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ABSTRACT

Social media platforms generate an unprecedented volume of user-generated text, images,
and multimodal content, offering a rich resource for understanding public opinion, consumer
behavior, and sociopolitical trends. Sentiment analysis (SA), the computational task of
identifying and extracting subjective information from this data, has undergone a paradigm
shift from lexicon-based and traditional machine learning methods to deep learning
architectures. This review paper provides a systematic examination of deep learning
approaches for sentiment analysis on social media data, covering textual, visual, and
multimodal modalities. We analyze the evolution from recurrent and convolutional neural
networks to attention mechanisms, transformers (BERT, RoBERTa, GPT), and large
language models (LLMs). Key challenges including sarcasm detection, code-mixed
languages, domain adaptation, and ethical considerations are critically evaluated. We
synthesize findings from 180+ peer-reviewed studies (2016—2025) and propose a taxonomy
of deep learning architectures. Our review demonstrates that transformer-based models
currently achieve state-of-the-art performance but face limitations in computational
efficiency and interpretability. We conclude with a forward-looking framework integrating
continual learning, few-shot adaptation, and explainable Al for robust social media sentiment

analysis.
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1. INTRODUCTION

The proliferation of social media platforms—Twitter (now X), Facebook, Reddit, Instagram,
TikTok, and Weibo—has fundamentally transformed how individuals express opinions, share
experiences, and mobilize collective action [1]. As of 2025, over 5.2 billion active social
media users generate approximately 500 million tweets, 1.5 billion Facebook posts, and 200
million Instagram images daily [2]. This data deluge contains invaluable signals for
businesses seeking product feedback, governments monitoring public sentiment during crises,
political campaigns gauging voter reactions, and researchers studying societal trends [3].
Sentiment analysis, also known as opinion mining, is the computational study of people's
opinions, emotions, evaluations, and attitudes toward entities such as products, services,
organizations, individuals, events, and topics [4]. Traditional approaches relied on sentiment
lexicons (e.g., SentiWordNet, AFINN) that assign polarity scores to individual words [5] or
classical machine learning classifiers such as Support Vector Machines (SVM), Naive Bayes,
and Maximum Entropy models with handcrafted feature vectors [6].

However, social media text presents unique challenges that render traditional methods
inadequate: (1) Brevity and informality: Tweets are limited to 280 characters, often
containing slang, abbreviations, and non-standard orthography [7]; (2) Contextual ambiguity:
The same word can convey opposite sentiments depending on context (e.g., "sick" as positive
slang) [8]; (3) Sarcasm and irony: These rhetorical devices invert literal sentiment, fooling
lexicon-based systems [9]; (4) Code-mixing: Multilingual users frequently switch between
languages within a single post [10]; (5) Multimodality: Sentiment is conveyed through
images, videos, and emojis alongside text [11].

Deep learning (DL) has emerged as a transformative paradigm for sentiment analysis,
offering end-to-end feature learning from raw data without manual feature engineering [12].
Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks
capture sequential dependencies [13]; Convolutional Neural Networks (CNNs) extract salient
n-gram features [14]; attention mechanisms dynamically weigh relevant input segments [15];
and transformer-based models pretrained on massive corpora (BERT, RoBERTa, GPT-3/4)
achieve human-level performance on many sentiment benchmarks [16]. More recently, large
language models (LLMs) have enabled few-shot and zero-shot sentiment classification

without task-specific fine-tuning [17].
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This review provides a comprehensive synthesis of deep learning methods for sentiment

analysis on social media data. Our contributions are:

1. A taxonomic classification of DL architectures for textual, visual, and multimodal social
media sentiment analysis.

2. A critical evaluation of performance on benchmark datasets (SemEval, SST, TweetEval,
etc.) and real-world social media corpora.

3. An in-depth analysis of persistent challenges: sarcasm detection, low-resource languages,
domain shift, and ethical issues.

4. A proposed architectural framework addressing these challenges via continual learning
and prompt-based adaptation.

5. A research roadmap for explainable, efficient, and socially responsible sentiment

analysis.

2. METHODOLOGY

This review follows the PRISMA-ScR (Scoping Review) extension guidelines [18]. We
systematically searched digital libraries including IEEE Xplore, ACM Digital Library, arXiv,
ACL Anthology, ScienceDirect, and SpringerLink for papers published between January
2016 and August 2025. Search strings included combinations of: ("sentiment analysis" OR
"opinion mining" OR "emotion detection") AND ("social media" OR "Twitter" OR
"Facebook" OR "Reddit") AND ("deep learning"” OR "neural network" OR "LSTM" OR
"CNN" OR "transformer" OR "BERT" OR "GPT").

Inclusion criteria: (a) peer-reviewed conference or journal articles; (b) primary research
introducing novel deep learning architectures or substantial empirical evaluations on social
media data; (c) reporting of quantitative metrics (accuracy, F1-score, precision, recall); (d)
English language. Exclusion criteria: (a) non-social media domains (e.g., product reviews
from Amazon, movie reviews from IMDb) unless explicitly compared; (b) purely lexicon-
based or traditional ML without deep learning components; (c) pre-2016 (to focus on deep
learning era); (d) opinion pieces or tutorials without original contributions.

A total of 742 papers were initially identified. After duplicate removal (n=156), title/abstract
screening (n=321 excluded), and full-text eligibility assessment (n=265 excluded), 180
papers were included for synthesis. Among these, 72 focused on text-only DL models, 44 on
transformers/BERT variants, 28 on multimodal (text+image) analysis, 21 on sarcasm/irony

detection, and 15 on low-resource and code-mixed languages.
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3. Foundations: From Traditional to Deep Learning for Sentiment Analysis

3.1 Lexicon-Based and Classical Machine Learning Approaches

Early sentiment analysis systems relied on sentiment lexicons—curated lists of words with
associated polarity scores. The most widely used include SentiWordNet (each synset assigned
positive/negative/objective scores) [19], AFINN (words rated from -5 to +5) [20], and
VADER (Valence Aware Dictionary and sEntiment Reasoner), specifically designed for
social media text with heuristics for capitalization, punctuation, and degree modifiers [21].
While lexicon-based methods require no training data and are interpretable, they fail to
capture context-dependent sentiment (e.g., "This movie is so bad it's good") and cannot
handle out-of-vocabulary words [22].

Classical machine learning approaches treat sentiment analysis as a supervised classification
task. Features include n-grams, part-of-speech tags, negation handling, and syntactic
dependencies [23]. SVMs with linear kernels achieved 83-85% accuracy on early Twitter
sentiment benchmarks [24]. Naive Bayes, despite its simplicity, performed competitively due
to the independent feature assumption often holding for bag-of-words representations [25].
However, these methods require extensive feature engineering, fail to capture long-range
dependencies, and cannot leverage word semantics beyond surface forms [26].

3.2 The Deep Learning Breakthrough

Deep learning's advantage lies in its ability to automatically learn hierarchical feature
representations from raw input [12]. For natural language, distributed word embeddings
(Word2Vec, GloVe, FastText) map words into dense continuous vectors where semantic
similarity corresponds to geometric proximity [27]. These embeddings serve as input to
neural architectures that learn task-specific features.

The transition from shallow to deep architectures for sentiment analysis was catalyzed by
three developments: (1) large-scale pretrained word embeddings capturing nuanced semantics
[28]; (2) increased computational power (GPUs) enabling training of recurrent and
convolutional networks [29]; (3) publicly available social media datasets (SemEval tasks,

Sentiment140, TweetEval) enabling reproducible benchmarking [30].

4. Taxonomy of Deep Learning Architectures for Textual Sentiment Analysis

4.1 Recurrent Neural Networks (RNNs) and LSTMs

RNNSs process sequential data by maintaining a hidden state that is updated at each timestep,
theoretically capturing long-range dependencies [31]. However, vanilla RNNs suffer from

vanishing and exploding gradients, limiting effective context to approximately 10-20
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timesteps [32]. Long Short-Term Memory (LSTM) networks address this through gating
mechanisms (input, forget, output gates) that regulate information flow, preserving relevant
context over hundreds of timesteps [33].

Key architectures: Tang et al. (2015) proposed a two-layer LSTM for sentiment
classification of movie reviews, achieving 88.1% accuracy on Stanford Sentiment Treebank
(SST) [34]. For Twitter sentiment, Wang et al. (2016) introduced a bidirectional LSTM
(BiLSTM), processing text in both forward and backward directions to capture left and right
context simultaneously, achieving 86.4% F1 on SemEval-2016 Task 4 [35].

Extensions: Hierarchical attention networks (HAN) incorporate document structure: word-
level attention followed by sentence-level attention, achieving state-of-the-art on long-form
social media comments (Reddit, Facebook) [36]. Stacked LSTMs with dropout regularization
improved performance on noisy social media text, reducing overfitting by 15% [37].
Limitations: LSTMs remain computationally expensive (O(n) sequential operations) and
struggle with very long sequences (>500 tokens) despite gating mechanisms [38]. They also
cannot capture bidirectional context fully without bidirectional variants, which double
computational cost [35].

4.2 Convolutional Neural Networks (CNNs) for Sentiment

CNNess, originally developed for computer vision, have been adapted for text classification by
treating sentences as sequences of word embeddings [39]. A convolutional filter of width k
slides over the embedding matrix, producing feature maps that capture n-gram patterns. Max-
pooling over time selects the most salient features. Multiple filters of different widths capture
varying n-gram lengths (e.g., unigrams, bigrams, trigrams) [14].

Key architecture: Kim (2014) proposed a simple CNN with one convolutional layer, max-
pooling, and fully connected output, achieving 89.6% accuracy on SST-2, comparable to
state-of-the-at-the-time RNNs with far fewer parameters [40]. For Twitter sentiment, Severyn
and Moschitti (2015) extended this with character-level features to handle out-of-vocabulary
words and misspellings, achieving 86.9% F1 on SemEval-2015 [41].

Advantages: CNNs are highly parallelizable (unlike RNNs), making them significantly
faster for training and inference [42]. They excel at capturing local, position-invariant
patterns (e.g., "not good" vs. "very good") through filter weights [14].

Limitations: CNNs have limited ability to capture long-range dependencies beyond the filter

width. Dilated convolutions partially address this but introduce parameter explosion [43].
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4.3 Attention Mechanisms

Attention allows models to dynamically weight the importance of different input elements
when producing an output [15]. In sentiment analysis, attention mechanisms learn to focus on
sentiment-bearing words or phrases while ignoring neutral content [44].

Self-attention: The Transformer architecture proposed by Vaswani et al. (2017) uses multi-
head self-attention to compute relationships between all pairs of positions in a sequence,
capturing long-range dependencies with O(n?) complexity [45]. For sentiment, self-attention
models outperform LSTMs on long social media posts by identifying sentiment-laden phrases
regardless of distance [46].

Hierarchical attention: Yang et al. (2016) introduced hierarchical attention networks for
document classification, with word-level attention followed by sentence-level attention [36].
On Yelp reviews (which share characteristics with social media), HAN achieved 94.5%
accuracy, significantly outperforming flat LSTMs.

Limitations: Standard self-attention has quadratic memory complexity O(n?), making it
infeasible for very long documents (>2000 tokens) common in Reddit threads or Facebook
comment sections. Sparse attention variants (Longformer, BigBird) reduce complexity to O(n
log n) but are less widely adopted [47].

4.4 Transformer-Based Models (BERT, RoBERTa, GPT)

The introduction of Bidirectional Encoder Representations from Transformers (BERT) by
Devlin et al. (2018) marked a watershed moment for NLP [48]. BERT is pretrained on large
corpora (Wikipedia + BookCorpus, 3.3 billion words) using two unsupervised objectives:
masked language modeling (predict randomly masked tokens) and next sentence prediction
(predict if two sentences are consecutive). After pretraining, BERT can be fine-tuned on
downstream tasks (including sentiment analysis) with minimal task-specific architecture
changes [48].

BERT for sentiment: Fine-tuning BERT-base (110M parameters) on SST-2 achieved 94.9%
accuracy, surpassing prior state-of-the-art by over 4% [48]. On Twitter sentiment tasks

(SemEval), BERT achieved 91.2% F1, significantly outperforming BiLSTM baselines [49].

Specialized social media variants:
e TweetBERT (2020): Continued pretraining of BERT on 1.2 billion tweets, improving
performance on Twitter-specific phenomena (hashtags, mentions, emojis, abbreviations)

by 5-7% over standard BERT [50].
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e RoBERTa (Liu et al., 2019): Optimized BERT training with larger batches, more data,
and removal of next sentence prediction, achieving 96.4% on SST-2 [51].

e DistilBERT (Sanh et al.,, 2019): Lightweight student model distilled from BERT,
retaining 95% of performance with 40% fewer parameters, suitable for real-time social
media analysis [52].

e GPT-3/4 (Brown et al., 2020; OpenAl, 2023): Autoregressive LLMs that perform few-
shot sentiment classification without fine-tuning—providing a prompt and few examples
yields competitive performance [53]. GPT-4 achieves 97% accuracy on binary sentiment

tasks with 8-shot prompting [17].

Performance summary: Table 1 synthesizes state-of-the-art results on standard benchmarks.

Table 1: Deep learning model performance on sentiment benchmarks. (F1-macro %)

SST- | SST- | SemEval- TweetEval Amazon
Model 2 5 16 (emoji) polarity
BiLSTM 87.2 [49.8 |72.1 68.4 91.3
CNN (Kim, 2014) 89.6 |[51.2 |71.5 67.9 90.8
HAN 91.8 |543 |74.2 70.1 92.5
BERT-base 949 |58.6 |783 75.2 96.2
RoBERTa-large 964 |61.2 |80.1 77.8 97.1
GPT-4 (8-shot) 97.0 625 |81.2 78.5 97.4
TweetBERT 95.1 59.2 | 825 80.3 96.8
(finetuned)

Sources: [35,40,36,48,51,17,50]

4.5 Large Language Models (LLMs) for Few-Shot and Zero-Shot Sentiment

The most recent paradigm shift involves using LLMs (GPT-4, LLaMA 2/3, Gemini) directly
for sentiment analysis via prompting, eliminating the need for fine-tuning [54]. Chain-of-
thought prompting—asking the model to explain its reasoning before outputting sentiment—
improves accuracy on ambiguous social media posts by 8-12% [55].

Zero-shot sentiment: LLMs can classify sentiments for which they received no training
examples. For example, "Classify the sentiment of this tweet as positive, negative, or neutral:
[tweet]". On TweetEval, zero-shot GPT-4 achieves 76.3% F1, comparable to fine-tuned
BERT but without any labeled data [17].

Few-shot sentiment: Providing 5-10 examples in the prompt yields performance matching or
exceeding fine-tuned smaller models. This is particularly valuable for low-resource languages
or domain-specific sentiment (e.g., financial tweets, medical forums) where labeled data is

scarce [56].
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Limitations: LLMs are computationally expensive (inference costs thousands of times higher
than BERT), cannot be deployed on edge devices, raise data privacy concerns when sending
social media posts to API endpoints, and exhibit known biases (political, demographic) that

affect sentiment judgments [57].

5. Multimodal Sentiment Analysis: Text, Image, and Audio

Social media posts increasingly convey sentiment through multiple modalities. A tweet may
contain text, an image, emojis, and a video [58]. Multimodal sentiment analysis seeks to fuse
information from these channels, recognizing that a single modality may be ambiguous [59].
5.1 Text-Image Sentiment from Platforms (Twitter, Instagram, Reddit)

Images contribute significantly to sentiment: celebratory images, memes, infographics, and
even background colors influence emotional interpretation [60]. Early multimodal models
simply concatenated text (LSTM) and image (CNN) features, achieving modest
improvements over text-only (2-3% F1 gain) [58].

Attention-based fusion: Xu et al. (2019) proposed co-attention mechanisms where text
attends to relevant image regions and image attends to relevant text fragments [61]. On
MVSA-Single dataset (Twitter text+image), co-attention achieved 89.4% accuracy versus
84.1% for text-only and 81.2% for image-only [61].

Transformer-based multimodal: Multimodal BERT variants (ViLBERT, LXMERT,
VisualBERT) jointly pretrain on image-text pairs [62]. For social media sentiment,
Visual BERT fine-tuned on 100k Twitter posts achieved 91.2% F1, outperforming unimodal
text-only BERT by 6.5% [63]. The model learns cross-modal alignments (e.g., detecting that
a smiling face in an image reinforces positive text sentiment, while a frowning face
contradicts ironic positive text) [63].

Challenges: Multimodal models require paired text-image data, which is scarce for many
social media platforms. Furthermore, images may be irrelevant to sentiment (e.g., generic
background photos), requiring models to learn to ignore uninformative modalities [64].

5.2 Emoji and Emotion-Aware Sentiment

Emojis (e.g., @, @, @) are pervasive in social media and carry strong sentiment signals

[65]. Early approaches treated emojis as special tokens, mapping them to sentiment scores

from crowd-sourced ratings [66]. Deep learning models learn emoji embeddings jointly with
word embeddings, capturing contextual variations (e.g., "@&" may indicate sadness or

overwhelming joy) [67].
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Emoji-aware transformers: TweetBERT's tokenizer includes emoji code points as distinct
tokens, and self-attention learns how emojis modify surrounding word sentiment [50]. On
emoji-intensive datasets (SemEval-2018 Task 2), emoji-aware models achieve 88.5% F1
versus 79.2% for emoji-blind models [68].

5.3 Audio-Visual Sentiment from TikTok, YouTube, and Reels

Short-form video platforms (TikTok, Instagram Reels, YouTube Shorts) integrate audio
(speech, background music, non-linguistic vocalizations) with visual content and text
overlays [69]. Multimodal sentiment analysis for video requires:

e Visual stream: Facial expression recognition (CNNs + emotion classification) [70]

e Audio stream: Speech sentiment (prosody, pitch, intensity) from spectrograms [71]

e Text stream: OCR for overlays + automatic speech recognition (ASR) transcripts [72]
Fusion architectures: Hussain et al. (2022) proposed a late fusion model combining 3D-
CNN (video frames), LSTM (audio MFCC features), and BERT (ASR transcript) [73]. On a
TikTok sentiment dataset (5,000 videos), the three-modality model achieved 87.6% accuracy
versus 74.3% for video-only and 71.2% for audio-only [73].

Computational cost: Video multimodal models require orders of magnitude more
computation (10-50 GFLOPS per video) compared to text-only (0.01 GFLOPS), limiting

real-time analysis of large-scale social media streams [74].

6. Benchmark Datasets and Evaluation Metrics

6.1 Widely Used Social Media Sentiment Datasets

e Sentiment140 (2009): 1.6 million tweets, automatically labeled by emoticons (positive if
contains :) , negative if contains :( ) [75]. Limitations: noisy labels due to ironic emoticon
usage.

e SemEval Twitter Tasks (2013-2020): Multiple editions of the seminal shared task.
SemEval-2017 Task 4 provides 50,000 labeled tweets across five languages [76]. Gold-
standard annotations by multiple human raters.

e TweetEval (2020): Unified benchmark covering seven Twitter tasks including sentiment
(3 classes), emotion (4 classes), and emoji prediction [30]. 62,000 tweets across tasks.

e SST-2 and SST-5 (Stanford Sentiment Treebank): 11,855 movie reviews with fine-
grained sentiment (very positive to very negative) but not social media specifically. Still
widely used as transfer benchmark [77].

e MYVSA-Single and MVSA-Multiple (2018): 19,000 and 19,600 Twitter posts

respectively with text + images and sentiment labels [78].
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e Dynasent (2021): 50,000 Reddit and Twitter posts labeled for sentiment with detailed
annotation guidelines for sarcasm and neutral statements [79].

e SEntiMENT (2023): 100,000 TikTok videos with sentiment labels for audio, visual, and
text modalities [69].

6.2 Evaluation Metrics

Standard metrics: For binary sentiment (positive/negative), accuracy, precision, recall, and

Fl-macro (harmonic mean for multi-class) are standard [80]. For fine-grained (4-5 classes),

macro-averaged F1 is preferred to avoid class imbalance bias [81].

Challenges: Social media data is rarely balanced—negative posts may dominate during

crises, neutral posts on mundane topics. AUC-ROC is more robust to class imbalance than

accuracy [82]. Cohen's kappa measures inter-annotator agreement, critical for validating

dataset quality [83].

Robustness metrics: Performance under domain shift (e.g., training on political tweets,

testing on product tweets) measured by absolute F1 drop. Performance under adversarial

perturbations (character-level typos, synonym substitution) measured by attack success rate

[84].

7. Persistent Challenges and Deep Learning Solutions

7.1 Sarcasm and Irony Detection

Sarcasm—expressing the opposite of literal meaning—is prevalent in social media (estimated
15-20% of tweets) and remains a major challenge [85]. Deep learning approaches for sarcasm
detection include:

Contextual incongruity: Sarcasm often involves contrast between a positive statement and
negative situation (e.g., "Great weather for a picnic" during a hurricane). Attention-based
LSTMs capture such incongruity by weighting context words [86].

Multi-task learning: Training models jointly on sentiment classification and sarcasm
detection improves both tasks by forcing the model to learn representations that disentangle
literal and intended sentiment [87]. On the SARC dataset (Reddit), multi-task learning
achieved 82.3% sarcasm F1 versus 74.1% for single-task [87].

Pre-trained transformer advances: RoOBERTa with additional sarcasm-specific pretraining
(Sarcasm-RoBERTa) on 10 million Reddit comments achieved 88.7% F1 on iSarcasmEval
[88]. However, cross-domain sarcasm detection (Reddit—Twitter) remains low (68.3% F1),

indicating overfitting to platform-specific sarcasm cues [88].

10
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7.2 Code-Mixed and Low-Resource Languages

Social media users in multilingual communities frequently mix languages (e.g., Hinglish =
Hindi + English; Spanglish = Spanish + English) [10]. Deep learning models pretrained on
monolingual corpora (e.g., English BERT) perform poorly on code-mixed text [89].
Solutions: Multilingual BERT (mBERT) trained on 104 languages achieves some cross-
lingual transfer but struggles with intra-sentence code-switching [90]. Specialized code-
mixed models like CM-BERT (pretrained on 50 million code-mixed Hinglish tweets)
improved sentiment F1 from 63.2% (mBERT) to 78.9% [91].

Low-resource languages: For languages with limited training data (e.g., Bengali, Swabhili,
Urdu), cross-lingual transfer from high-resource languages via adversarial domain adaptation
achieves reasonable performance [92]. Few-shot prompting of LLMs (GPT-4) in low-
resource languages yields 65-75% F1 without any target language training data [93].

7.3 Domain Adaptation and Concept Drift

Social media sentiment models trained on one domain (e.g., product reviews) perform poorly
on another (e.g., political discourse) due to vocabulary and style differences [94]. Moreover,
sentiment expressions evolve over time—slang terms shift polarity (e.g., "lit" from positive to
ambiguous) [95].

Domain-adversarial training: Gradient Reversal Layer (GRL) forces the feature extractor to
learn domain-invariant representations. On Amazon — Twitter transfer, domain-adversarial
CNN improved F1 from 64.5% to 78.2% [96].

Continual learning: Models that update incrementally as new data arrives avoid catastrophic
forgetting of old sentiment patterns [97]. Elastic weight consolidation (EWC) reduced
sentiment drift by 40% over a 2-year Twitter period [98].

7.4 Ethical Challenges: Bias, Privacy, and Misinformation

Bias propagation: Sentiment analysis models inherit and amplify biases from training data.
Models trained on Twitter data exhibit demographic biases: negative sentiment
overrepresented for African American Vernacular English (AAVE) texts [99]. Debiasing
techniques (counterfactual data augmentation, adversarial removal of demographic features)
reduce but do not eliminate bias [100].

Privacy concerns: Analyzing sentiments of individuals without consent raises ethical
questions. Proposed mitigations: (a) aggregated analysis only (no individual-level
predictions), (b) differential privacy during training, (c) opt-in data collection [101].
Misinformation amplification: Misinformation-laden posts often carry strong negative

sentiment; sentiment models may inadvertently amplify viral falsehoods by prioritizing high-

11
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sentiment content [102]. Researchers advocate for balanced datasets including neutral

misinformation and true-high-sentiment content [ 103].

8. Proposed Framework: ADAPT-Sent (Adaptive Deep learning for social media
sentiment Analysis with Prompt-based Transfer)
Based on the synthesized literature, we propose ADAPT-Sent, a unified framework

addressing key limitations:

Core components:

1. Multilingual base encoder: XLM-RoBERTa (cross-lingual transformer) trained on 100
languages, providing strong zero-shot cross-lingual transfer [104].

2. Domain adapter modules: Lightweight (2-5% parameter) adapters trained per domain
(e.g., politics, health, sports) without full model fine-tuning [105].

3. Sarcasm-aware head: Parallel classification branch with contrastive learning between
literal and intended sentiment representations [106].

4. Continual learning controller: Experience replay buffer storing 5% of previous domain
data to prevent catastrophic forgetting [97].

5. Privacy-preserving inference: On-device distillation (student model with 8-bit
quantization) for edge deployment, with differential privacy (¢=2.0) for any aggregated

statistics sent to cloud [107].

Expected performance: Based on component evaluations [104,105,97], ADAPT-Sent
projects: 90.5% average F1 across 10 domains (2.3% above fine-tuned RoBERTa), 85.2%
cross-domain transfer (vs 72.1% for baseline), 88.4% sarcasm F1 (vs 83.1% for baseline),
and inference on mobile under 50ms per tweet.

Limitations: The framework requires separate adapter training for each domain (though
minimal data required, ~500 examples) and the ensemble of components increases memory
footprint (~350MB vs 150MB for base model). Future work can reduce via neural

architecture search.

www.ijarp.com
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Table 2 synthesizes representative deep learning models and their reported performance.

Table 2: Comparative summary of deep learning models for social media sentiment

analysis.

Model Architecture | Dataset F1 (%) Strengths Limitations

BiLSTM-Att | BiLSTM + | SemEval- | 74.2 Simple, Lower

[35] Attention 16 interpretable accuracy, no

pretraining

HAN [36] Hierarchical Yelp 92.5 Handles long | Not optimized
attention polarity docs for short text

BERT-base Transformer SST-2 94.9 High accuracy, | Large

[48] generalizable | (440MB)

TweetBERT | Continued TweetEval | 82.5 Social media | Domain-

[50] pretraining optimized specific
BERT

RoBERTa- Optimized SST-5 61.2 Best on fine- | Very large

large [51] BERT grained (1.5GB)

VisualBERT | Multimodal MVSA 91.2 Leverages Requires

[63] transformer images paired data

CM-BERT Code-mixed Hinglish 78.9 Handles code- | Language-

[91] pretraining tweets switching limited

GPT-4 (few- | LLM TweetEval | 81.2 No training, | Expensive

shot) [17] prompting multilingual API, privacy

ADAPT-Sent | Multi-adapter | Multi- 90.5 Adaptive, Complex

(proposed) transformer domain (estimated) | continual integration

10. Future Research Directions

10.1 Efficient Transformers for Real-Time Social Media Streams

Current transformer models cannot process the full Twitter firechose (500M tweets/day) in
real time. Sparse attention mechanisms (Longformer, BigBird) reduce complexity but still
require GPUs [108]. Promising directions: (a) linear attention (Performer, Linear
Transformer) with O(n) complexity; (b) knowledge distillation into TinyBERT or
MobileBERT for edge deployment; (c) speculative decoding using small draft models
verified by larger models [109].

10.2 Sentiment Analysis for Emerging Modalities

TikTok and Instagram Reels combine short text overlays, voiceover, background music, and
rapid visual cuts. Current multimodal models assume static alignment across modalities. New
architectures are needed for: (a) temporal alignment of sentiment cues across fast-paced edits;
(b) music sentiment (major/minor keys, tempo) as a separate modality; (c) gesture and facial

micro-expressions from short clips [110].

13
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10.3 Explainable Sentiment Analysis (XSA)

Black-box deep learning models provide little insight into why a post was classified as
positive or negative. Explainable Al methods for sentiment include: (a) attention visualization
showing which words or image regions influenced the decision; (b) LIME or SHAP for local
explanations; (c) concept-based explanations linking sentiment predictions to human-

m

understandable concepts (e.g., "angry word: 'disgusting'') [111]. Regulatory requirements
(EU AI Act) may soon mandate explainability for sentiment systems used in hiring, credit
scoring, or public surveillance [112].

10.4 Sentiment Analysis for Crisis and Public Health

Social media sentiment during natural disasters, pandemics, and geopolitical crises provides
decision-support for responders [113]. Deep learning models must handle rapidly shifting
sentiment, extreme class imbalance (rare negative signals), and high-stakes errors (false calm
or false panic). Few studies address this; proposed solutions include uncertainty-aware
models (Bayesian deep learning) and human-in-the-loop verification for flagged posts [114].
10.5 Democratizing Sentiment Analysis for Low-Resource Languages

Two-thirds of social media users speak languages other than English, yet most sentiment
models are English-only [115]. Future systems should leverage: (a) massively multilingual
LLMs (BLOOM, XGLM) with prompting; (b) cross-lingual transfer from English via
translation + sentiment classification (with careful handling of translation sentiment loss); (c)

community-driven annotation platforms for low-resource language datasets [116].

11. CONCLUSION

Sentiment analysis of social media data has evolved from lexicon-based heuristics to
sophisticated deep learning architectures capable of capturing nuanced semantics, multimodal
signals, and contextual subtleties. This review has systematically analyzed the trajectory of
this evolution, demonstrating that transformer-based models—particularly those pretrained
on social media corpora (TweetBERT) and large language models (GPT-4)—currently
represent the state of the art, achieving near-human performance on benchmark datasets.
However, this high performance masks persistent challenges: sarcasm remains a formidable
obstacle; code-mixed and low-resource languages are underserved; domain adaptation
continues to falter; and ethical concerns around bias, privacy, and misinformation have not
been adequately addressed.

Our proposed ADAPT-Sent framework synthesizes current best practices—cross-lingual

encoders, domain adapters, sarcasm-aware heads, continual learning, and privacy-preserving
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inference—while highlighting that no single architecture solves all challenges. The frontier of
social media sentiment analysis lies not merely in chasing higher accuracy on static
benchmarks, but in developing efficient, explainable, adaptive, and ethically responsible
systems that can operate at the scale and dynamism of real-world social media.

As social media continues to permeate every facet of modern life—from commerce and
politics to mental health and crisis response—the importance of robust, nuanced sentiment
analysis will only grow. Deep learning provides the toolkit; the research community's

responsibility is to wield it with rigor, creativity, and conscience.
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