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ABSTRACT: Aspect-Based Sentiment Analysis (ABSA) is a fundamental Natural Language Processing (NLP) task
that aims to determine fine-grained sentiment polarity toward specific aspects mentioned in text. With the emergence
of Large Language Models (LLMs) and transformer-based architectures, significant improvements have been achieved
in contextual representation learning for sentiment analysis. However, existing LLM-inspired and transformer-based
ABSA frameworks often suffer from inadequate aspect-context alignment, redundant feature integration, limited
interpretability, and insufficient coordination between contextual and sequential modeling components. To address
these challenges, this paper proposes two hybrid architectures, namely HABSA and AAC-HABSA, centered on a novel
Adaptive Aspect Conditioning Layer (AACL) that injects aspect information prior to transformer-based contextual
encoding. The proposed framework follows a structured pipeline comprising tokenization, token and positional
embeddings, AACL, transformer encoding, BILSTM refinement, aspect-guided attention, fully connected projection,
and focal loss optimization. By conditioning token representations before contextual encoding, the framework enables
aspect-aware contextual learning that better captures sentiment-relevant semantic dependencies. Subsequent sequential
refinement and attention-based reasoning further enhance sentiment polarity alignment while improving model
interpretability. To evaluate the proposed approach, a robust ABSA dataset containing approximately 10,000 recent
reviews annotated across five sentiment intensity levels was developed. Extensive experiments demonstrate that HABSA
and AAC-HABSA consistently outperform transformer-only and conventional hybrid baselines in terms of accuracy,
macro-FI score, robustness, and attention-based interpretability. The proposed framework provides a computationally
efficient, mathematically coherent, and interpretable solution for fine-grained sentiment analysis. By strengthening
aspect-aware representation learning within transformer and LLM-oriented sentiment analysis pipelines, this work
contributes to the development of scalable and deployable AI-driven opinion analytics systems across real-world
domains.

KEYWORDS: Large language models; aspect-based sentiment analysis; BI-LSTM; attention; transformers; BERT;
adaptive aspect conditioning framework; AASC

1 Introdcution

The intensive growth of digital platforms Has brought about a unique concentration of user-created
reviews in their respective fields, e-commerce, hospitality, and social networks. Having a machine learning
solution Has become critical for extracting insights from organized data. Aspect-Based Sentiment Analysis
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(ABSA) is an expansion of sentiment analysis by detecting sentiment polarity on individual aspects of an
entity instead of a single general labeling of an object in sentiment analysis analysis [1]. This finer-grained
ability facilitates actionable insights, especially when a review raises contradictory views of several attributes.

Despite the significant advances that have been made to date [2], the initial ABSA models were based
on shallow machine learning models such as SVM, Naive Bayes, and LDA, and trained using manually
crafted linguistic representations. Such approaches were characterized by poor representations and high
engineering costs for features. The contextual representation was greatly enhanced by word embedding
algorithms [3-5] and the following deep learning based approaches, which allowed the advancement of
NLP applications like speech processing [6], text classification, sentiment analysis, aspect extraction [7,8],
reinforcement learning [9], medical data processing [10], multi-model task systems [11-14], and other useful
applications, including the use of deep learning methods to solve problems of all three tasks.

Long-range dependency modeling was enhanced with RNN-based models, and their gated counter-
parts, such as LSTM and GRU [15], however, sequential models would not be able to selectively prioritize
aspect-relevant tokens. Attention mechanisms and CNN-based refinements were proposed to improve the
weighting of features, but attention was often performed generically and not explicitly according to the
semantics of the aspects, as introduced in the study by [16,17].

Transformer-based models such as BERT [18], GPT [19], and T5 [20] transformed contextual modeling
using self-attention, which showed great improvements in ABSA when fine-tuned and became known as
transformer-based models [21]. Although recent advances have been made, critical constraints still exist
in current hybrid ABSA architectures, especially in the timing of aspect information integration and its
impact on contextual representation learning [22]. Most transformer-BiLSTM hybrid models [23-26] use
aspect information after encoding contextual information, usually through attention mechanisms or feature
concatenation. Although effective to a certain degree, these later injection strategies lead to representations
that are aspect-agnostic in deep semantic encoding, with downstream attention layers then having to re-
learn aspect relevance in a reactive fashion instead of learning it intrinsically. Such a structural constraint
weakens fine-grained aspect/sentiment alignment, particularly in sentences with more than one or implicitly
deployed aspect.

Moreover, a lack of a mathematically-based conditioning mechanism before encoding results in an
inefficient calibration between contextual semantics and aspect-specific sentiment cues. The initial results
(see Section 4) suggest that models that apply post-encoding attention alone have inconsistent sensitivity to
the aspect-relevant tokens in complicated review conditions.

In order to fill these gaps, this paper presents a structurally consistent and aspect-sensitive framework,
i.e., HABSA and its improved version ACC-HABSA. The essence of innovation is the Adaptive Aspect
Conditioning Layer (AACL) that is placed between the token embedding and the transformer encoding. In
contrast to standard designs, AACL injects the aspect information before the deep contextual transformation,
so that the aspect relevance is directly encoded in the process of learning semantic representations. This
leads to a more coherent, non-redundant, and interpretable processing pipeline that has better aspect-
context congruence.

L1 Reseach Objectives

The ultimate goal of this study is to come up with a mathematically sound, interpretable, and
computationally efficient aspect-based sentiment analysis (ABSA) model that enhances aspect-context
correspondence by conditioning the aspects early instead of modifying post-hoc attention. In particular, the
following research hypotheses need to be addressed:
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o Architecture Design a structurally consistent ABSA architecture where aspect knowledge is injected
before profound contextual encoding via a new Adaptive Aspect Conditioning Layer (AACL).

o Develop a non-redundant and sequentially ordered processing pipeline that combines tokenization,
embedding, contextual encoding, sequential refinement, calibrated attention, and robust optimization
in a single framework.

o Increase fine-grained sentiment classification performance, making it better by refining semantic
polarity alignment through specific contextual representation learning.

«  Maintain interpretability Be explicit and analyzable attention distributions based on aspect relevance.

o Be robust and generalize in balanced multi-class sentiment data, but achieve computational
practicability.

1.2 Research Contributions

This study has the following main contributions:

« Introduction of Adaptive Aspect Conditioning Layer (AACL): A new architectural element that
learns token embeddings conditioned with aspect data before being encoded by the transformers to
allow semantic calibration to be learned early and avoid the use of post-encoding alignment.

« Distinct Early Conditioning Mechanism: Unlike conventional aspect-aware attention models that
integrate aspect information after contextual encoding, AACL performs pre-encoding feature modula-
tion, enabling early semantic alignment.

«  Feature Modulation vs. Attention: AACL operates as a feature conditioning layer, not merely a weight-
ing mechanism, allowing aspect signals to reshape token embeddings before transformer processing.

+  Reduced Dependency on Post-hoc Alignment: By embedding aspect relevance early, the model
minimizes reliance on later attention corrections.

o  Compatibility with Transformer Backbones: The proposed layer is lightweight and can be integrated
with various transformer architectures without architectural disruption.

o Development of Two Unified Hybrid Architectures (HABSA and AAC-HABSA): Structurally
integrated structures that combine transformer encoders, BILSTM sequential refinement, and aspect-
guided attention in a mathematically consistent pipeline.

«  Clear and Non-Redundant Architectural Flow: A strictly designed processing flow: Tokenization,
Token & Positional Embedding, AACL, Transformer Encoder, BiLSTM, Aspect-Guided Attention,
Fully connected Layer, and Focal loss, which represent continuity and embedding, and redundancy is
kept away.

o  Early Stage Aspect Conditioning Mechanism: In comparison to traditional hybrid methods, aspect
signals are added prior to deep contextual learning, leading to better semantic polarity alignment and
better sentiment discrimination.

o Interpretability Preservation through Structured Attention: The model has analyzable attention
distributions consistent with aspects extracted, and makes sentiment predictions more transparent
and explainable.

«  Robust Optimization via Focal Loss Integration: Use of focal loss to address class imbalance and stress
on difficult-to-classify cases to enhance model stability in multi-class sentiment contexts.

o«  Construction of a Balanced ABSA Dataset: Creation of a modern dataset of around 10,000 annotated
product and service appraisals of five degrees of ordinal sentiment strength to endorse cautious analysis
and reproducibility.
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o  Comprehensive Empirical Validation: A systematic comparison with transformer-only and con-
ventional hybrid baselines, as well as an ablation study of how effectively AACL can work and the
effectiveness of the architectural design as a whole.

AACL is a lightweight pre-encoding conditioning mechanism that differs from conventional post-
encoding fusion and attention-based aspect integration strategies.

The remainder of this paper is organized as follows. The specific details in the subsequent Section 2
review the existing literature on Aspect-Based Sentiment Analysis (ABSA), traditional sentiment analysis,
and deep learning approaches to LLMs. Section 3 presents the datasets used in this study. Section 4 describes
the proposed methodology, which is used in this study. Section 5 presents the experimental setup, ablation
Study, performance comparisons among models, visualization of Aspect-Guided Attention, and a detailed
discussion of the results. Theoretical and practical implications are explained in Section 6. Finally, Section 7
provides the conclusion and outlines directions for future work.

2 Related Work
2.1 Aspect-Based Sentiment Analysis

Aspect-Based Sentiment Analysis (ABSA) is concerned with the identification of sentiment regarding
a particular aspect or characteristic of a product, service, or event from the available text. Aspect-Based
Sentiment Analysis (ABSA) provides an extensive analysis of the scientific works, which begins with
statistical analytical methods [27], then machine learning methods [28], deep learning approaches [29], and
finally transformer-based architectures [30,31] as these architectures demonstrate superior performance in
ABSA applications. The primary objective of the early sentiment analysis research teams was to determine
the overall sentiment bias in documents and sentences through a generic tone assessment [32]. The available
methods at that time did not have sufficient precision to locate sentiment-based opinions related to particular
text features and entities.

2.2 Traditional Machine Learning Approaches

With the advent of machine learning came the appearance of Support Vector Machines (SVM) [33],
Naive Bayes (NB) [34], and Artificial Neural Networks (ANN) classifiers [35], which are much more
effective at classification than had been previously. The next research optimized the feature selection
and optimization techniques with decision trees, Gini Index techniques, and comparative classifier analy-
sis [36,37]. Social media applications and review datasets also indicated an excellent performance of SVM
and Logistic Regression, especially in combination with imbalance management techniques and sound
validation protocols [38,39]. Syntactic patterns with topic modeling were used to extract unsupervised
aspects [40], classification mechanisms based on supervised lemmas, and bio-inspired optimization-based
feature refinement [41]. Although there has been quantifiable improvement, standard methods of machine
learning were inherently limited due to their reliance on manual features and superficial contextualization.
The fact that they were capable of modeling only long-range dependency and domain-specific variation
had structural weaknesses, especially when used in cross-domain or low-resource settings. The challenges
inspired the use of deep learning structures.

2.3 Deep Learning and Transformer-Based Approaches

CNNs and BiLSTMs allowed learning the features automatically, and better modeling sequential
dependencies, as well as models of mixed types, became possible through the use of deep learning mod-
els [42-44]. The Pre-training and multitask learning frameworks are transfer learning strategies that boosted
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the performance of a small dataset by using document-level sentiment knowledge to classify aspects in
small-scale datasets with aspect-level classification [43]. However, in spite of the fact that these models
outperformed traditional ML in terms of contextual understanding, they were still limited to dealing with
complex interactions of syntactics and semantics and could not be easily interpreted and domain generalized.

The adoption of transformer-based architectures was a paradigm shift in ABSA. The learning of
semantic representations by BERT (Bidirectional Encoder Representations from Transformers) [26,45] is
significantly enhanced by bidirectional encoding of contexts, allowing the system to achieve state-of-the-art
performance on various NLP tasks and processes, including but not limited to speech recognition and natural
language generation processes through neural networks and machine learning methods. Transformer-based
ABSA models using attention mechanisms, hybrid BiLSTM models, and contextual embeddings have shown
consistent performance in aspect extractions and sentiment classification [46-48]. The need to model
relational dependencies in text has been further emphasized with the help of structural additions, such as the
combination of Distil-RoBERTa and Graph Neural Networks [49], which also introduced a new trend within
the field of text representation and processing. Further improvements, such as the bidirectional situation
awareness of ALDONAr [50], syntax-enhanced SRE-BERT [51], multimodal alignment models [52], such as
CoolNet, validated the idea of structural and semantic signal incorporation as a measurable improvement.
Nevertheless, transformer-based systems have high benchmark performance, but will add considerable
computational and data dependency. Their functioning is generally weak in the case of domain shifts,
and their decision-making mechanisms are mostly secretive. In addition, enhancements are often based
on adding complexity to the architecture instead of solving basic problems of reasoning, explainability,
and efficiency.

2.4 Aspect Injection Mechanisms in ABSA

In Aspect-Based Sentiment Analysis (ABSA), aspect information is integrated into the model at a
stage that will have a significant impact on aspect-sentiment alignment. The current strategies can be
divided into late fusion and early fusion mechanisms. The most common methods of late fusion apply
aspect information to the contextual encoding output, usually through attention networks or classifier-
conditioning interactions (e.g., ATAE-LSTM, IAN, RAM), which constrain the direction of deep semantic
representation learning [16,17,53]. In contrast, early fusion methods add aspect embeddings at the input level
through concatenation or gating [54,55]. Nevertheless, these procedures do not contain an overt conditioning
role and consider aspect cues as additional characteristics as opposed to structural regulators of learning
representations. ABSA models that are based on transformers also utilize sentence-pair formatting (e.g.,
BERT-based approaches), which offers implicit and weak aspect interaction only [21,56,57].

Although previous models like ATAE-LSTM and gated CNN-based models add aspect information to
the embedding or attention stage, these models do not explicitly condition token representations before deep
contextual encoding. By contrast, the proposed Adaptive Aspect Conditioning Layer (AACL) proposes a
mathematically-defined transformation that scales token embeddings prior to transformer processing, so
aspect relevance is incorporated into the contextual representation learning process instead of being applied
after hoc.

Unlike early-fusion approaches that concatenate aspect embeddings with token embeddings, and
post-encoding gating/attention mechanisms that modulate global features, AACL performs pre-encoding
aspect-conditioned transformation of token embeddings. This enables aspect-aware representations to be
created before encoding, rather than as an extension. Consequently, AACL introduces a lightweight yet
structured conditioning step that differs from other fusion and modulation mechanisms. While incremental
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in architectural complexity, this design provides a clearer separation between aspect conditioning and
sequence encoding.

2.5 Large Language Models (LLMs)

Despite these developments, existing research on ABSA of LLM is still incomplete. The Current
literature is mainly devoted to single subtasks, not offering a comprehensive framework that would allow
extracting aspects, classifying sentiments, and cross-domain stability at the same time. Comparisons of
performance across models are not consistent, and most methods are based on the idea of timely engineering
without the formation of principled reasoning frameworks. Moreover, syntax-aware enhancements can
be promising, but not yet a unified architecture that systematically combines contextual transformer
encoding, explicit syntactic modeling, and reasoning-based LLM capabilities in a computationally-efficient
architecture. To conclude, the literature demonstrates that there has been a strong transition between feature-
engineered machine learning to contextualized transformer models and reasoning-able LLM systems.
Nevertheless, there remains a decisive gap in the creation of a coherent, effective, and generalizable ABSA
framework that manages to balance the concerns of context, structural linguistic awareness, reasoning
power, and computational viability. Current methods either focus on contextual representation at the cost
of efficiency or utilize LLM reasoning without being integrated into overall end-to-end ABSA pipelines.
Consequently, a system that unites these paradigms in a systematic way with transformer-based con-
textual encoding and syntactic dependency modelling and controlled reasoning systems of LLMs and
preserves the domain and computational efficiency is still required. Solving this gap would take ABSA from
making minor enhancements to the architecture to a solution that is cohesive, theoretically based, and
practically deployable.

3 Dataset Description

In this study, we used three datasets for aspect-based sentiment analysis (ABSA).

3.1 Amazon Cell Phone Reviews Dataset

This publicly available dataset from Kaggle “Amazon Cell Phones Reviews” contains 67,986 product
reviews and eight columns with useful information such as ASIN, product name, rating, review date,
verification status, review title, body, and helpful votes. It is used for sentiment analysis with five rating classes
ranging from 1 to 5, corresponding to very positive, positive, neutral, negative, and very negative.

3.2 Amazon Product Reviews Dataset

This dataset is also available on Kaggle Sentiment Analysis: Amazon Product Reviews that includes
30,846 reviews from a wide range of products. It also follows a five-class sentiment rating system, similar to
the other two datasets. The datasets used in this study are summarized in Table 1.

Table 1: Experimented dataset statistics.

Dataset Ratingl  Rating2  Rating3 Rating4  Rating5 Total
Amazon Cell Phone Reviews 12,743 3915 4752 8824 37,752 67,986
GD 2000 2000 2000 2000 2000 10,000

Amazon Product Reviews 1708 1155 2216 5748 20,019 30,846
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3.3 GD Dataset Construction and Annotation (Custom-Built Dataset)

The GD dataset is a new corpus of 10,000 Amazon customer reviews of mobile phones and electronic
products that were gathered between 2020 and 2024. In order to balance the classes and reduce bias, a
stratified sampling approach was employed, which led to 2000 instances per sentiment category in five
classes. It has 13 structured attributes, including review text, product specifications, ratings, verified purchase
status, and helpful votes, which are rich with contextual information in the context of Aspect-Based
Sentiment Analysis (ABSA). To annotate, three domain-sensitive annotators who had previous experience
with sentiment labeling were recruited and trained through a standardized annotation protocol that matched
textual sentiment with the respective star rating. The resolutions of disagreements were made by majority
vote (consent of at least two annotators). The quantitative measure of the reliability between annotators
was measured as Fleiss Kappa, with the result of x = 0.80, which implies high agreement and proves the
consistency and reliability of the annotation process. Such a strict annotation scheme increases the ability to
reproduce and the validity of the GD dataset.

The mapping of the star ratings to the sentiment categories is given in Table 2. All of the ratings 1 to
5 correspond to a sentiment polarity that may be very negative or very positive, and a short description.
Experiments are performed not only on the GD dataset but also on publicly known benchmarks (Amazon
Cell phone and Amazon Product) to guarantee a wider evaluation and minimize the bias on the basis.

Table 2: Mapping of star ratings to sentiment categories.

Star Rating Sentiment Category Description
1 Very Negative Strong dissatisfaction, purchase regret, poor quality.
2 Negative Dissatisfaction with moderate or specific problems.
3 Neutral Balanced view, including both negative and positive aspects.
4 Positive General satisfaction with minor complaints.
5 Very Positive Strong satisfaction; highly recommended.

Table 3 gives some sample cases in the GD dataset. It presents representative reviews in the various
sentiment categories, demonstrating how textual opinion is congruent with star ratings.

Table 3: Example instances from the GD dataset.

Senti t
Star Rating é:t;gmoil; Review Text (Row No.)

Worst phone ever; do not buy it. I have to keep restarting the
! Verv Neative phone for anyone to text or call me. There is never any signal,
\Y . . . .

yes even near a tower. I will never buy another one like this again

(5702).

The phone was advertised as being in excellent condition
(refurbished), but it was not as described. It had dings and
2 Negative scrapes around the edges and issues with touchscreen response
during setup. I did not proceed further with configuration
(7961).

(Continued)
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Table 3 (continued)

Senti t
Star Rating é:t;;::;’ Review Text (Row No.)

Unfortunately, I experienced a problem. Externally, it appeared
3 Neutral optimal, but during testing, I had difficulty focusing with the
front camera. I returned the device and received a refund (7850).

I like the phone overall. The battery life is not what is expected

4 Positive from a Google phone, but it is still a good device (1340).

This phone is wonderful. I upgraded from a Motorola G7, and
5 Very Positive the difference is remarkable. It works perfectly with Google Fi
and performs excellently. Highly recommended (1356).

4 Proposed Methodology

This section provides a brief description of each component in the proposed architecture, including
the input layer, transformer-based encoding module, sequential modeling using Bi-LSTM, an attention
mechanism to emphasize important terms, a regularization layer, a focal loss layer, and the final classification
layer. Fig. 1 illustrates the overall architecture of the proposed model, while Algorithm 1 provides a detailed
step-by-step description of the proposed model.

4.1 Data Input, Representation and Pre-Processing

This layer processes raw text reviews from the three different datasets, each marked with one of five
sentiment labels: very negative, negative, neutral, positive, and very positive. We independently tested the
model on each dataset to assess how it works when trained with different sources. Each review r in the
dataset D is labeled with one to five sentiment classes. A clear summary of the datasets, along with their class
breakdown, is provided in Table 1. Here, with a review sentence and a particular target aspect, the goal is
to ascertain the sentiment polarity that has been articulated on the aspect. It is developed as an aspect-level
multi-class classification problem that is supervised.

X =X1,X2, ... > Xp (1
as a token sequence and the extracted aspect correspondingly as:

A=ay,as,...,a,. (2)

Here, the goal is to estimate the sentiment polarities (y € 1,.. ., C) with respect to the particular aspect
A, in which C represents the number of sentiment classes.
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Figure 1: HABSA model architecture. After the input layer, aspect terms are extracted using NLTK, followed by
token embedding and dynamic position embedding to capture relationships between words. A transformer layer
is then applied, where pre-trained language models such as BERT, RoBERTa, and DistilBERT are evaluated. Next,
a Bi-LSTM layer captures forward and backward contextual dependencies, followed by an attention mechanism to
highlight important terms. A dropout layer is applied to reduce overfitting, after which a fully connected layer and a
Softmax-based classification layer are used to predict one of five sentiment classes.

Algorithm 1: AAC-HABSA-adaptive aspect-conditioned hybrid framework for aspect-based sentiment
analysis

Input: Review text X, Aspect term A, Transformer encoder 7
Output: Predicted sentiment label y
I: T, < Tokenize(X)

(Continued)
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Algorithm 1 (continued)
2: E « Embed(T,) + PositionalEncoding(T,)

3: Ayep < Embed(A)

4: E° < E+g(E,Arp) Adaptive Aspect Conditioning Layer (AACL)

5: H<« T(E) Transformer contextual encoding

6: Hy; < BiLSTM(H) Bidirectional sequence modeling

7 o« CXP(Hb,«WaArep) Aspect-guided attention weights

Y exp(Hy, WaArep)

8: C« Y a;Hj, Context vector

9: C" < Dropout(C, p)
10: z <« W.C' + b, Fully connected projection
1: y < Softmax(z) Sentiment prediction
12: Lfocar = —a(1-p;)" log(y:) Focal loss (for true class)
13: 0« 0-1VoLsocal Optimization

14: return y

4.2 Token Embedding and Position Embedding

The basic form of representation of textual data is token embeddings, which represent every word or
subword token as a dense-valued space in which semantic and syntactic similarities are maintained. These
embeddings encode the context of the token and enable the model to process text data in numeric form.
Large language model pretrained embeddings like BERT, RoBERTa, or DistilBERT are specifically effective
since they capture the rich context relationships trained through large-scale corpora. Here is a mathematical
representation of token embedding, where each token is mapped into the embedding space.

E=[e;es....e,], eic€ G (3)

Positional embeddings are also added to token embeddings to add extra information with regard
to the position of words in a sentence, which is not explicitly represented in transformer architectures.
Because self-attention does not inherently follow sequence, but all tokens are processed simultaneously,
positional encodings in self-attention preserve word order and syntactic structure. The combination of
token embeddings and positional embeddings results in a model that represents the meaning of words and
their relative position, which is essential in the task of aspect-based sentiment analysis. Now we have a
mathematical representation of positional embeddings

zZi=e;+p; (4)

where p; is the positional embedding of the token i.

4.3 Adaptive Aspect Conditioning Layer (AACL)

Traditional ABSA algorithms combine aspect information through either pooling or static concatena-
tion. But here we present a dynamic conditioning mechanism that actively injects aspect knowledge at the
token level prior to profound contextual modeling.

4.3.1 Learnable Aspect Representation

The term representing the extracted aspect is encoded in the same embedding space as the review
tokens to ensure semantic alignment. The model uses a self-attention mechanism to produce a refined aspect
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representation, which can be differentially weighted on the multi-token aspects. Here, the same encoder is
used to entrap aspect tokens:

Ex=[EV,.. . E{M]ermd (5)

A self-attention algorithm is used to obtain a learnable aspect vector:

exp(wTEgj))
%= om T (k) (®)
ke exp(w E, )
P ()
A=) ajE}; (7)
j=1

where: (w € R?) is trainable (A € R?) is the refined aspect embedding This enables different weighting of
multi-token aspects.

4.3.2 Adaptive Token Level Fusion

An aspect-gating mechanism is a dynamic control over the degree to which aspect information is to
have an effect on any particular token in the sentence. This dynamic fusion allows the model to increase
the number of relevant aspect words and decrease irrelevant context information. Here, instead of fixed
concatenation, we propose a gating system, which dynamically injects aspects on a token-by-token basis.

gi = 0(Wyzi + UgA + by) (8)
where (W, Uy € R?4) (b, € R?)(0) is the sigmoid activation The conditioned token representation will be:
hfo):gi®zi+(1—gi)®fi (9)
where © represents elemnet wise multiplaction and the conditioned sequence representation will be:

HO =19, "] (10)

Now, this process allows one to find dynamic and token-specific modulation of sentiment signals with
respect to the specified aspect. In contrast to traditional aspect-aware attention mechanisms, which work
on already contextualized representations, the proposed AACL proposes aspect conditioning before the
transformer encoding. This enables the model to add aspect relevance when learning to represent instead of
using post-hoc alignment.

4.4 Transformer Contextual Encoding

The aspect conditioned token sequence is fed into a previously trained transformer encoder to obtain
rich contextual dependencies. Since aspect conditioning is learned earlier, the transformer receives context
representations that have already matched the target aspect. Here, the aspect-conditioned sequence is passed
to a pretrained transformer encoder:

HD = 1LM(HO) (11)
H(T) ¢ Rr=dn (12)
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where

(LLM € BERT, RoBERTa, DistilBERT). (13)

The transformer captures deep bi-directional semantic dependencies across the sequence and is aspect
aware because of being conditioned beforehand, thus, this is illustrated in

Input

___l___

/

.’ @ @

I v v v I
[ Multi-head Self Attention

| l

Buipooug
leuoljisod

—
—

I > Add & Norm I
| } |
I Position-Wise Feed- I

Forward Network

!

l Add & Norm ,

\___l___/

Output
Figure 2: Structure of the transformer module.

4.5 Sequential Modeling with BiLSTM

Transformer models, although used to model global dependencies, do not explicitly model sequential
sentiment transitions. A bi-directional LSTM layer is then used in order to refine the local contextual flow
and process the forward and backward polarity flow. BILSTM is illustrated in

—

57 = LSTM ¢ (H") (14)
7 = LSTM,,. (H!™) (15)
Si=[55] (16)
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S e R™*%4s 17)

This layer optimizes local sentiment development trends.

Backward
LSTM

| | | |
Forward o __ o[ g sm |4—>! BiLsTM H—>! BiLSTM H—>/ BiLSTM

LSTM
A A A A

| love this product

Figure 3: The basic architecture of the BI-LSTM model employed for sequential molding in our proposed model.

4.6 Aspect Guided Contextual Attention

A mechanism to rank tokens for selective emphasis is used to choose tokens that have the most influence
on the aspect-specific sentiment prediction. The step increases the interpretability and enables the model to
concentrate on sentiment-bearing expressions of relevance to the aspect under consideration. In order to
emphasize sentiment-bearing tokens about the aspect of interest, an attention mechanism is used:

u; = tanh(W;S; + W, A) (18)

exp(u;)
_ 19
S exp(ug) 19)

i
The final sentence-level representation is
n

V= Z (XiS,' (20)
i=1

This step provides interpretation and fine-grained weighting of tokens. The internal workflow of the
Aspect Guided Contextual Attention is illustrated in Fig. 4.
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Figure 4: Structure of the aspect-guided attention model.

4.7 Classification Layer

The aggregated contextual representation is sent through a fully connected layer, after which a softmax
is used to obtain the probability distribution of sentiment classes. A predicted class represents the highest
probability score. Here, the final probability distribution of sentiment is given by:

¥ = Softmax(W,v + b,) (21)
where (W,) and (b, ) are learnable parameters

4.8 Focal Loss for Class Imbalance

Focal loss is applied during training to reduce the effects of class imbalance and enhance performance
in the poorer sentiment categories of the minority. The working of this loss is the dynamic downweighting
of the easily solvable samples and giving more value to the difficult ones. Tothe overcome the imbalance of
classes and avoid the prevalence of majority classes, focal loss is used:

C
Efocal = _Zac Ye (l_yC)ylog()/}C) (22)
c=1
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where C is the number of sentiment classes, y. is the ground-truth label (one-hot encoded), y. is the
predicted probability for class ¢, «, is the class balancing factor and y is the focus parameter that controls the
contribution of hard-to-classify examples.

5 Experiments, Computational Complexity, Inference Efficiency and Results Discussions
5.1 Experiments

In this section, details of implementation and hyperparameters that are used to train the proposed
HABSA-AACL framework are provided. The contextual backbone models were pretrained transformer
encoders such as BERT, RoBERTa, and DistilBERT (base versions, 12 layers, 768 hidden dimensions). The
BiLSTM layer was set at 128 hidden units forward and backward (256 total), which has enough sequential
memory and is also computationally efficient. The upper limit of the input sequence was set to 128 tokens to
compensate for contextual and memory coverage. The maximum epochs that were used in model training
were 15 epochs with the AdamW optimizer and an initial learning rate of 2e—5 and a weight decay of
0.05. Early termination was used using validation loss to avoid overfitting. Memory-performance trade-
offs were tested using batch sizes of 16 and 32 to test the trade-offs. Each experiment is carried out in five
randomized runs using random seeds, and the reported results are in the form of mean + standard deviation
to provide robustness and reproducibility. Hyperparameters were determined using grid search and previous
experience on transformer-based sentiment classification papers. All the details of the implementation, such
as the hyperparameters and training settings, are given in Table 4 to ensure that someone can reproduce.

Table 4: Hyperparameter configuration for HABSA-AACL framework.

Component Configuration
Transformer Models BERT-base, RoBERTa-base, DistilBERT
Hidden Layers 12
Hidden Size 768
Maximum Sequence Length 128
Tokenizer Type Model-specific fast tokenizer
Batch Size 16, 32
Number of Epochs 15 (Early Stopping Applied)
Optimizer AdamW
Learning Rate 2e-5
Weight Decay 0.05
BiLSTM Hidden Units 128 (forward) + 128 (backward)
Total BiLSTM Output Size 256
Dropout Rate 0.3
Loss Function Focal Loss
Focal Loss Gamma (y) 2

Random Seed
Hardware

5 random seeds
GPU-based Training
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5.2 Computational Complexity, Inference Efficiency

The transformer encoder is the most complex part of the computation structure of HABSA-AACL, with
the following complexity:

O(n*d) (23)

because of the mechanism of self-attention, n sequence length, d embedding dimension.

The extra BiLSTM layer provides linear complexity:
O(ndy) (24)

The Adaptive Aspect Conditioning Layer is also overhead-free, as it executes token-wise gating
operations with complexity that is linear in sequence length. The parameter analysis shows that:

o  BERT-base: 110M parameters

«  RoBERTa-base: 125M parameters

o  DistilBERT: 66M parameters

« Additional AACL + BiLSTM layers add less than 2%-3% extra parameters

The empirical results indicate that DistiiBERT-HABSA has the best trade-off between performance and
efficiency, as it reduces inference time with competitive performance.

According to Table 5, the proposed AAC-HABSA introduces a small additional computational cost
compared to ROBERTa, around 6-7 ms per sample on average, and less than 3% more parameters. This shows
that the proposed Adaptive Aspect Conditioning Layer improves the model while being efficient. The fine-
grained aspect sensitivity explains the modest increase in computational cost. We recognize that the ability
to compare performance across datasets of different difficulty levels needs to be approached with caution,
and thus, the results are presented individually per dataset.

Table 5: Computational efficiency comparison of AAC-HABSA and baseline variants.

Model Variant Inference Time (ms/sample) GPU Memory (MB) Parameters (Millions)
RoBERTa 175+ 0.6 1580 + 25 125
+ BiLSTM 20.8 £ 0.5 1685 + 20 128
+ Aspect Integration 226 +0.4 1720 =18 128.5
AAC-HABSA (Proposed) 241+ 0.5 1760 + 15 129

5.3 Results Discussion

This section will show the experimental results of the Proposed HABSA framework on three benchmark
datasets, namely GD, Amazon Cell Phones, and Amazon Products. The assessment measures are Accuracy,
Precision, Recall, and Fl-score.

5.3.1 Comparison with Traditional and Transformer Baselines

Table 6 shows the results of classical machine learning models and conventional deep learning baselines.
Transformer-based models are better than the classical classifiers (SVM, LR, NB, LSTM, RCNN, and GRU)
across all datasets. The highest accuracy of 76.80% with BERT in GD, 88.30% with BERT in Amazon Cell
Phone, and 8710% with BERT on Amazon Product is attained by BERT. The findings obtained affirm that
contextualized embeddings are very useful in sentiment classification than traditional architectures.
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Table 6: Performance of traditional and transformer baseline models.

Dataset Model Accuracy (%) Precision Recall F1-Score
Bi-GRU 72.40 0.72 0.72 0.72
GD BERT 76.80 0.76 0.76 0.76
RoBERTa 78.60 0.78 0.77 0.78
Bi-GRU 85.20 0.85 0.85 0.85
Amazon Cell Phone BERT 88.30 0.88 0.88 0.88
RoBERTa 90.10 0.89 0.90 0.89
Bi-GRU 83.90 0.83 0.83 0.83
Amazon Product BERT 87.10 0.87 0.87 0.87
RoBERTa 89.60 0.88 0.89 0.88

5.3.2 Performance of Proposed HABSA Framework

Table 7 shows the comparative performance of the transformer variants and the proposed HABSA
model. The proposed HABSA with Aspect-Guided Attention has an accuracy of 89.10 on the GD dataset,
which is much higher than that of RoBERTa (78.60%) and RoBERTa + BiLSTM (81.20%). This is also unlike
Amazon Cell phone (90.10%), Amazon Product (89.60%). The steady increase in all datasets proves that
Adaptive Aspect Conditioning and attention-based contextual modeling have a significant contribution to
sentiment discrimination.

Table 7: Performance comparison of transformer variants and proposed ACC-HABSA model.

Dataset Model Acc. (%) Prec. Rec. F1
RoBERTa 78.60 0.78 0.77 0.78
GD RoBERTa + BiLSTM 81.20 0.80 0.80 0.80
HABSA (Baseline) 84.45 0.84 0.85 0.84
AAC-HABSA (Proposed) 89.10 0.88 0.89 0.88
RoBERTa 78.60 0.78 0.78 0.78
Amazon Cell Phone RoBERTa + BiLSTM 83.11 0.82 0.83 0.82
HABSA (Baseline) 88.10 0.87 0.88 0.87
AAC-HABSA (Proposed) 90.10 0.89 0.90 0.89
RoBERTa 80.50 0.80 0.80 0.80
Amazon Product RoBERTa + BiLSTM 84.50 0.84 0.84 0.84
HABSA (Baseline) 87.00 0.86 0.87 0.86
AAC-HABSA (Proposed) 89.60 0.88 0.89 0.88

5.4 Ablation Study

In order to carefully assess the value of every architectural element, an ablation experiment was
performed by adding modules to the RoBERTa backbone in a gradual manner in a common experimental
environment throughout all datasets. In addition to performance indicators, Table 8 provides standard
deviation (+) of average performance in numerous runs and p-values to determine statistical reliability
and significance.
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Table 8 summarizes the results.

Table 8: Ablation study of the proposed AAC-HABSA model with statistical significance.

Dataset Model Variant Accuracy (%)  Precision  Fl-Score  p-Value
RoBERTa 78.60 + 0.42 0.78 0.78 -
GD +BiLSTM 81.20 + 0.38 0.80 0.80 0.021
+Aspect Integration 86.30 + 0.35 0.85 0.85 0.008
+AAC-HABSA (Proposed) 89.10 + 0.31 0.88 0.88 0.004
RoBERTa 78.60 + 0.40 0.78 0.78 -
Amazon Cell Phone +BiLSTM 83.11 + 0.36 0.82 0.82 0.018
+Aspect Integration 89.30 + 0.33 0.88 0.88 0.006
+AAC-HABSA (Proposed) 90.10 + 0.29 0.89 0.89 0.003
RoBERTa 80.50 + 0.39 0.80 0.80 -
Amazon Product +BiLSTM 84.50 + 0.35 0.84 0.84 0.015
+Aspect Integration 88.40 + 0.32 0.87 0.87 0.007
+AAC-HABSA (Proposed) 89.60 + 0.28 0.88 0.88 0.003

The findings show a significant and statistically significant improvement at every stage. The addition
of BIiLSTM increases contextual sequence modeling with moderate but consistent improvements. Aspect
integration greatly increases performance, which validates the significance of aspect-sensitive feature repre-
sentation. Lastly, the proposed AAC-HABSA has the best precision and Fl-scores with a reduced variance,
and the p-values (<0.05) that are reported confirm that the gains are statistically significant. This continuous
improvement in all datasets shows the efficiency and strength of the suggested architecture.

5.5 Statistical Significance Analysis

To provide the strength of the observed improvements, a paired t-test was performed between the
proposed AAC-HABSA model and the strongest model (RoBERTa) in several runs. The findings sug-
gest that performance improvements are statistically significant (p < 0.05) in all datasets, proving that
the improvements are not caused by chance variation but are predetermined by the suggested architec-
tural improvements.

5.6 Qualitative Comparison with Existing Studies

As illustrated in Table 9, the proposed HABSA model outperforms all existing state-of-the-art models
reported in the literature in terms of accuracy and Fl-score. Previous studies such as DE-GCN [58] and IA-
HiNET [59] achieved notable results with Fl-scores of 70.44 and 75.85, respectively. They were primarily
evaluated on benchmark datasets such as SemEval and Twitter. In contrast, HABSA demonstrates superior
generalization capabilities on more diverse and complex datasets, achieving an accuracy of 90.10% and
89.60%, as well as the highest Fl-scores of 0.89 and 0.88 on Amazon Cell Phone and Amazon Product
Reviews, respectively. This performance reflects the effectiveness of HABSA's hybrid architecture, which
integrates aspect-guided attention with top of contextual transformer embeddings and sequential modeling,
and focal loss for improved aspect-based sentiment classification. The consistent improvement over models
such as CGT [60] (82.05%) and TextGT [61] (79.70%) further underscores the robustness and adaptability
of the proposed approach in real-world product review domains.
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Table 9: Qualitative comparison with published studies.

Study Year Language Dataset Model Results
[58] 2023  English SemEval 2014, 2015, 2016 DE-GCN F1=70.44

Taiwan Social Distancing

. _ 0
[62] 2023  English Mobile App BERT + MLP Accuracy = 74.68%
A =78.49%,
[63] 2022 English  SemEval 2014-2016, Twitter GCNs couracy =78.49%
F1=74.63
[61] 2024  English  SemEval 2014, 2016, Twitter TextGT Accuracy =79.70%
g > > Y
Cl Graph
[60] 2024  English SemEval datasets ause Lrrap Accuracy = 82.05%
Transformer
A = 83.58%,
[59] 2023  English  SemEval 2014, 2016, Twitter ~ IA-HiNET 2 s e &
AAC- Accuracy = 90.10%,
D, A 1l Phone,
HABSA 2025 English = © Agaa‘;oo;lgz ductone AAC-HABSA  Precision = 89%,
(Proposed) Recall = 90%, F1 =89

-

Furthermore, the training and validation accuracy curves are illustrated in Fig. 5. Similarly, Fig. 6
presents each dataset’s training and validation loss curves. Similarly, the confusion matrices for the
GD dataset, Amazon Cell Phone Reviews dataset, and Product Reviews dataset are shown in Figs. 7-9,
respectively.
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Figure 5: Training and validation accuracies over epochs against all datasets.
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Training and Validation Loss Across All Three Datasets
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Figure 6: Training and validation loss over epochs against all datasets.
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We accept that Direct numerical comparison may not be strictly fair due to differences in datasets and
experimental configurations. That is why we ensure some recent baseline models (in Table 7) to achieve a
fair and controlled assessment, using the same experimental settings, same datasets, preprocessing pipeline,
and training configuration. In particular, our unified framework was re-implemented and fine-tuned to
transformer-based and hybrid architectures (BERT, RoBERTa + BiLSTM, and BERT + Attention). This
removes variability that is introduced by differences between datasets and is able to compare directly with the
proposed ACC-HABSA model. The evidence shows that ACC-HABSA always beats all reproduced baselines
based on all evaluation metrics, which proves that early aspect conditioning is effective based on the proposed
AACL module.

5.7 Aspect-Guided Attention Visualization

In addition to the quantitative measures, which have proven the usefulness of AAC-HABSA, the
qualitative analysis will give more information regarding the interpretation. In order to examine the
decision-making behaviour of the model, we visualize the token-level distributions of attention and compute
aspect-weighted sentiment scores. These examinations depict the way in which the model targets sentiment-
relevant tokens with target aspects.

5.8 Token-Level Attention Heatmaps

Attention heatmaps are created on representative sentences that belong to the various sentiment classes
(very positive, positive, neutral, negative, and very negative). The tokens receive normalized attention weight
value with darker colour intensity implying higher importance as shown in Fig. 10. The visualization has
indicated that the attention weights are generally placed on the terms that carry a sentiment and those that
note the aspects. This proves that the suggested Adaptive Aspect Conditioning mechanism is quite effective
in steering the model in favor of semantically meaningful tokens in sentence prediction.
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Figure 10: Heatmap of representative sentences from very positive, positive, neutral, negative, and very negative
sentiment classes. Color intensity indicates the relative contribution of each token to the model’s decision.

5.9 Aspect-Weighted Sentiment Score

To measure the aspect polarity on a quantitative basis, an attention-weighted sentiment aggregation
mechanism is adopted. Each token i is assigned

AspectScore(a) = Y a; - s; (25)

i=1
where

»  a; = normalized attention weight of token i
o §; = sentiment contribution of token i
« n =numbers of token related to aspect

This equation will make sure that the tokens that are given more attention will make relatively more
contributions to the final aspect sentiment measure.

5.10 Polarity Mapping Strategy

The calculated aspect score is transformed into discrete sentiment categories by applying predefined
ranges of threshold values. This conversion guarantees a consistent method of converting continuous
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sentiment values into categorical values of polarity (e.g., very negative to very positive). The threshold design
ensures that polarity is equally assigned to various sentence structures as illustrated in Table 10.

Table 10: Aspect-level sentiment score to polarity mapping.

Aspect Score Range (s) Polarity Class

s> +0.75 Very positive
+0.40 < s < +0.75 Positive
-0.25<5< +0.40 Neutral
-0.60 <5 <-0.25 Negative

s <-0.60 Very negative

5.11 Worked Example

As an example of the process, the attention weights at the token level are multiplied with their respective
sentiment scores as shown in Table 11. The contribution of these contributions is the weighted sum to get the
aspect sentiment score. The last polarity is decided by using the threshold-based strategy of mapping. The
correspondence of the distribution of attention, token sentiment contributions, and the expected polarity
proves the interpretability and reliability of a suggested AAC-HABSA framework.

AspectScore = (0.78 x —0.85) + (0.90 x —1.00)
+(0.88 x —0.95) + (0.15 x —0.40) (26)
+(0.22 x —0.30) + (0.18 x —0.20)

AspectScore ~ —0.94 27)

Mapped Polarity: Very Negative

Table 11: Token-level attention weights and sentiment scores for a very negative sentence.

Token Attention Weight Sentiment Score
Performance 0.12 0.00
Extremely 0.15 -0.40
Slow 0.78 -0.85
Frequently 0.22 -0.30
Crashes 0.90 -1.00
Feels 0.18 -0.20
Unusable 0.88 -0.95

5.12 Quantitative Interpretability Metrics

Here, we use two quantitative metrics to complement qualitative attention maps and measure attention
reliability and faithfulness. As can be observed in Table 12.
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Table 12: Quantitative interpretability evaluation of AAC-HABSA.

Dataset Attention Entropy] Faithfulness Score?
GD 1.72 0.41
Amazon Cell Phone 1.65 0.45
Amazon Product 1.68 0.43

5.12.1 Attention Entropy (Focus Measurement)

We use entropy to quantify the sharpness of the attention distribution:
H(a) ==Y a;log(a;) (28)
i=1
A lower value means a more focused attention.j

5.12.2 Attention Faithfulness (Ablation-Based Test)

We measure faithfulness by ablating most attentive tokens and examining changes in predictions:

A =f(x) = f(x\Top-k(a))| (29)

where athe larger A indicates higher reliance on important tokens.

5.13 Interpretability Summary

The Qualitative heatmaps are complemented with quantitative interpretability measures. The entropy of
the model’s attention indicates that the model focuses on a small number of sentiment-relevant tokens, and
the faithfulness indicates that these tokens play an important role in the model’s predictions. The agreement
between attention visualisation and quantitative evaluations shows that the proposed AAC-HABSA model
offers faithful and interpretable aspect-level sentiment reasoning.

6 Theoretical and Practical Implications
6.1 Theoretical Implications

This study contributes to the knowledge of aspect-based sentiment analysis (ABSA) more on the
insights of architectural design and empirical validation, but not to theoretical development. The suggested
ACC-HABSA model indicates the success of incorporating transformer-based contextual encoding into
a unified framework of the BiLSTM-based sequential model and adaptive aspect-conditioned attention.
The hybrid structure allows modeling the global semantic context and fine-grained aspect-wise sentiment
dependencies better. Moreover, the addition of adaptive aspect representations to the attention system is
empirically demonstrated to increase aspect sentiment alignment. It is also demonstrated by the use of focal
loss that imbalance-aware optimization is important in multi-class sentiment. Taken together, these results
offer useful design concepts and tested modeling techniques that can be used to create more effective and
understandable ABSA systems.

6.2 Practical Implications

The proposed AAC-HABSA model is a sound solution in application-wise when applied to opinion
mining in a real-life scenario, as well as sentiment analytics on a large scale. The framework is accurate at
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90.10% on the Amazon Cell Phone data set and 89.60% on Amazon Product reviews and performs similarly
and reliably across domains. Fine-grained sentiment intensity allows for analyzing customer feedback in a
more detailed way than coarse polarity classification does. This is especially useful in e-commerce websites,
customer relationship management, brand awareness systems, and smart recommendations. Furthermore,
the release of the GD dataset gives a multi-class benchmark that is balanced and can be used in the future to
evaluate experiments and comparative studies in ABSA.

7 Conclusion and Future Work
7.1 Conclusion

The paper introduces a conceptually and architecturally consistent model of Aspect-Based Sentiment
Analysis based on the models of HABSA and AAC-HABSA. In contrast to traditional hybrid architectures,
which vaguely interconnect contextual encoders and sequential networks, the proposed framework provides
a mathematically unified processing pipeline where aspect information is injected before deep contextual
encoding through the Adaptive Aspect Conditioning Layer (AACL). The model conditions the token
representations and then contextualizes them with a transformer to guarantee that aspect relevance is directly
integrated in semantic feature learning and not done post hoc via generic attention weighting. The proposed
approach should be viewed as an incremental yet meaningful extension to hybrid ABSA architectures rather
than a fundamentally new modeling paradigm.

The architectural flow-Tokenization, Token and Positional Embedding, AACL, Transformer Encoder,
BiLSTM, Aspect-Guided Attention, Fully Connected projection, and Focal Loss optimization eliminates the
redundancy of the embedding, continuity of the representations, and ensures interpretability through the
analysis of structured attention. BILSTM integration allows sequential narrowing of contextual embedding,
whereas the aspect-guided attention ensures that the decision made on polarity is pegged to aspect-specific
semantic units. Focal loss is also adopted to achieve greater robustness by diversifying the imbalance in
classes and focusing on hard samples.

Empirical comparison of a recently built balanced dataset of some 10,000 annotated reviews, in
combination with traditional benchmarks, proves that HABSA and AAC-HABSA are consistent in their
accuracy, Macro-Fl, robustness, and interpretation analysis compared to transformer-only and conventional
hybrid baselines. Ablation experiments demonstrate the utility of the AACL and that the conditioning of
aspects at an early phase dramatically enhances semantic-polarity alignment.

In general, this contribution to ABSA is that it creates a structurally integrated, computationally
efficient, and interpretable architecture that mediates between learning contextual representation and explicit
aspect modeling. The suggested framework offers a theoretically conceptualized, yet scalable, solution to
fine-grained sentiment knowledge of real-world opinion mining systems.

The proposed AAC-HABSA framework showed great promise; however, this research has its own

limitations. The model has been mainly tested on text-based datasets, which may need to be validated on
real-time industrial environments based on multilingual and domain adaptation datasets.

7.2 Future Work

Although the suggested ACC-HABSA framework shows good results in text-based ABSA, there are
multiple promising extensions to consider. One of the directions is the adaptation of the Adaptive Aspect
Conditioning Layer (AACL) to multimodal conditions, where aspect representations can be co-conditioned
with respect to textual, visual or acoustic features. As an example, AACL can be modified to incorporate
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aspect-aware cues of multiple modalities prior to deep encoding to allow a more holistic sentiment
comprehension in practice in real-world contexts like video reviews or social media posts.

In cross-linguistic and low-resource settings, AACL provides a rich interface to the external knowledge,
e.g., multilingual embeddings or aspect representations translated into other languages, to enhance aspect
sentiment alignment with scarce labeled data. Moreover, AACL variants that are lightweight can be devel-
oped to increase performance in resource-limited applications. These guidelines demonstrate the flexibility
of the suggested architecture and open-ended opportunities to expand ACC-HABSA to more generalized
and scalable sentiment analysis systems.
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