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Abstract— In the competitive hotel industry, understanding guest feedback is essential for improving service quality. This paper proposes a
comprehensive intelligent system that applies transformer-based architectures to perform sentiment analysis and multi-label classification of
consumer complaints in hotel review data. Using BERT and RoBERTa, we fine-tune models for two tasks: classifying sentiment (positive, neutral,
negative) and detecting multiple complaint categories such as cleanliness, staff behavior, food quality, and booking issues. A shared encoder
supports both tasks, trained on an extended TripAdvisor dataset with additional evaluation on the Consumer Complaint Database from Kaggle.
Comparative experiments show that the fine-tuned RoBERTa model outperforms BERT, achieving an FI1 score above 0.928 for sentiment
classification and 87% mean precision across complaint categories. The system also integrates SHAP and LIME to provide insigh ts into model
decisions. It enables transparent review analysis, helping hotel managers detect issues promptly and enhance service quality. This solution

supports scalable and interpretable feedback analytics for smart hospitality systems.
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I INTRODUCTION

The hospitality industry has become increasingly reliant on
digital platforms where customers publicly share their
experiences, expectations, and complaints. Online reviews,
particularly those on popular platforms like TripAdvisor and
Booking.com, significantly influence travelers’ decisions and
provide valuable feedback for hoteliers aiming to improve their
services [1].

As the volume of reviews grows exponentially, manual
analysis becomes impractical, especially when hotels and
private accommodations (like ones listed on Airbnb) receive
thousands of reviews across multiple platforms [2].

However, not all reviews are authentic or relevant. Some
entries may be fraudulent, generated by bots, or posted with
malicious or promotional intent. Others might contain
irrelevant content, duplicate entries, or spam, which can
mislead analysis and reduce the reliability of automated
systems. In our earlier work [3]-[4], we performed in-depth
analysis and developed methods to detect and filter such
reviews, focusing on patterns in reviewer behavior, text
repetition, posting frequency, and sentiment inconsistency.

Traditionally, service providers have relied on rule-based
systems, simple keyword detection, or binary sentiment
classification (positive/negative text) to monitor customer
satisfaction. While useful in limited scenarios, approaches like
that tend to oversimplify guest narratives and overlook
important subtleties. For instance, a traveler may express
dissatisfaction with the cleanliness of a room but praise the
behavior of the staff within the same review. Treating this
feedback as uniformly “neutral” or “mixed” can easily mask
important information. Moreover, existingmethods often fail to
identify the specific dimensions of service that need attention,
like booking processes or room amenities. [5].

Recent advances in natural language processing (NLP), with
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the introduction of transformer-based architectures, have
opened new opportunities for discovery of complex
relationships and trends in textual data. Models like BERT
(Bidirectional Encoder Representations from Transformers)
and a closely related RoBERTa (A Robustly Optimized BERT
Pretraining Approach) have shown strong performance in a
wide range of NLP tasks due to their ability to capture deep
contextual relationships in text. These models have been
impactful in domains with user-generated content, where
understanding sentiment polarity and complaint categories is
crucial for business intelligence [6].

By combining extensive datasets from Kaggle, including
hotel reviews and customer complaints, this study bridges the
gap between domain-specific hospitality feedback and broader
consumer satisfaction data. The proposed system leverages
transformer-based models, comparingBERT and RoBERTa, to
automate tasks of sentiment classification and multi-label
complaint detection, enabling hotels to extract critical insights
from large volumes of unstructured reviews.

Beyond classifying guest feedback as positive, neutral, or
negative, the system identifies complaint categories such as
cleanliness, staff behavior, booking issues, food quality, and
more. To ensure transparency and build trust in automated
decision-making process, we integrate explainable Al tools,
like SHAP (SHapley Additive Explanations) and LIME (Local
Interpretable Model-Agnostic Explanations), which reveal the
key textual elements behind each model prediction [7].

Overall, this RoBERTa-based framework is designed for
real-time integration into hospitality systems, providing an
efficient scalable solution for review analysis that supports
timely service improvements and strategic decision-making.

II. LITERATURE REVIEW

Transformer-based models have emerged as a powerful
solution for extracting information from unstructured hotel
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reviews, enablingmore granularand accurate feedback analysis
than previous techniques. Amongthese models, BERT (with its
variants) has shown consistent performance across various
languages, domains, and tasks. For instance, a BERT-based
model applied to German TripAdvisor reviews achieved micro
F1 scores of 0.91 for aspect categorization and 0.81 for
sentiment analysis, demonstrating capabilities in both
complaint identification and polarity detection [8].

In another study, a hierarchical BERT model applied to
Vietnamese hotel and restaurant dataset achieved F1 micro
scores of 82.06% for entity/aspect detection and 74.69% for
sentiment polarity [9]. This suggests that hierarchical context
modeling can improve classification performance, particularly
in languages with complex sentence structures. Meanwhile, a
comparative study involving fine-tuned BERT, RoBERTa,
DeBERTa, and GPT-2 models found RoBERTa that performs
best for classification tasks, while large language models
including GPT-4 offered superior performance in capturing
nuanced sentiment, but at a significantly higher computational
cost [10].

More advanced strategies, such as multi-task learning, have
demonstrated potential too. For example, a multi-task
AraBERT model applied to Arabic hotel reviews achieved F1
scores of 80.32% for aspect term extraction and accuracy
around 89% for sentiment polarity tasks [11]. These results
suggest that shared representation learning across related tasks
can lead to improved accuracy and model efficiency.

Several studies have incorporated explainable Al (XAI)
techniques to clarify the “black box” nature of transformer
models. Tools such as SHAP and LIME have been integrated
into review analysis pipeline to highlight which words or
phrases most influenced a model’s prediction, making the
outputs more transparent for business stakeholders [12].
Additionally, ensemble techniques that combine BERT with
models like Random Forest have been utilized to enhance hotel
recommendation systems by analyzing sentiment and aspect
categories simultaneously.

Language and domain-specific adaptations have proven
essential forimproving model performance. For instance, fine-
tuned Multilingual BERT enhanced Indonesian hotel review
analysis by 8% in F1 score, although challenges such as
vocabulary mismatch and the need for language-specific
pretraining remain significant [13]. Similarly, studies using
Arabic datasets illustrated the importance of handling class
imbalance and training on large and diverse corpora [14].

Topic modeling approaches like BERTopic have also been
used to uncover latent themes among reviews, combining
transformer embeddings with clustering techniques to spot
drivers of satisfaction and dissatisfaction [15]. While such
methods arelessprecise in aspect-level classification, they offer
additional perspectives that aid in interpretability and
managerial decision-making.

In summary, this literature review shows strong evidence for
the effectiveness of transformer-based architectures in
performing both review sentiment analysis and complaint
categorization within hotel systems. Fine-tuned RoBERTa
models offer a compelling balance of accuracy, efficiency, and
generalizability. However, critical challenges persist in
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handling class imbalance, computational costs, and severe
linguistic variations across languages. Although previous
studies have investigated sentiment analysis and aspect
categorization separately, and typically in monolingual or
limited-scale contexts, there remains a gap in developing
integrated intelligent systems that can perform automated
multi-label analysis across diverse datasets.

To overcome this limitation, our study proposes a unified
framework based on RoBERTa for simultaneous sentiment
analysis and identification of complaint categories in hotel
reviews. Unlike prior work, we focus on both classification
accuracy and explainability by incorporating SHAP and LIME
methods. We extend datasets with manual annotations,
benchmark performance against BERT, and demonstrate how
this system can be seamlessly integrated in real-time service
monitoring in a hospitality operations environment. This work
contributes towards ongoing effortsto develop transparent Al
tools for the hotel industry and supports the broader adoption of
smart feedback systems.

TABLE I. A brief overview of previous findings regarding review analysis.

Stud Model(s) Tasks Dataset / Performance
Y Used Addressed Language Highlights
BERT Milst"éaclt’el F1:0.91
Fehle et (variant c P TripAdvisor (aspect), 0.81
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al. [8] not . / German (end-to-end
specified) Sentlmept sentiment)
Analysis
Eatyand F1: 82.06%
. . spect Vietnamese
Tran & Hierarchic Detecti hotel/rest (aspect),
Bui[9] | alBERT ctection, otevrestaur 74.69%
Sentiment ant reviews .
Polarity (sentiment)
BERT Aspect Hospitalit RoBERTa
Botunac | RoBERTa Cat}e) or reviws /y best for
et al. DeBERTa Senti 8 "t L classification;
[10] GPT-2, ‘E’laf;ff“ uninflcliaﬁg:d GPT-4 best
GPT-4 ’ P for nuance
Multi-task Aspect .
AraBERT Term SemEval Acc"N89%
Fadel et . (polarity), F1:
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Ensemble Sentiment . . . N
Ray et BERT + Polarity, TripAdvisor Acc: 92.36%,
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[13] Polarity
nglgl;{o]?-lc Topic
Kumar Modeling + | TripAdvisor Coherence
based . .
[15] . Sentiment / English scores only
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III. METHODOLOGY

This study introduces a multi-task learning framework that
both sentiment classification and multi-label
complaint detection for efficient hotel review analysis using

combines
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transformer-based architectures. The goal is to develop a
system capable of extracting nuanced feedback from guest
narratives and aligning it with realistic complaint patterns,
supported by findings from broader consumer feedback
records. Our proposed approach involves two distinct but
complementary datasets: The TripAdvisor Hotel Reviews
dataset [16], containing customer opinions on hospitality
services, followed by The Consumer Complaint Database [17],
which captures consumer concerns across industries.

By jointly analyzing domain-specific (hotel reviews) and
domain-general (consumer complaints) text data, we aim to
enhance the generalization and robustness of the model in
recognizing both overt and latent dissatisfaction signals. The
following subsections describe the complete processing
pipeline, from raw data to interpretable model predictions.

Data Preprocessing

The first dataset used is publicly available on Kaggle and
contains more than 20,000 user-submitted hotel reviews. Every
review contains a title, a text field, and a rating value ranging
from 1 to 5. The preprocessing component included
lowercasing, removal of special characters and HTML tags,
then tokenization using the WordPiece algorithm to ensure
compatibility with transformer inputs, and truncation to 512
tokens. WordPiece proves effective for handling rare or
unknown words by breaking them into a group of smaller
subword units, which improves vocabulary coverage and model
generalization [18].

Additionally, to enhance hotel data reliability, we utilized
various filtering techniques to remove inconsistent reviews,
particularly those where the textual sentiment did not align with
the assigned rating value. This inconsistency detection was
developed in our previously mentioned research and resulted in
more reliable inputs for the training process.

To support sentiment classification, labels were derived
directly from the numerical ratings, following these rules:
ratings of 4.5 and above were marked as positive, ratings
between 3.0 and 4.4 asneutral,and those below 3.0 as negative.
For the complaint classification task, we manually annotated a
subset of reviews with one or more complaint categories, based
onacurated keywordlistanditerative inspection. To streamline
this process, we included Python utilities and custom rule-based
scripts, which accelerated the process of identification and
taggingofapproximately 3,000 annotated reviews. Each review
was encoded using a binary vector indicating the presence or
absence of already mentioned complaint types. Room
cleanliness was given special attention, as it is recognized as a
major contributor to guest dissatisfaction and one of the
strongest predictors of negative sentiment. Considering
cleanliness as a core expectation in hotel services, its absenceis
strongly linked to lower ratings and dissatisfaction in guest
experiences.

The second dataset is maintained by the U.S. Consumer
Financial Protection Bureau (CFPB). This collection contains
over 1 million free-text complaint narratives submitted by
consumers across industries such as banking, loans, credit
reporting, and occasionally, hospitality. While not curated to
hotel services specifically, the given database offers a rich
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source of language patterns expressing dissatisfaction, urgency,
and resolution-seeking behavior, all of which are highly
relevant to our objectives.

Each entry involves metadata like date received, product
category, issue type, and the detailed consumer complaint
narrative. For purposes of thisresearch, only the narrative field
was retained and subjected to text preprocessing, including
cleaning, tokenization, and truncation. As explicit sentiment
ratings were not provided here, sentiment labels were inferred
through a hybrid strategy. This step involved lexicon-based
scoring, also keyword analysis (e.g., detecting terms like “still
unresolved” or “satisfied”), and semantic similarity
comparisons with known sentiment-labeled hotel reviews
utilizing cosine similarity on sentence embeddings. Although
complaint categories were not explicitly labeled in this dataset,
we investigated patterns in issue descriptions, tone severity, and
resolution requests to detect recurring patterns. These findings
were used to enrich the complaint classification pipeline of our
model by aligning embeddings and applying contrastive
sampling techniques.

Feature Engineering

To support the proposed multi-task model, we extracted and
aligned sentiment and complaint-related features from both
datasets. First, TripAdvisorreviews were labeled using rating-
based sentiment and manually annotated complaint categories
via keyword matching, name entity recognition (NER), and
manual inspection.

For the Consumer Complaint Database, sentiment labels
were derived through a lexicon-semantic hybrid approach.
Furthermore, in the absence of structured labels, recurring
complaint patterns were identified from issue descriptions and
tone indicators.

These features ensured consistent labeling and improved
generalization across domains. A summary of techniques is
provided in Table IL.

TABLE II. Comparison of Feature Engineering Strategies.

Aspect TripAdvisor Hotel Consumer Complaint
P Reviews Database
Sour User-submitted hotel Public complaint
ource reviews (20k+ entries) narratives (1 M+ entries)
. . Inf i le-
Sentiment Derived directly from star n err'et'i usmg rule bas.ed
. . classifier and semantic
Labeling ratings (1-5 scale) Lo
similarity
. Manually annotated using No explicit labels;
Complaint .
N keywords, NER, and patterns extracted via
Labeling . .
inspection tone and structure
Special Inconsistency filtering, Cosmesumlamy’ le.xmon
. . . scoring, contrastive
Techniques binary vector encoding .
sampling
e Provides domain-specific Enhances model
Contribution . . A .
to Model sentiment and complaint generalization via cross-
signals domain patterns

Model Training and Evaluation

After thoughtfully evaluating potential model candidates,
RoBERTa-base was selected as the main infrastructure for our
approach, due to its language modeling capabilities and proven
robustness across text classification tasks. RoOBERTa model
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builds upon the foundation established by BERT, but
incorporates key improvements including dynamic masking,
notably longer pretraining sequences, and training over a larger
and more diverse corpus. These factors contribute to stronger
contextual representation, particularly useful for capturing
subtle expressions of sentiment and customer dissatisfaction
found in real-world review data [19]-[20].

The model was adapted to jointly predict sentiment (as a
three-class classification task with positive, neutral, and
negative classes) and complaint categories (as a multi-label
classification task, where each review may belong to one or
more complaint types). A shared transformer encoder was used
to extract general-purpose features from each input sequence,
while two task-specific heads were included: a softmax
classifier for sentiment prediction followed by an output layer
for complaint detection. This shared structure enabled the
model to uncover relationships and linguistic patterns more
efficiently than training each task separately.

The training process was performed using the extensible
HuggingFace Transformers library with a PyTorch backend.
The model was fine-tuned on the combined dataset, using
preprocessed and aligned inputs from both TripAdvisor and the
Consumer Complaint Database. As already mentioned, inputs
were tokenized, padded or truncated to a maximum sequence
length of 512 tokens, and then fed into the model along with
corresponding sentiment and complaint labels. To handle the
dual-objective setting, we used a composite loss function:
categorical cross-entropy for the sentiment classification task
followed by binary cross-entropy for the complaint detection
task. These two losses were weighted equally during
optimization stage, after initial experiments showed that
balanced configuration yielded stable training dynamics
without biasing toward either task [21].

Model training was conducted using the widely adopted
AdamW optimizer with a linear learning rate schedule and
warm-up steps. We trained the model for up to five epochs,
using early stopping based on validation loss to prevent
overfitting. A batch size of 16 and dropout regularization
(p=0.1) were used to maintain computational feasibility and
support generalization. Moreover, five-fold cross-validation
was employed to ensure that the model’s performance was not
dependent on any data split, and to assess its stability across
both specialized and general-purpose text sources.

To further validate model stability, we also experimented
with an extended configuration of 10 epochs. Although this
structure enabled longer training cycles, performance gains
plateaued and signs of overfitting emerged, especially in
complaint detection. Even with adjusted learning rates and
regularization settings, the original 5-epoch configuration with
early stopping resulted in better generalization and training
efficiency. Consequently, the initial configuration was retained
as optimal [22]-[23].

To benchmark our approach, we also trained a parallel
version of the architecture utilizing the original BERT-base
model. Although BERT performed reasonably well, RoBERTa
consistently outperformed it across all relevant evaluation
metrics, particularly in the complaint detection tasks. These
improvements are provided by ROBERTa’s dynamic masking
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and extensive pretraining, which can be observed on Figure 1.
This model captured more nuanced relationships that are
critical for identifying implicit dissatisfaction cues.

Text Inputs
(TripAdvisor & CFPB)

l

Tokenization
(WordPiece)

l

Padding / Truncation
(Max 512 tokens)

l

Shared Transformer Encoder
(ROBERTa-base)

l

Contextual Embeddings
(Linguistic Features)

ap

Sentiment Head Complaint Head
FC - Softmax - FC - Sigmoid -
3 Sentiment Classes Multi-label Output

l l

Cross-Entropy Loss Binary Cross-Entropy Loss

(Sentiment) (Complaint Detection)

S

Total Loss =
Sentiment Loss + Complaint Loss
(Equal Weights)

l

Training Config
Optimizer: AdamwW
Batch Size: 16
Dropout: 0.1
Epochs: S (Early Stop)
S-Fold Cross-Validation

Figure 1. Multi-Task Transformer Architecture Overview, (FC stands for fully
connected)

Overall, the training methodology was carefully designed to
maximize the synergy between tasks while leveraging the
strength of transformer architectures. The combination of
concepts including multi-task learning, dual-domain data
sources, and a high-capacity pretrained model like RoOBERTa
led to the development of a scalable intelligent system that
effectively interprets complex guestreviews and converts them
into actionable outputs, well-suited for analytical and
operational use within hotel systems.
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TABLE III. Token Importance Analysis using SHAP/LIME.

Importance Score
Token (SHAP or LIME) Impact
“no housekeeping” +0.52 Complaint: Service
“very clean room” +0.41 Sentiment: Positive
. Complaint: Staff
[3 9 +

they ignored us 0.48 beha vior
“bathroom smelled” +0.36 Complam.t: Room

cleanliness
“excellent location” +0.29 Sentiment: Positive

Explainability and Interpretability

While transformer-based models such as RoBERTa show
good performance in text classification tasks, their complex
internal mechanisms can make them difficult to interpret. To
address this potential challenge, we also incorporated
explainability techniques to gain deeper insights into the
model’s decision-making process and to validate that the
outputs align with human reasoning.

For sentiment classification, we used SHAP technique to
identify which tokens contributed most significantly to the
predicted sentiment label. By computing attribution scores on
token-level, SHAP provided transparent justifications for
positive and negative classifications, showing emotionally
charged or contextually significant words within reviews. This
proved valuable in neutral cases, where subtle shifts in phrasing
influenced class boundaries.

Moving forward, in the complaint detection task, which
involved multi-label outputs, we used LIME in combination
with attention weight visualization to investigate how the model
associated certain phrases with specific complaint categories.
For instance, phrases like “no housekeeping for three days” or
“unresolved billing issues ” were consistently highlighted when
predicting labels related to service quality or hotel room
cleanliness. Attention maps confirmed that the model was
putting focus on contextually relevant spans rather than generic
or frequent tokens.

To illustrate this behavior more clearly, Table III presents
several examples of influential tokens from actual reviews,
along with their computed importance score values and
associated impact on model predictions. The samples show how
the model assigns higher weights to complaint triggers ( “they
ignored wus”) or sentiment-based phrases ( “excellent
location ), thereby supporting its classification decisions.

These interpretability methods increased transparency and
helped validate the internal consistency of the model, especially
across dual domains. For instance, in domain adaptation from
Consumer Financial Protection Bureau (CFPB) narratives to
hotel reviews, we noticed that learned patterns remained
aligned with general user dissatisfaction expressions (e.g., “not
resolved after multiple attempts ™).

Finally, the explainability framework also played a crucial
role in error analysis. By examining misclassified instances, we
can distinguish between genuine model confusion (e.g.,
sarcastic sentiment) and annotation noise, informing future
directions for data curation and model refinement.
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IV. EXPERIMENTAL RESULTS

To assess the effectiveness of the multi-task framework, we
conducted comparative experiments using BERT-base and
RoBERTa-base models as shared encoders. Performance was
evaluated on sentiment classification and multi-label complaint
detection. All models were fine-tuned on the TripAdvisor
dataset, with additional validation on selected entries from the
Consumer Complaint Database to test domain adaptability.

For sentiment classification, RoOBERTa achieved superior
results across all evaluation metrics. Specifically, it reached an
average F1 score of 0.928, compared to 0.892 for BERT.
Precision and recall scores were also improved, particularly in
the neutral class, where subtle semantic distinctions are difficult
to capture. Accuracy favored RoBERTa approach, confirming
that its improved contextual embeddings contributed to more
consistent predictions across sentiment boundaries.

In the complaint detection task, RoOBERTa outperformed
BERT again. It achieved a mean precision of 87%, and a good
macro F1 score of 0.861, compared to BERT’s 0.824.
RoBERTa consistently demonstrated higher true positive rates,
especially for complaints involving room conditions.

Figure 2 represents the Precision-Recall (PR) curves for each
complaint category across both models. Each line corresponds
to a specificlabel (e.g., “Cleanliness,” “Booking Issues,” etc.),
with RoBERTa results shown in solid lines and BERT in
dashedlines. As observed in the chart, RoOBERTa consistently
maintains higher precision at comparable recall levels,
particularly for categories such as Staff Behavior and Room
Amenities. The curves confirm that RoBERTa is better at
distinguishing key complaint signals without sacrificing
precision, especially in imbalanced or noisy class conditions.

Notably, the AUC-PR spread is moderate, with no curve
reaching perfect values, underscoring the realistic difficulty of
this task. The overlapping but distinguishable curves
demonstrate that while RoBERTa generally outperforms
BERT, it doesn’t dominate exactly across all labels. In fact,
performance drops are more visible in critical categories, such
as Booking Issues, where both models struggle dueto ambiguity
or lower label frequency.

1.0F

0.8

0.6

Precision

0.4

0.2

RoBERTa - Cl
RoBERTa BERT
ROBERTa BERT - Stal
ROBERTa - Food Quality BERT - Food
0.0 ROBERTa - Room Amenities BERT

BERT

0.0 0.2 0.4 0.6 0.8 1.0
Recall

Figure 2. Precision-Recall Curves per Complaint Category.
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Likewise, we observe that the performance gap between
models varies by label. For example, in simpler categories like
Cleanliness, RoBERTa’s advantage is more pronounced, but in
categories like Booking Issues, the curves converge, indicating
that further improvement may require enhanced feature
engineeringor more balanced data. Additionally, the downward
slope in all given curves reflects the typical precision-recall
tradeoff: asrecall increases, precisiontends to drop due to rising
false positives.

Overall, categories with high AUC-PR, such as Cleanliness
(above 0.85 for RoOBERTa), offer greater trust in model outputs
and require minimal post-processing. In contrast, labels with
lower AUCs (e.g., less than 0.7) might benefit from future
refinements. These findings validate theuse of RoOBERTa in our
framework and open promising avenues for expanding
feedback analysis in hospitality and beyond.

V. CONCLUSION

This paper presents an intelligent, multi-task framework
developed on RoBERTa model to simultaneously perform
sentiment classification and multi-label complaint detection in
hotel review systems. By unifying two critical objectives into a
shared transformer-based architecture, the proposed system
captures both the emotional tone and the specific issues
embedded in diverse guest narratives. Comparative
experiments show that RoOBERTa outperforms BERT across
key evaluation metrics, achieving an F1 score of 0.928 for
sentiment and a notable 87% mean precision for complaint
detection. The given results validate ROBERTa’s strength in
contextual understanding, especially in situations involving
overlapping or subtle complaint categories.

Alongside model performance, this work also has strong
practical and commercial implications for the hospitality
industry. Hotels and service providers increasingly depend on
rapid and accurate interpretation of guest feedback to make
operational and strategic decisions. By automatically
identifying issues such as cleanliness, staff behavior, or
booking complications, paired with interpretable sentiment
insights, our system empowers hotel managers to prioritize
interventions, improve service quality, and enhance guest
satisfaction and retention. The inclusion of SHAP and LIME
approaches ensure model transparency, which is essential for
stakeholder trust and accountability.

Furthermore, this architecture is designed for real-world
scalability. It supports easy integration into CRM, real-time
feedback dashboards, and customer satisfaction monitoring
tools. The adaptability to diverse datasets, involving the
domain-general complaints from the CFPB, demonstrates the
potential to extend the solution beyond hospitality to services
like transportation, healthcare, and finance.

Looking ahead, future research will focus on several
enhancements, including advanced transformer variants like
DeBERTa and Longformer, which may further enhance
classification accuracy, particularly for longer and complex
reviews. We aim to address class imbalance and improve
multilingual support too, allowing the system to operate across
diverse user bases and international markets.

Finally, expanding the system with global interpretability

http://ijses.com/
All rights reserved

ISSN (Online): 2456-7361

methods and incorporating temporal analysis of complaints
(e.g., seasonal patterns, spikes after policy changes) might
provide more useful business insights. As the demand for
transparent, actionable Al continues to grow, this system offers
a solid baseline for future developmentin intelligent feedback
management and customer experience analytics.
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