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Abstract

Mobile reviews act as a key indicator of customer satisfaction, with over 90% of smartphone users
referring to reviews before purchasing a device, and 72% of consumers indicating that positive feedback
enhances their trust in a brand. However, manual examination of customer reviews and ratings is
inefficient, susceptible to errors, and often fails to capture the subtle emotions present in unstructured text.
To address these issues, this study proposes a framework based on Natural Language Processing (NLP)
using an iPhone 14 dataset that includes user reviews, titles, and ratings. The workflow begins with NLP
preprocessing and Exploratory Data Analysis (EDA) to clean, standardize, and visualize the data
distribution. Next, Efficiently Learning an Encoder that Classifies Token Replacements Accurately
(ELECTRA) is utilized for contextual feature extraction, enabling effective semantic representation of
textual data. To handle class imbalance in review categories, K-Means Synthetic Minority Over-Sampling
Technique (K-Means SMOTE) is applied to generate synthetic samples. Unlike existing approaches such
as Adaptive Boosting Classifier (ABC) and Tao Tree Classifier (TTC), the proposed framework integrates
an Extra Trees Classifier (ETC) to ensure more robust and scalable classification. The model predicts bi-
variate outputs Review Title and Rating thereby improving both sentiment understanding and rating
consistency. By automating the analysis of reviews, the system provides valuable insights into customer
satisfaction, product performance, and brand perception, ultimately supporting better decision-making
and enhancing the overall customer experience.

Keywords: Sentiment analysis, mobile reviews, Natural Language Processing (NLP), ELECTRA, review
prediction, customer satisfaction

1. Introduction

In the highly competitive smartphone industry, customer reviews and ratings have become vital factors
influencing purchasing decisions and shaping brand reputation. Studies indicate that nearly 95% of
consumers read online reviews before buying a product, and smartphones with higher average ratings can
achieve up to a 20% increase in sales conversions. With a massive volume of reviews being generated
daily across multiple platforms, businesses encounter significant difficulties in manually analysing and
interpreting customer sentiments. As a result, automated systems have become essential for extracting
emotions from textual reviews, accurately classifying user feedback, and delivering meaningful insights
for product enhancement and improved customer engagement. In the current digital age, mobile phones
rank among the most widely used consumer products, with millions of users in India actively expressing
their opinions through online reviews. According to Statista, India recorded over 750 million smartphone
users in 2024, and this number continues to grow rapidly each year. Along with the growth of mobile
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phone usage, e-commerce platforms such as Flipkart, Amazon, and dedicated mobile marketplaces have
witnessed an enormous surge in customer reviews. These reviews are not just star ratings but detailed
experiences that reflect user satisfaction, frustration, and emotional responses. Understanding these
emotions is crucial for mobile companies, retailers, and service providers to improve product quality and
customer satisfaction. The analysis of mobile reviews involves two aspects: identifying the emotional
tone behind the words and linking it with the numeric rating provided by the customer. NLP offers the
ability to process these large volumes of textual data and convert them into structured insights. By
decoding customer emotions, companies gain a deeper understanding of what drives user satisfaction and
dissatisfaction, enabling them to make data-driven decisions in product development, marketing
strategies, and after-sales service. The research focuses on applying NLP to analyse mobile reviews and
decode customer emotions. By linking emotional patterns in text with review ratings, businesses gain
insights into consumer satisfaction. The approach enhances decision-making in marketing, product
design, and customer engagement. It also provides customers with transparent information before
purchasing.

2. Literature Survey

Allouch et al. [1] described along with the main technologies that enable the creation of CAs. Capable of
conducting ongoing communication with humans, CAs are encountered in natural-language processing,
deep learning, and technologies that integrate emotional aspects. The technologies used for the evaluation
of CAs and publicly available datasets are outlined. In addition, several areas for future research are
identified to address moral and security issues, given the current state of CA-related technological
developments. The uniqueness of our review is that an overview of the concepts and building blocks of
CA:s is provided, and CAs are categorized according to their abilities and main application domains. In
addition, the primary tools and datasets that may be useful for the development and evaluation of CAs of
different categories are described. Finally, some thoughts and directions for future research are provided,
and domains that may benefit from conversational agents are introduced. Pota et al. [2] introduced a
different approach for Twitter sentiment analysis based on two steps. Firstly, the tweet jargon, including
emojis and emoticons, is transformed into plain text, exploiting procedures that are language-independent
or easily applicable to different languages. Secondly, the resulting tweets are classified using the language
model BERT, but pre-trained on plain text, instead of tweets, for two reasons: pre-trained models on
plain text are easily available in many languages, avoiding resource- and time-consuming model training
directly on tweets from scratch; available plain text corpora are larger than tweet-only ones, therefore
allowing better performance. A case study describing the application of the approach to Italian is
presented, with a comparison with other Italian existing solutions. The results obtained show the
effectiveness of the approach and indicate that, thanks to its general basis from a methodological
perspective, it can also be promising for other languages.

Garcia-Madurga et al. [3] involved a comprehensive search in the Scopus and Web of Science databases,
following PRISMA guidelines, resulting in 31 articles that met the inclusion criteria. The qualitative
synthesis reveals that Al is being utilized in areas such as mental health monitoring, emotional support,
personalized well-being programs, identification of psychosocial risk factors, and training and
development. This review contributes to the existing literature by offering a detailed categorization of Al
applications in workplace well-being, and it highlights the practical utility of Al in enhancing employee
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mental health and overall well-being. The findings suggest that Al has the potential to revolutionize the
management of workplace well-being, providing actionable insights for both researchers and
practitioners. Recommendations for future research are also discussed.

Chen et al. [4] presented a comprehensive literature review on the convergence of affective computing,
interactive installation art, multi-dimensional sensory stimulation, and artificial intelligence (Al) in
measuring emotional responses, demonstrating the potential of artificial intelligence in emotion
recognition as a tool for sustainable development. It addresses the problem of understanding emotional
response and measurement in the context of interactive installation art under artificial intelligence (Al),
emphasizing sustainability as a key factor. The study aims to fill the existing research gaps by examining
three key aspects: sensory stimulation, multi-dimensional interactions, and engagement, which have been
identified as significant contributors to profound emotional responses in interactive installation art. The
proposed approach involves conducting a process analysis of emotional responses to interactive
installation art, aiming to develop a conceptual framework that explores the variables influencing
emotional responses. This study formulates hypotheses that make specific predictions about the
relationships between sensory stimulation, multi-dimensional interactions, engagement, and emotional
responses. By employing the ASSURE model combined with experimental design, the research
methodology ensures a systematic and comprehensive study implementation. The implications of this
research lie in advancing the understanding of emotional experiences in interactive installation art under
Al, providing insights into the underlying mechanisms that drive these experiences, and their influence on
individual well-being from a sustainable perspective. The contributions of this research include bridging
the identified research gaps, refining theoretical frameworks, and guiding the design of more impactful
and emotionally resonant interactive artworks with sustainability in mind.

Alabdan et al. [5] reviewed of the approaches used during phishing attacks is presented. This paper
comprises a literature review, followed by a comprehensive examination of the characteristics of the
existing classic, modern, and cutting-edge phishing attack techniques. The aims of this paper are to build
awareness of phishing techniques, educate individuals about these attacks, and encourage the use of
phishing prevention techniques, in addition to encouraging discourse among the professional community
about this topic. Leo et al. [6] proposed an overview of the cutting-edge approaches that perform facial
cue analysis in the healthcare area. The document is not limited to global face analysis but it also
concentrates on methods related to local cues (e.g., the eyes). A research taxonomy is introduced by
dividing the face in its main features: eyes, mouth, muscles, skin, and shape. For each facial feature, the
computer vision-based tasks aiming at analyzing it and the related healthcare goals that could be pursued
are detailed.

Borna et al. [7] aimed to explore how artificial intelligence can help ease the burden on caregivers, filling
a gap in current research and healthcare practices due to the growing challenge of an aging population and
increased reliance on informal caregivers. We conducted a search with Google Scholar, PubMed, Scopus,
IEEE Xplore, and Web of Science, focusing on Al and caregiving. Our inclusion criteria were studies
where Al supports informal caregivers, excluding those solely for data collection. Adhering to PRISMA
2020 guidelines, we eliminated duplicates and screened for relevance. From 947 initially identified
articles, 10 met our criteria, focusing on AI’s role in aiding informal caregivers. These studies, conducted
between 2012 and 2023, were globally distributed, with 80% employing machine learning. Validation
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methods varied, with Hold-Out being the most frequent. Metrics across studies revealed accuracies
ranging from 71.60% to 99.33%. Specific methods, like SCUT in conjunction with NNs and LibSVM,
showcased accuracy between 93.42% and 95.36% as well as F-measures spanning 93.30% to 95.41%.
AUC values indicated model performance variability, ranging from 0.50 to 0.85 in select models. Our
review highlights AI’s role in aiding informal caregivers, showing promising results despite different
approaches. Al tools provide smart, adaptive support, improving caregivers’ effectiveness and well-being.

Pu et al. [8] proposed a stance detection approach based on multi-task learning that considers the
influence of emotional features to tackle these challenges. Their method utilizes a ROBERTa pre-trained
model in the shared layer to extract textual features for both stance detection and sentiment analysis. In
the stance detection module, a BiLSTM model captures deeper temporal information, followed by three
independent modules dedicated to extracting semantic features for specific stances. Concurrently, the
sentiment analysis module employs a BiLSTM model to predict emotional polarity. The experimental
results on the NLPCC2016-task4 dataset demonstrate that our approach outperforms existing methods,
highlighting the effectiveness of integrating sentiment analysis with stance detection to enhance both
accuracy and reliability, ultimately contributing to the security of social networks.

Li et al. [9] developed a two-stage nonlinear user satisfaction decision model (USDM). First, we use
word2vec technology and lexicon-based sentiment analysis to mine the sentiment polarity of each product
attribute in the reviews. Then, we develop KANO mapping rules using utility functions to classify
consumer preferences based on attribute importance. Based on this, a two-stage nonlinear USDM is
developed to describe post-purchase evaluation behaviour. In the first non-compensatory stage,
consumers determine their initial satisfaction level based on the performance of basic attributes. If the
performance of these attributes is poor, it is almost impossible for users to be satisfied. In the
compensatory stage, the performance of the remaining attributes collectively affects final satisfaction
through participation in user utility calculation. With the use of reviews from JD.com, we develop a
genetic algorithm to determine feasible solutions for the USDM and verify its validity and robustness.
The USDM is proven to be effective in predicting user satisfaction compared to other classic models and
machine learning algorithms. This study provides a universal pattern for user satisfaction decisions and
extends the study on preference analysis.

Silva et al. [10] reviewed the application of ontologies and knowledge graphs in cancer research. In total,
our review encompasses 141 published works, which we categorized under 14 hierarchical categories
according to their usage of ontologies and knowledge graphs. They also review the most used ontologies
and newly developed ones. Our review highlights the growing traction of ontologies in biomedical
research in general, and cancer research in particular. Ontologies enable data accessibility,
interoperability and integration, support data analysis, facilitate data interpretation and data mining, and
more recently, with the emergence of the knowledge graph paradigm, support the application of Artificial
Intelligence methods to unlock new knowledge from a holistic view of the available large volumes of
heterogeneous data.

3. Proposed Methodology

The proposed sentiment analysis system for mobile phone reviews is developed as a multi-stage
automated pipeline, as illustrated in Figure 1. This pipeline systematically processes raw review data,
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extracts relevant features, addresses class imbalance, and predicts both review titles and ratings. The
process begins with the collection of a comprehensive iPhone 14 dataset that includes review text, titles,
and ratings. In the first step, data preprocessing is performed, which involves removing null values,
normalizing text, tokenizing content, and applying label encoding to transform categorical data into
machine-readable formats. The second step focuses on EDA to analyse sentiment distribution and detect
any class imbalance within the dataset. In the third step, baseline models such as ABC and TTC are
implemented for performance comparison. The fourth step involves building the proposed model, which
combines ELECTRA embeddings for contextual feature extraction, K-Means SMOTE for generating
synthetic samples to balance minority classes, and ETC for achieving robust and scalable predictions of
both review titles and ratings. In the fifth step, the model’s performance is evaluated using metrics such as
accuracy, F1-score, and mean absolute error to ensure consistency and reliability.
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Figure. 1: Proposed system architecture.

Dataset Collection: The first step of the proposed system involves collecting raw customer reviews for
the iPhone 14 from various e-commerce platforms. Each review is carefully examined to ensure it
contains essential fields, including the review text, the review title, and the numerical rating. The dataset
is validated to ensure diversity and representativeness, capturing a wide range of customer sentiments
such as positive, negative, and neutral opinions. Additionally, the size of the dataset is checked to ensure
it is sufficient for machine learning training, while also maintaining enough coverage of nuanced
customer feedback to support robust analysis.

Dataset Preprocessing: Once the dataset is collected, preprocessing is carried out to clean and structure
the data for analytical modelling. Any null or missing entries are removed, and inconsistencies in the data
are addressed to improve quality. The review text undergoes normalization by converting all characters to
lowercase, removing punctuation and special characters, and trimming extra whitespace. Tokenization is
applied to split the text into meaningful words or subwords, creating a structured input format.
Furthermore, categorical targets, such as review titles and ratings, are transformed into numeric labels
through label encoding, resulting in a clean and consistent dataset ready for feature extraction and model
training.
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EDA and Baseline Modelling: The pre-processed dataset is then subjected to exploratory data analysis
to gain insights into sentiment distributions, word usage patterns, and potential class imbalances.
Visualization techniques, including word clouds, frequency plots, and histograms, are employed to
highlight common terms and the distribution of review lengths. To establish a benchmark, baseline
models such as AdaBoost Classifier and Tao Tree Classifier are trained on the data. The performance of
these baseline models provides reference metrics, which serve as a standard against which the proposed
hybrid model will be evaluated in later stages.

Proposed Hybrid Model Construction: The core of the proposed system involves constructing a hybrid
model that integrates advanced NLP embeddings with ensemble learning. Contextual and semantic
features are extracted from the review text using ELECTRA embeddings, capturing subtle nuances in
language and sentiment. To handle class imbalance in the dataset, K-Means SMOTE is applied to
generate synthetic samples for underrepresented sentiment categories. These enriched features are then
input into an ETC, which is capable of predicting multiple targets simultaneously, including review titles
and ratings. This integration of embedding-based features, class balancing, and a robust ensemble
classifier ensures a scalable and generalized dual-output predictive model.

Performance Evaluation: Once the hybrid model is trained, its performance is rigorously evaluated on a
validation dataset. Metrics such as accuracy for review titles, F1-score for sentiment prediction, and mean
absolute error (MAE) for ratings are calculated to measure predictive effectiveness. Cross-validation is
employed to assess the generalization ability of the model and prevent overfitting to the training data. The
performance results are compared against the baseline models to demonstrate the improvements achieved
by the proposed hybrid approach, highlighting its ability to accurately capture sentiments and predict
multiple review attributes simultaneously.

Prediction on New, Unseen Test Data: In the final stage, the trained model is applied to new, unseen
review data to simulate a real-world scenario. The system generates predictions for both review titles and
ratings, providing actionable insights into customer satisfaction and product performance. The outputs are
visualized through a GUI dashboard, which allows stakeholders to interpret trends, identify key issues,
and make informed, data-driven decisions. This step ensures that the entire pipeline is operational,
scalable, and ready for practical deployment in business analytics and sentiment analysis applications.

3.1 ELECTRA

The ELECTRA architecture is a transformer-based model designed to enhance pretraining efficiency and
contextual understanding in NLP tasks. Unlike models such as BERT, which rely on masked language
modelling (MLM) to predict missing words, ELECTRA adopts a replaced token detection (RTD) strategy
that trains the model to distinguish between original and synthetically replaced tokens in a sequence. This
method significantly improves learning efficiency while maintaining or even surpassing the
representational power of larger models. The ELECTRA architecture comprises two major components
the Generator and the Discriminator. The process begins with an input sentence (e.g., “The chef cooked
the meal.”). During training, certain tokens in this sentence are randomly masked (e.g., “<M> chef <M>
the meal.”). The Generator, a smaller masked language model, predicts plausible replacements for the
masked tokens (e.g., “The chef ate the meal.”).
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Figure. 2: ELECTRA architecture generator discriminator based contextual feature extraction framework

These replaced tokens form a new sequence, which is then passed to the Discriminator. The
Discriminator’s task is not to predict what the masked words were, but rather to determine for each token
in the sequence whether it is original or replaced. For example, it outputs “Yes” for original tokens and
“No” for the ones substituted by the generator. Through this adversarial setup, the Discriminator learns
highly contextualized token representations by evaluating the authenticity of each token in its sentence
context. The model thereby captures both local and global dependencies across words, enabling nuanced
comprehension of language structure, sentiment, and meaning. The Generator is trained briefly to provide
challenging replacements, but the Discriminator receives most of the learning signal making ELECTRA
more sample-efficient and computationally faster than conventional MLM models. In this research,
ELECTRA is utilized for contextual feature extraction from customer reviews. Its architecture allows it to
recognize subtle emotional cues, negations, and context-dependent meanings that traditional models often
overlook. By leveraging the Generator-Discriminator dynamic, the model learns discriminative
embeddings that accurately represent sentiment polarity and intensity. These embeddings are then fed into
the ETC for downstream classification of review titles and ratings, forming a powerful hybrid framework
that unites the interpretability of ensemble learning with the contextual power of transformer-based NLP.

4. Results Description

Result analysis is a crucial stage in any study or experiment, as it involves interpreting the collected data
to draw meaningful conclusions. It helps in identifying patterns, relationships, and trends within the
results. Through analysis, raw data is transformed into useful information that supports or refutes the
research objectives. This process also allows researchers to evaluate the accuracy and reliability of their
findings. By comparing expected outcomes with actual results, one can determine the success or
limitations of the study. Additionally, result analysis aids in making informed decisions and
recommendations for future research or practical applications.
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Figure. 3: Confusion matrix obtained using ELECTRA _WE_ ETC Classifier for title.

Figure 3 presents a comparative analysis of confusion matrices for review title classification using
ELECTRA word embeddings across showcases the confusion matrix for the proposed ETC Classifier,
demonstrating superior performance with near-perfect diagonal alignment across all title classes, minimal
off-diagonal noise, and exceptionally high prediction counts on correct labels (e.g., "Worth the money,"
"Simply awesome™"), confirming its robustness and accuracy in multi-class sentiment title prediction.

ELECTRA_word_embeddings ETC {rating] Confusion Matrix

40

T Class

10 4u S0
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Figure. 4: Confusion matrix obtained using ELECTRA _WE_ETC for rating.
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Figure 4 compares confusion matrices for rating prediction (classes 3.0, 4.0, 5.0) using ELECTRA word
embeddings across displays the proposed ETC Classifier’s confusion matrix, achieving near-perfect
diagonal dominance with 449 correct predictions each for classes 3.0, 4.0, and 5.0, and zero
misclassifications across all off-diagonal cells, confirming its exceptional ability to accurately predict star
ratings despite severe class imbalance.

Figure. 5: ROC Curve obtained using ELECTRA _WE_ETC for title

Figure 5 presents the Receiver Operating Characteristic (ROC) curves with corresponding Area Under the
Curve (AUC) scores for multi-class review title classification using ELECTRA word embeddings ETC
Classifier, achieving perfect AUC = 1.00 across all title classes, with every curve tightly aligned to the
top-left corner, indicating flawless true positive detection at zero false positives and confirming the
model’s outstanding capability to accurately distinguish even subtle variations in customer sentiment
titles.

Figure. 6: ROC Curve obtained using ELECTRA WE ETC for rating.
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Figure 6 presents the One-vs-Rest ROC curves for rating classification (3.0, 4.0, 5.0) using ELECTRA
word embeddings across displays the ROC curves for the proposed ETC Classifier, achieving perfect
AUC = 1.00 for all three classes (3.0, 4.0, and 5.0), with each curve tightly hugging the top-left corner,
confirming flawless class separation and exceptional model performance across the entire rating
spectrum.
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Figure. 7: Predictions page screen

Figure 7 represents the Predictions Page, displaying the results generated after processing the uploaded
test dataset. The output table contains multiple columns such as review, customer _name, dates,
customer_location, Predicted _title, and Predicted_rating, presenting both original data and model-
generated outputs. Each row corresponds to an individual entry from the test dataset and its respective
predictions. This page allows users to view how the system interprets and evaluates the review content.

Table 1 presents a performance comparison of three classifiers ABC, TTC, and the proposed ETC using
ELECTRA word embeddings for review title classification. The table reports four key metrics: Accuracy,
Precision, Recall, and F1-Score (all in percentage). The results reveal a stark contrast in model
effectiveness: while ABC and TTC achieve low performance (Accuracy: ~23.8% and ~24.4%,
respectively), with particularly weak precision and recall, the proposed ETC Classifier delivers near-
perfect results (Accuracy: 99.844%, Precision: 99.853%, Recall: 99.846%, F1-Score: 99.845%),
demonstrating exceptional capability in accurately predicting diverse sentiment-laden review titles despite
high class complexity and potential imbalance.

Table 1: Performance comparison of ELECTRA_WE classifier models for title column.

Algorithm | Accuracy | Precision | Recall | F1-Score
(%) (%) (%) (%)
ABC 23.810 33.509 |23.775| 23.013
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TTC
ETC

24.356
99.844

26.064 | 24.331
99.853 | 99.846

22.617
99.845

Table 2 presents a performance comparison of three classifiers such as ABC, TTC, and the proposed ETC
using ELECTRA word embeddings for rating prediction (3.0, 4.0, 5.0). The table evaluates Accuracy,
Precision, Recall, and F1-Score (all in percentage). Results show that while ABC and TTC deliver
moderate performance (Accuracy: 79.510% and 78.471%, respectively), with balanced but limited
discriminative power, the proposed ETC Classifier achieves perfect scores across all metrics (100.000%),
confirming its superior ability to accurately predict star ratings with zero misclassification, even in the
presence of class imbalance and semantic complexity.

Table 2: Performance comparison of ELECTRA_WE classifier models for Rating column.

Algorithm | Accuracy | Precision | Recall | F1-Score
(%) (%) (%) (%)
ABC 79.510 79.390 79.510 79.442
TTC 78.471 78.346 78.471 78.327
ETC 100.000 100.000 | 100.000 | 100.000

5. Conclusion

The proposed NLP-based framework successfully automates the extraction of customer sentiment and the
prediction of review ratings, delivering a high-precision, scalable alternative to traditional manual or rule-
based methods. By utilizing the ELECTRA model for contextual feature extraction, the system captures
nuanced linguistic variations, while the K-Means SMOTE algorithm ensures robustness by effectively
balancing the dataset. The ETC further enhances the pipeline, providing interpretable and accurate
predictions for both titles and ratings. Demonstrating superior performance and lower computational costs
compared to existing ABC and TTC methods, the framework is complemented by an intuitive for
seamless data visualization and processing. Ultimately, this holistic approach offers organizations a
reliable, real-time solution for monitoring brand perception and driving product improvements across
diverse e-commerce platforms.
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