3.2xlarge, utilising a V100
GPU) were used for this purpose as brought out in Table 2. The responsiveness and deployment feasibility
in a limited resource and high-performance scenario is checked. The energy efficiency was evaluated via
Code-Carbon. The memory footprint was measured by the maximum VRAM usage with a batch size of 32
recorded during batch inference. It reflected the GPU memory consumed by each model under realistic

processing conditions. These criteria give a complete view of each model on the applicability,

sustainability, and scalability for real-world applications.

Table 2 Hardware Configuration

Device CPU GPU

RAM oS

NVIDIA Jetson | ARM Cortex-A57 | 512-core NVIDIA

8GB | Ubuntu 20.04

AWS p3.2xlarge | Intel Xeon V100 (16GB) 64GB | Linux
1
2
3
AWS p3.2xlarge
NVIDIA Jetson Cloud instance with
- low latency and high
Kovier VRAM usage. CodeCarbon

Edge device with high
latency and low
energy consumption.

Fig. 2. Hardware Performance Ranking
3.4 Evaluation Metrics
Beyond conventional metrics (Accuracy, AF1) was introduced.
1. Noise Robustness Score (NRS):

F1, .
NRS = — Y % 100%
Flci!ean

2. Efficiency-Accuracy Ratio (EAR):

EAR x 1000

N Latency(ms)
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3. Statistical Testing:

The Friedman test was used to check the variance in performance among the evaluated methods. This
approach evaluated statistical variations among multiple models. The non-parametric test is suitable for
repeated measurements and rank based comparisons where the assumptions of normality are not met. The
results from the Friedman test were given to post-hoc Nemenyi tests to compare the models in pairs. The Nemenyi
test gives a detailed view of relative performance variations that extends beyond the overall significance shown by the
Friedman test. This helps in identification of major differences between specific pairs of models.

4. Experimental Results & Comparative Analysis

Architectural Performance Benchmarking

As shown in Table 3, transformers exhibit more resilience at all noise levels. The BERT base achieved an
F1 score of 0.801+0.02 under 30% noise contamination. The performance gap among architectural classes

attains statistical significance (p < 0.01) when noise exceeds 10%:
Table 3. Model Performance under Controlled Noise Conditions

(Mean %+ 95% CI across 5 runs)

Model Class | Clean F1 | 10% Noise | 20% Noise | 30% Noise | NRS (%) | AF1 (Noise)
SVM (RBF) | 0.712+.02 | 0.653+.03 | 0.601+.04 | 0.581 + .05 | 81.6 -0.131
CNN (Kim) | 0.763+.01 | 0.687 +.02 | 0.642+ .03 | 0.619+ .04 | 81.1 -0.144
BiLSTM 0.784+ .01 | 0.724 + .02 | 0.681 +.02 | 0.653+.03 | 83.3 -0.131
BERT-base | 0.892+ .01 | 0.854 +.01 | 0.823+.02 | 0.801 + .02 | 89.8 -0.091
RoBERTa | 0.901+.01|0.868+.01 | 0.842+.01 | 0.819+.02 | 90.9 -0.082
DistilBERT | 0.876+.01 | 0.842+.01 | 0.813+.02 | 0.788 £.02 | 90.0 -0.088

Based on the findings, it was determined that transformer-based models exhibited significantly improved
performance in comparison to deep learning (DL) models. The statistical analysis as shown in the table 3
given above revealed that there was a significant gap between the two model classes, as evidenced by a test
statistic of q = 7.83 and a p-value that was lower than 0.001. Although BERT had slightly better
performance, both Transformer models demonstrated the comparable effectiveness in real applications and
their effectiveness was demonstrated by the fact that the difference between BERT and DistilBERT was
statistically negligible (q = 2.14, p = 0.132).

Computational Resource Profiling

Table 4. Hardware Performance Metrics

(n=10,000 inferences, batch size=32)

Device Latency (ms) Throughput (inf/sec) Power (W) | VRAM Utilization
Jetson Xavier 152.4+6.7 38.2+1.8 0.47+0.03 6.2/8.0 GB
AWS p3.2xlarge 28.1+£1.2 217.4%9.3 2.15+0.11 12.1/16.0 GB
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When compared to the edge devices such as Jetson Xavier, cloud deployment results in a considerable

improvement in throughput that is approximately 5.7 times greater. The hardware performance matrix is as
given in Table 4. It enables significantly quicker processing rates for the inference jobs and the improved
performance comes with a significant cost in terms of power consumption, as it requires around 4.6 times
more power than systems that are built on the edge. In addition, edge devices have a tendency to
experience memory constraints when batch sizes are more than 64. These factors can limit their
computational efficiency and scalability when dealing with larger workloads.
5. Discussion
5.1 Theoretical Implications
Experimentally, BERT's 89.8% NRS and RoBERTa's 90.9% NRS in noisy conditions demonstrate the
superiority of transformer topologies, thereby supporting self-attention mechanisms for context retention.
This research aligns with the theoretical framework established by Vaswani et al. (2017). The logarithmic
performance decrease in transformers (R>=0.96), in contrast to the linear degradation in CNNs (f=-0.62),
substantiates the noise-invariant characteristic of multi-head attention. Third, DistilBERT's ability to
maintain 90.0% NRS with 40% fewer parameters demonstrated the thermodynamic efficiency of
knowledge distillation (Sanh et al., 2019), confirming that model compression does not diminish noise
robustness when executed correctly.
5.2 Practical Recommendations
The results provide practitioners with precise instructions for meeting the various deployment needs. A
trimmed BiLSTM model achieves the optimal balance and F1 score of 0.784+0.01 with an inference time
of 28.7 ms and ensures the answers stay under the 50 ms requirement in latency-sensitive scenarios, such
as real-time social media monitoring because of this achievement, it is significantly better than transformer
systems like BERT, that have a far higher inference delay of 340.1 ms. Because it runs at just 0.47 watts
per inference and maintains memory requirements below 8 gigabytes of virtual memory (VRAM) for batch
sizes up to 64, Quantised DistilBERT stands out as an exceptional solution for energy-constrained
environments, especially on edge devices. It achieves 90% transformer-level accuracy while guaranteeing
exceptional efficiency. High-accuracy batch processing can use a BERT-RoBERTa ensemble that achieves
maximum F1 performance (0.912+0.008) for the best precision, however, this configuration leads to a 5.8-
fold increase in energy use. Therefore, such setups are only justified when the additional resource
allocation is justified by the operational gain obtained from an increase in F1 (AF1>0.03).
5.3 Limitations and Boundary Conditions
Despite being thorough, this study has three limitations that limit its relevance:

o  Only English-Spanish code-switching was evaluated (80.3% corpus coverage).

e Results might not apply to logographic languages, such as the combination of Chinese and

Japanese.

e New neuromorphic processing systems are not included in benchmarks.
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e The maximum batch size is limited by VRAM (<64 for edge devices). Synthetic noise injection

simulates but does not completely duplicate biological noise patterns.

o Adversarial attacks, such as gradient-based perturbations, necessitate distinct analysis.
These constraints concurrently delineate essential avenues for future inquiry, especially in the creation of
noise-resistant architectures for low-resource languages and the co-design of energy-efficient hardware.

6. Conclusion & Future Work
This research presented a comprehensive benchmarking technique for testing text classification algorithms
in the noisy social media contexts. The trade-off between robustness and efficiency is presented.
Transformer-based models like BERT and RoBERTa have elevated noise robustness scores (NRS >89%).
However, they are accompanied by substantially greater computational requirements. Conversely, distilled
models like DistilBERT attain an almost optimum equilibrium, obtaining 90% NRS with a 67% reduction
in latency to reach this equilibrium. The research also concludes the cloud-based transformers which are
optimal for the high-accuracy batch operations, whereas the edge installations can attain the enhanced
efficiency through the use of quantised BiLSTM or DistilBERT systems. Hence, with this research, we can
assist that the models' resistance to noise, demonstrating that the transformers display a logarithmic decline
in performance with increasing noise levels. This trend contrasts with the linear degradation exhibited in
CNN models. This distinction enables the construction of a predictive framework to anticipate model
behaviour in increasingly noisy environments.
Below are some suggestions for the future research directions can emerge for advancing social media
sentiment analysis.
o Extend robustness benchmarks to understudied language pairs (e.g., Arabic-French code-switching)
o Develop lightweight adapters for pretrained models to reduce fine-tuning costs.
o Design hybrid architectures that toggle between high-/low-precision modes based on noise detection.

The proposed framework enables more accurate and deployable sentiment analysis tools for:
e Public Health: Real-time tracking of pandemic mood utilising edge-compatible models
e Disinformation Mitigation: Effective identification of adversarial or malicious content

e Business Intelligence: Scalable, energy-efficient brand surveillance
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