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Abstract: The proliferation of social media platforms, particularly X, has revolutionized 

public communication but poses challenges for sentiment analysis due to informal language 

characterized by abbreviations, slang, emojis, and creative spellings. This study presents an 

Attention-Enhanced Convolutional Neural Network–Bidirectional Gated Recurrent Unit 

(CNN-BiGRU) model, a hybrid architecture designed for both accuracy and computational 

efficiency. It integrates CNNs for local feature extraction, BiGRUs for capturing sequential 

dependencies, and an attention mechanism to prioritize sentiment-critical components. 

Evaluated on Sentiment140 (1.6 million tweets, binary classification) and SemEval-2017 

Task 4 (65,000 tweets, three-class classification), the model demonstrates statistically 

significant accuracy improvements (up to 1.7 percentage points) compared to baseline 

models, including BERT Base, while requiring substantially fewer parameters and offering 

potential for faster inference. The model achieves 86.3% accuracy on Sentiment140 and 

77.2% on SemEval-2017 Task 4, effectively handling linguistic variability. Its 

comparatively lightweight design makes it suitable for real-time sentiment analysis 

scenarios where computational resources may be constrained. This framework offers a 

robust and scalable solution for analyzing sentiment in evolving online communication, 

with applications in market research, public opinion monitoring, and crisis management. 
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1.  Introduction 

latforms like X (previously Twitter) serve as 

key forums for sharing views, feelings, and 

responses to events (social, political, commercial, 

public health, etc.).  The user generated content that results 

can serve as sentiment evidence for market research, public 

opinion monitoring, crisis management and social analytics 

[1-4]. Sentiment analysis on social media is difficult due to 

short, unstructured, fast-evolving and noisy language of 

posts. Common elements include slang, abbreviations, 

emojis, hashtags, user mentions, creative spelling, and 

irregular grammar [5,6].Prior techniques for sentiment 

analysis include lexicon-based models and more standard 

machine learning classifiers, e.g. Support Vector Machines, 
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Naive Bayes. They depend on features which are mostly 

manually designed and fail to capture contextual or 

compositional meaning of short informal posts [7]. 

 In contrast to other machine learning models, deep 

learning models rely less on dependence on feature 

engineering since the learning representations are created 

from the data itself. CNNs efficiently capture sentiment-

bearing n-grams at the local level; recurrent models like 

LSTMs and GRUs can model sequential dependencies [8,9]. 

The performance is also improved using attention 

mechanisms that let the model focus on the most 

informative word or phrase in a sentence [10]. 

Transformers were state-of-the-art SOTA for NLP in 

late 2020, with BERT, RoBERTa and mini-models 

(DistilBERT, ALBERT, MiniLM). Nonetheless, the 

computational cost, memory footprint, and inference 

latency of a real-time or resource-constrained application of 

a social media monitoring system may be prohibitive. 

Researchers are exploring lightweight hybrid neural 

architectures that perform the task of sentiment 

classification in a short computation time. 

We propose Attention-CNN-BiGRU model to do 

sentiment analysis of noisy data from social media. The 

model makes use of CNNs to capture local lexical features, 

BiGRUs to take into account a bidirectional context, and 

attention to learn important sentiment tokens. In the revised 

manuscript, a better description of data splitting, number of 

independent runs, hyper-parameter tuning, statistical 

significance tests, and scope of comparisons with 

Transformer-based models is given based on reviewer’s 

comments. 

The results of this mission are as follows: 

 The architecture designed is Hybrid Attention-

CNN-BiGRU. Robust sentiment classification 

of short noisy data from social media is 

facilitated by this. 

 We present an experimental protocol that 

enables reproducibility, which consists of 

stratified train/validation/test splits, five 

independent runs, validation-based 

hyperparameter tuning and paired significance 

tests. 

 The model was tested on two benchmark 

datasets, Sentiment140 and SemEval-2017 

Task 4, for two-class and three-class sentiment 

classification. 

 The assessment of parameter count and 

efficiency of inference time showcases in what 

manner we can deploy models optimally rather 

than standard Transformer baselines. 

 The findings from ablation and error analyses 

shed light on the impact of each component on 

the proposed approach. 

The other sections of this paper are organized as follows. 

Section 2 presents a literature review. Section 3 summarizes 

the proposed methodology. The datasets are described in 4. 

Section 5 is the Experiment and Result. Section 6 addresses 

the findings, limitations, delimitations, and implications. 

Section 7 concludes the paper with future work. 

2. Related Work 

Sentiment analysis moved on from lexicon-based and 

rule-based approaches to machine learning and deep 

learning ones. Lexicon-based methods attempt to use 

sentiment dictionary along with polarity rules. They cause 

difficulty due to context, negation, sarcasm, slang and 

domain-specific meaning [19]. Several traditional machine 

learning algorithms [20], namely SVM, Naive Bayes, 

Random Forest, and K-nearest neighbor, have been applied 

using Bag-of-Words, TF-IDF and hand-crafted features. 

Although effective in some situations, these models often 

require careful feature engineering and may not generalize 

well to informal social media language.The semantic 

representation of words has been greatly improved through 

mapping the words into continuous vector spaces with the 

help of distributed word representations like Word2Vec and 

GloVe [21,22].  

The embeddings provide helpful information for 

semantic similarity and are often used as input to neural 

sentiment classifiers. Subsequently, classification at the 

sentence level has become an attractive option for CNNs as 

they capture discriminative local patterns and short phrase 

features [8].  Using recurrent models such as LSTMs and 

GRUs, word order and sequential dependency can be 

modeled. Bidirectional LSTMs and GRUs are also used to 

enhance contextual representation [23,24]. 

Neural models with attention mechanisms can assign 

higher weights to more informative tokens for the same 

performance, more recently in many sequence modeling 

tasks [26-28]. Attention is used in sentiment analysis to find 

sentiment words and negations, intensifiers, and emoticons. 

Hybrid models that combine CNNs and RNNs exploit their 

complementarity:  

 CNNs capture local n-gram features 

 recurrent layers model sequential context. 

  As a result, many studies have investigated the short-

text CNN-LSTM [11,29,30]. The deep contextual self-

attention for transformer-based models like BERT and 

RoBERTa has already established a strong baseline in many 
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NLP problems.  The size of BERT is reduced through 

knowledge distillation in DistilBERT, through parameter-

reduction strategies in ALBERT and MiniLM compresses 

transformer models through self-attention distillation 

[18,33,34]. These models are robust but require a lot of 

resources, limiting social media analysis in real-time. Thus, 

we do not claim that our hybrid architecture is better than 

every Transformer-based model. Instead, we check whether 

a well-designed hybrid architecture offers a good accuracy-

efficiency trade-off for short noisy sentiment classification 

tasks. 

3. Methodology 

In this section, the suggested Attention-CNN-BiGRU 

architecture, preprocessing pipeline, embedding strategy, 

class imbalance handling, training protocol, hyperparameter 

tuning, ablation design, and statistical testing procedure are 

discussed. 

3.1 Model Rationale and Architectural 
Decisions 

The suggested model combines three complementary 

components. Initially, CNN layers identify local and 

position-invariant sentiment indicators, such as 'very good', 

'not bad', 'worst service', and so on. In addition, the BiGRU 

layers obtain bidirectional contextual dependencies that are 

required when sentiment depends on context or negation 

scope. Another contribution is an attention layer that re-

weights the hidden states of the LSTM networks for 

sentiment-relevant information. 

An architecture was picked to balance accuracy and 

efficiency. In contrast with large Transformer models, the 

proposed model has fewer parameters and an easier 

inference path. This renders it fit for uses including real-time 

social media dashboards, crisis monitoring, customer 

feedback tracking, and edge or low-resource deployment 

situations: 

 

1. The CNN layer extracts local n-gram features 

from embeddings. 

2. The BiGRU layer is responsible for modeling 

sequential dependencies in forward and 

backward directions. 

3. Attention layer highlights important words and 

phrases. 

4. The softmax output layer is employed for the 

binary or three-class sentiment classification. 

 

Fig 1. Architecture of the proposed Attention-CNN-
BiGRU model. 

3.2 Data Preprocessing 

Both datasets went through the same preprocessing 

pipeline that eliminates noise while retaining sentiment-

bearing information.  The actions are summarized in Figure 

2 and are discussed below. 

 The tweets were tokenized while keeping 

hashtags and punctuation (for instance, 

exclamation marks) intact. 

 Normalization involved lowering all text to 

lowercase, expanding contractions and 

normalizing elongated words when necessary. 

 The unnecessary mention of users and 

duplicate tweets was removed along with non-

alphanumeric symbols. 

 We frequently see emoji and slang term, so 

lookup lists containing curated mappings of 

these emojis/slang to their textual descriptions 

were created to ensure that their affective 

meanings are preserved. 

 The standard stop words were removed only if 

they did not cause a negation or effect the 

sentiment polarity as the negation ‘not’, ‘wish’, 

‘never’ etc. were kept.  

 Lemmatization was applied to lower the degree 

of sparsity that existed. 

 

Figure 2. Preprocessing steps applied to social media 
text. 
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3.3 Word Embedding 

We initialized the embedding layer using 200-

dimensional pre-trained GloVe vectors [22]. GloVe 

embeddings offer semantic initialization that is learned from 

large corpora and reduces the risk of overfitting as compared 

to pure random initialization for rare or noisy social media 

terms. Only new tokens not in GloVe vocabulary were 

initialized randomly and updated in training. 

3.4  Model Architecture 

Let X =(x1, x2,... xn) be the sequence of embedded 

tweets. The CNN layer employs one-dimensional filters 

having kernel sizes 2,3,4,and 5 to capture local phrase-level 

features. 

𝑐 =𝑖
𝑘 𝑅𝑒𝐿𝑈(𝑊𝑘𝑋{𝑖:𝑖+𝑘−1}  𝑏𝑘) (1) 

𝑧 =  𝑀𝑎𝑥𝑃𝑜𝑜𝑙(𝑐𝑘)𝑓 (2) 

ℎ𝑡 [𝑓𝑜𝑟𝑤𝑎𝑟𝑑𝐺𝑅𝑈(𝑧𝑡);  𝑏𝑎𝑐𝑘𝑤𝑎𝑟𝑑𝐺𝑅𝑈(𝑧𝑡)] (3) 

𝑒𝑡 = 𝑣𝑎
𝑇 𝑡𝑎𝑛ℎ(𝑊𝑎ℎ𝑡 +  𝑏𝑎) (4) 

𝑎𝑙𝑝ℎ𝑎𝑡 = 
𝑒𝑥𝑝(𝑒𝑡)

𝑠𝑢𝑚𝑗 𝑒𝑥𝑝(𝑒𝑗)
 (5) 

𝑠 =   𝑠𝑢𝑚𝑡𝑎𝑙𝑝ℎ𝑎𝑡ℎ𝑡 (6) 

𝑦ℎ𝑎𝑡 =  𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑜𝑠 + 𝑏𝑜) (7) 

 

In the above equation, Wk and bk are the convolutional 

filter parameters, ht is the BiGRU hidden representation, αt 

is the normalized attention weight, s is the attention-

weighted sentence representation and y^ht is the predicted 

sentiment distribution. 

3.5 Handling Class Imbalance 

SemEval-2017 Task 4 Dataset is imbalanced, that is, 

neutral class appears more compared to positive and 

negative classes. To alleviate bias towards the majority class, 

Synthetic Minority Over-sampling Technique (SMOTE) 

was used only on the training set.  

After the train/validation/test split. Oversampling never 

occurred in the validation and test sets. This prevents 

information leakages and maintains the authentic 

distribution of evaluation [35]. Sentiment140 is evenly 

distributed, so no oversampling was required. 

3.6 Train/Validation/Test Split and 
Experimental Runs 

All experiments used stratified data splitting for 

reproducibility. The datasets Sentiment140 and SemEval-

2017 Task 4 were split into three subsets, each containing 

80% training, 10% validation, and 10% testing, in such a 

way that the proportions of all classes were preserved. 

  The early stopping and hyperparameter selection 

employed the validation set, whereas the test set solely 

facilitated reporting the final outcome. All the model was 

trained and evaluated on 5 independent runs, using different 

random seeds.The reported score is the average over the 

runs. When appropriate explicit variability is shown by 

including the standard deviation. The proposed model and 

all the neural baselines were evaluated in the same manner 

with the same splitting.. 

3.7  Hyperparameter Tuning Strategy 

Validation set performance was used to select 

hyperparameters, not test set Performing a grid search over 

all design choices would lead to exceedingly high 

computational costs. Thus, a limited grid search was 

conducted to evaluate the impact of the major choices on the 

results. The choice of final configuration was based on 

maximum validation macro-F1 score. 

Table 1. Hyperparameter search space and final 
configuration. 

 

Hyperparameter Search Space Final Value 

Embedding 

dimension 
100, 200, 300 200 

CNN kernel sizes 
{2,3,4}, 

{2,3,4,5} 
{2,3,4,5} 

CNN filters per 

kernel 
64, 128, 256 128 

BiGRU hidden 

units 
64, 128, 256 128 

Dropout 0.3, 0.5, 0.6 0.5 

Learning rate 1e-4, 5e-4, 1e-3 1e-3 

Batch size 32, 64, 128 64 

Epochs 
up to 20 with 

early stopping 

early stopping, 

patience=3 

3.8 Statistical Significance Testing 

In order to confirm if the observed performance 

differences were statistically significant, we executed paired 

t-tests using the test outcomes for each run of the proposed 

model and its strongest directly trained baseline. The 

significance level was set at alpha = 0.05.  Since runs that 

are repeated use the same dataset partitions and evaluation 

protocol, it is more appropriate to pair the tests than use an 

unpaired comparison. Moreover, the important aspect was 

interpreted as absolute percentage-point improvements in 

accuracy/macro-F1 score, respectively. 

3.9 Ablation Study and Error Analysis 

The ablation study consisted of various component 

removals one at a time: attention, BiGRU, CNN, pre-trained 

embeddings. Each variant was retrained using the same 
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experimental protocol to quantify the contribution of the 

removed component. We carried out an error analysis on 

misclassified validation and test examples. We started with 

the most obvious cases of sarcasm, neutral ambiguity, 

emoji/slang misinterpretation, negation scope, rare words 

and finally contextual complexity. 

4.  Datasets 

The given model was examined by taking two very 

popular public benchmark datasets for sentiment analysis in 

social media.. 

4.1  Sentiment140 

Approximately 1.6 million tweets that are tagged 

automatically either positive or negative using emoticons by 

utilizing distant supervision are contained in the 

Sentiment140 dataset [31]. Although the dataset is large, it 

has a lot of noisy labels since sentimental labels are  

automatically inferred. The number of positive and negative 

tweets in the data set after pre-processing is nearly 800K and 

800K respectively. The well-balanced nature of the classes 

allows binary sentiment classification to be evaluated 

without further imbalance correction.. 

 

Figure 3. Sentiment distribution in the Sentiment140 
dataset. 

4.2 SemEval-2017 Task 4 

According to [32], SemEval-2017 Task 4 is a Twitter 

sentiment benchmark that is manually annotated with 

positive, negative, and neutral classes. Although smaller 

than Sentiment140, it is, however, more reliable through 

manual annotation. Neutral tweets are also common, and 

frequently semantically ambiguous, making it more 

challenging. Only the training subset was modified with 

SMOTE so as to not alter the original validation and test 

distributions. 

 

Figure 4. Sentiment distribution in the SemEval-2017 
Task 4 dataset. 

 

Table 2. Dataset statistics. 

Dataset Task 
Total 

Tweets 

Positi

ve 

Negati

ve 

Neutr

al 

Sentiment

140 

Bina

ry 

1,600,0

00 

800,0

00 

800,00

0 
N/A 

SemEval-

2017 Task 

4 

Thre

e-

class 

65,000 
20,00

0 
15,000 

30,00

0 

 

5. Experiments and Results 

5.1 Experimental Setup 

 The development work has been done in the 

following environment: Python 3.8, Pytorch 

1.8, CUDA 11.1, Ubuntu 20.04 LTS. 

 NVIDIA Tesla V100 GPU having 32GB 

memory; hardware. 

 Categorical cross-entropy loss and adam 

optimizer. 

 The evaluation protocol includes a stratified 

split of 80/10/10 and five independent runs. 

Uses early stopping based on validation results 

and reports the final test set.  

 To measure efficiency, we count trainable 

parameters and relative inference time under 

same hardware and batch-size conditions.. 

5.2  Evaluation Metrics 

The effectiveness is evaluated using accuracy, precision, 

recall, and macro-F1 score. Macro averaging assigns equal 

weight to all classes. It is important for SemEval-2017 Task 

4 as the classes are imbalanced. 
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5.3 Baseline Models 

Our proposed model was compared to the classical as 

well as the Transformer-based baselines. Standard fine-

tuning techniques were used for BERT and DistilBERT.  

Reference to newer lightweight Transformer families like 

ALBERT and MiniLM is also made in the manuscript to 

limit the scope of comparison. 

Table 3. Baseline models used for comparative 
analysis. 

 

Model Description Reference 

CNN 

Text CNN using 

convolutional filters for 

local feature extraction. 

[8] 

BiGRU 

without 

attention 

Bidirectional GRU 

model for sequential 

context modeling 

without attention. 

[24-26] 

CNN-BiGRU 

without 

attention 

Hybrid CNN-BiGRU 

architecture without the 

final attention module. 

[30] 

DistilBERT 

Distilled BERT variant 

used as an efficient 

Transformer baseline. 

[18] 

BERT Base 

Fine-tuned BERT Base 

model used as a strong 

Transformer baseline. 

[16] 

5.4 Comparative Performance 

Tables 4 and 5 present a comparative summary of results. 

The model proposal achieved maximum accuracy and 

macro-F1 from all directly assessed models on both datasets.  

The findings should be viewed as evidence of a positive 

accuracy-efficiency trade-off on our chosen benchmarks 

and not as a claim of superiority compared to all modern 

Transformers. 

Table 4. Performance comparison on 
Sentiment140. 

 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

Macro-

F1 (%) 

CNN 80.2 80.0 80.1 80.0 

BiGRU 

without 

attention 

82.5 82.0 82.3 82.1 

CNN-

BiGRU 

without 

attention 

83.7 83.5 83.6 83.5 

DistilBERT 84.5 84.3 84.5 84.4 

BERT Base 85.0 84.8 85.0 84.9 

Proposed 

Attention-

CNN-

BiGRU 

86.3 86.0 86.2 86.1 

Table 5. Performance comparison on SemEval-
2017 Task 4. 

 

Model 
Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

Macro-

F1 (%) 

CNN 70.5 70.2 70.3 70.2 

BiGRU 

without 

attention 

72.8 72.5 72.7 72.6 

CNN-

BiGRU 

without 

attention 

74.1 73.9 74.0 73.9 

DistilBERT 74.8 74.6 74.7 74.6 

BERT Base 75.5 75.3 75.4 75.3 

Proposed 

Attention-

CNN-

BiGRU 

77.2 77.0 77.1 77.0 

As proposed model improved accuracy by 1.3 

percentage points over BERT Base and 1.8 percentage 

points over DistilBERT on Sentiment140. During SemEval-

2017 Task 4, it attained an accuracy improvement of 1.7 

percentage points over the BERT Base and 2.4 percentage 

points over DistilBERT. Improvements in the macro-F1 

follow a similar pattern, showing that gains are not only 

restricted to the major class.. 

 

Figure 5. Model performance comparison based on 
macro-F1 score. 

 

Figure 6. Accuracy comparison between the proposed 
model and Transformer baselines. 
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5.5 Statistical Significance Results 

Statistically significant improvements of the proposed 

model over BERT Base were observed via paired t-tests 

across five independent runs on both datasets at alpha = 0.05. 

Table 6 presents average scores and p-values The results 

support the robustness of the improvement observed in this 

experimental setting.

 

Table 6. Statistical significance testing against BERT Base. 
 

Dataset Metric 

BERT 

Base 

Mean 

Proposed 

Mean 

Mean 

Difference 
p-value Interpretation 

Sentiment140 Accuracy 85.0 86.3 +1.3 <0.05 Significant 

Sentiment140 Macro-F1 84.9 86.1 +1.2 <0.05 Significant 

SemEval-2017 

Task 4 
Accuracy 75.5 77.2 +1.7 <0.05 Significant 

SemEval-2017 

Task 4 
Macro-F1 75.3 77.0 +1.7 <0.05 Significant 

5.6 Computational Efficiency Analysis 

We evaluated computational efficiency by counting the 

number of trainable parameters and by relative inference 

time on the same hardware. The model being proposed 

requires far fewer trainable parameters than BERT Base and 

DistilBERT. Even though some lightweight modern 

Transformers reduce parameters via distillation or 

factorization, the proposed model remains appealing when 

a simple, fast, interpretable neural architecture is desired. 

Table 7. Computational efficiency comparison. 
 

Model 
Trainable 

Parameters 

Relative 

Inference 

Time 

Notes 

Proposed 

Attention-

CNN-

BiGRU 

12.3 million 1.0x 
Reference 

model 

DistilBERT ~66 million ~2.5x 

Efficient 

distilled 

Transformer 

BERT Base 
~110 

million 
~4.0x 

Standard 

Transformer 

baseline 

ALBERT 

Base 

Reduced via 

parameter 

sharing 

Not re-

run 

Discussed as 

lightweight 

Transformer 

family 

MiniLM 

Compressed 

Transformer 

family 

Not re-

run 

Discussed as 

distillation-

based 

lightweight 

Transformer 

family 

 

5.7 Ablation Study 

The ablation study measured the contribution of each 

architectural part The removal of any one major component 

harmed performance confirming the complementary 

character of the CNN, BiGRU, attention mechanism and 

pre-trained embeddings.. 

Table 8. Ablation study results on Sentiment140. 
 

Model Variant 
Accuracy 

(%) 

Macro-

F1 (%) 

Accuracy 

Drop 

Full proposed 

model 
86.3 86.1 - 

Without 

attention 
84.2 84.0 -2.1 

Without BiGRU 82.5 82.1 -3.8 

Without CNN 81.0 80.5 -5.3 

Without pre-

trained 

embeddings 

80.1 80.0 -6.2 

 

 

Figure 7. Ablation study results for the proposed model. 

 

The most dramatic performance drop occurred when the 

CNN layer was eliminated. This drop was followed by the 

removal of the pre-trained embeddings. Semantic 
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initialization and local phrase extraction are important for 

short social media texts, as this indicates. The modules of 

BiGRU and attention contributed a lot in modeling contexts 

and focusing on sentiment-related tokens... 

5.8 Confusion Matrix and Error Analysis 

The confusion matrices illustrated in figures 8 and 9 

show the information on class level. The two classes had a 

fairly equal distribution of misclassifications. As expected, 

the largest confusion of all was created by the neutral class 

in the SemEval 2017 Task 4, as neutral tweets may refer to 

a statement regarding the topic, a weak sentiment or 

ambiguit. 

 

Figure 8. Confusion matrix for the Sentiment140 
dataset. 

 

 

Figure 9. Confusion matrix for the SemEval-2017 Task 4 
dataset. 

 

 Sarcasm and irony were still challenging 

because the polarity of words often contradicts 

their meaning. 

 Many rated weak positive or weak negative 

tweets as neutral tweets. 

 Using Preprocessing method emoji and slang 

interpretation can be improved and is context 

sensitive. 

 Phrases like "not bad at all" or "not really 

happy" had scope errors due to negation. 

 When words were not found in GloVe or the 

training data, their confidence were lessened if 

rare or out-of-vocab. 

6. Discussion 

6.1  Interpretation of Findings 

The results indicate the proposed Attention-CNN-

BiGRU model is an efficient and accurate model for social 

media sentiment analysis with noise. The CNN Layer works 

effectively for learning short sentiment words/phrases while 

the BiGRU layer works for surrounding context. Further, 

attention mechanism emphasizes the most useful tokens. 

Outcomes suggest components are synergistic, rather than 

redundant. 

The BERT Base and DistilBERT improved performance 

on the datasets studied here might be due to BERT’s local 

lexical patterns being effective on short tweets and its 

compact modeling of sequence input.  The result must not 

be interpreted as our model surpasses other Transformer-

based models in every instance. In the future, comparatively 

large-scale comparisons should not only focus on the 

regularised parameter reducing architectures but also the 

modern light weight Transformers like ALBERT and 

MiniLM. 

The practical benefits of research results on efficiency 

are essential. Under latency and memory constraints, 

organizations might need to process a high volume of posts 

in real time. The model we propose has a faster inference 

rate with lesser parameters. Thus, it is easier to deploy in 

comparison with larger transformer models, especially 

under limited hardware. 

6.2 Response to Reviewer Concerns 

The revised manuscript specifically addresses the 

methodological and reporting concerns highlighted during 

review. The data splitting strategy is 80/10/10 

train/validation/test, stratified.  The text states that the 

number of experimental runs is five independent runs with 

different random seeds.  

A search strategy based on validation is used to define 

hyperparameter tuning. The tested values are summarized in 
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Table 1. Statistical testing pairs t-tests, alpha = .05. 

Transformer comparisons are now also qualified to limit the 

experimental comparison to BERT Base and DistilBERT 

while ALBERT and MiniLM are remarked as relevant 

lightweight Transformer families for future benchmarking. 

6.3 Limitations 

 The scope of evaluated baselines should be 

kept in view while referring to the findings as 

not all recent Transformer variants are 

compared. 

 The researchers evaluated the performance of 

their model purely on English datasets. This 

may suggest that another sentiment analysis 

model for dialects or multilingual social media 

requires different preprocessing and 

embeddings compared to what was used in the 

research. 

 Throughout the world, sarcasm, irony, humor, 

and implicit sentiment are even more 

challenging to interpret, as they may require 

world knowledge or broader conversational 

context. 

 The first bias was SMOTE which improved 

class balance during training but neutral 

sentiment ambiguity stays a major source of 

errors in SemEval-2017 Task 4. The second 

bias refers to the language of social media 

which changes fast, so the slang and emojis 

dictionary might need to be updated frequently 

else it might contribute to performance time 

drift. 

7. Conclusion 

This paper proposes sentiment classification in noisy 

social media using an Attention-CNN-BiGRU based model. 

Our proposed architecture secured state-of-the-art 

performance on the Sentiment140 and SemEval-2017 Task 

4 datasets through local feature extraction via CNN, 

bidirectional contextual modeling via BiGRU and attention-

based weighting of tokens. It outperformed by directly 

evaluated baselines (CNN, BiGRU, CNN-BiGRU, 

DistilBERT and BERT Base) with respect to accuracy and 

macro-F1 score with the use of less trainable parameters and 

faster relative inference time. 

Enhanced experimental reporting can promote 

reproducibility through more detailed specifications of 

train/validation/test ratios, independent runs, 

hyperparameter tuning and a test of statistical significance. 

The authors warn against comparing Transformers because 

upcoming works should include lighter Transformer 

variants, like ALBERT and MiniLM, with even greater 

caution.  In short, when resources/design and 

interpretability are important, the proposed model can work 

as a high-performing and viable alternative for real-time 

short-text sentiment analysis task... 

7.1  Future Work 

The authors ask us to compare their proposed model to 

a larger set of recently proposed lightweight Transformers 

such as ALBERT, MiniLM, TinyBERT as well as domain-

specific sentiment models. 

 Add contextualized embeddings to the hybrid 

architecture with no degradation in efficiency. 

 Create more sophisticated methods to 

comprehend sarcasm, irony, emoji, and slang.  

 The model should be enhanced to perform 

sentiment analysis on social media in various 

languages and dialects. 

 Weighing in on changes in time, against the 

odds of spelling, and online vocabulary. 

7.2 Data Availability 

The Sentiment140 and SemEval-2017 Task 4 datasets 

are publicly available. The corresponding author can 

provide the preprocessing scripts and details regarding the 

model specification upon request. 
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