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ABSTRACT The rapid growth of user-generated content, particularly app user reviews, presents a significant
challenge in analyzing and extracting useful insights. The unstructured nature, inconsistent quality, and large
volume of these reviews make it difficult to identify relevant information for app maintenance and updates.
This study addresses this challenge by evaluating the impact of different feature selection techniques on the
performance of machine learning models in multi-label classification tasks for app user review analysis. Our
findings indicate that the subset attributes derived from a combination of Information Gain, GINI Index,
and Correlation Matrix can improve the performance of machine learning models. Using a Support Vector
Machine with proposed innovative score-based zero shot technique, promising results were achieved on
average with 96.75% precision, 69.39% recall, and 80.81% F1-Score. Additionally, high-quality features,
such as the percentageDifference can enhance performance in multi-label classification tasks, providing
valuable insights for practitioners and researchers. The research implications and significance highlight the
practical applications and strategic value of these findings, contributing to the advancement of knowledge
and practice in the field of software engineering, particularly for multi-label classification tasks.

INDEX TERMS Feature selection, app user reviews, machine learning, multi-label classification, text
mining.

I. INTRODUCTION
Recognizing the significance of user reviews, recent research
has focused on automating the classification of these
reviews to extract actionable insights efficiently. These
reviews serve as crucial indicators of user satisfaction,
preferences, and pain points, providing developers with
essential insights for enhancing app features and over-
all user experience. Recent studies have emphasized the
importance of automating the analysis of user reviews to
efficiently extract actionable insights from this wealth of
data ([1], [2]). However, extracting and analyzing user
requirements from these reviews can be very challenging [3].
This is because user reviews are often vast volume [4],
[5], [6], unstructured nature [7], [8], and inconsistent
quality of user reviews [9], [10] necessitate sophisticated
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methodologies to parse and interpret the information con-
tained within them. The integration of advanced feature
selection methods into app user review analysis offers multi-
ple advantages, including improved model accuracy, reduced
computational demands, and enhanced interpretability of
results.

Feature selection for app user reviews involves identifying
the most relevant features that contribute to the understanding
of user feedback and app performance. Feature selection,
also known as variable selection or attribute selection, is the
process of choosing the most relevant attributes from the data
for predictive modeling. Basha and Rajput [11] illustrated the
efficacy of utilizing Term Frequency as a feature selection
criterion, significantly improving classification accuracy.
Aruna et al. [12] further validated this in the context of Twitter
sentiment analysis, where the application of Naïve Bayes
algorithms alongside optimized feature selection yielded
favorable results. Such insights underscore the necessity of
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integrating robust feature selection methodologies can lead
to more accurate sentiment assessments.

The implications of feature selection extend beyond senti-
ment analysis into broader text classification contexts. Thatha
et al. [13] noted the increasing relevance of feature selection
methodologies in addressing the challenges posed by the
extensive and often noisy textual data generated through user
reviews. These reviews frequently contain informal language,
grammatical errors, and other forms of noise that can obscure
meaningful insights [14]. The identification and application
of effective feature selection techniques are thus paramount
for extracting valuable insights from diverse data sources,
ranging from textual documents to multimedia content.

Further advancements in feature selection techniques have
been proposed formulti-label classification problems. Pereira
et al. [15] categorized various methods for this task, pointing
out the lack of a unified framework for objective comparison.
Mishra and Singh [16] introduced a clustering-based feature
selectionmethod formulti-label classification, demonstrating
significant improvements in precision and recall through
dimensionality reduction and ultimately leading to improved
user satisfaction and app quality.

Recent developments also include the integration of novel
techniques like Brain Storm Optimization (BSO) for data
classification, as demonstrated by Pourpanah et al. [17]. Their
hybrid model, which combines incremental learning neural
networks with BSO, achieved superior results compared
to traditional optimization techniques. Furthermore, Koka
and Fang [18] proposed visualization-based feature selection
methods, which leverage visual analytics to help users
identify significant features while discarding irrelevant ones.
Such advancements suggest that the utilization of innovative
feature selection approaches could substantially enhance the
analysis of app user reviews.

Therefore, a focused effort is required to develop tailored
feature selection strategies that can effectively address the
distinct challenges presented by the analysis of app user
reviews. The objective of this study consists of two,

1) to evaluate the impact of different feature selection
techniques on the performance of machine learning
models in multi-label classification tasks for app user
review analysis; and

2) to identify and compare the performance of various
machine learning models in multi-label classification
tasks when feature selection techniques are applied.

To achieve the objectives mentioned, we formulated two
research questions to guide our study, as outlined in the
following items.

1) How does feature selection impact the performance of
machine learning models in multi-label classification
tasks for user review analysis?

2) Which machine learning model performs best in
multi-label classification tasks when feature selection
is applied?

This study contributes to the body of knowledge in software
engineering by:

1) Proposing a novel features selection technique that
combines Information Gain, Gini Index, and Correla-
tion Matrix.

2) Proposed Score-Based Zero-Shot technique through
the introduction of a classification framework, which
evaluates multi-label user reviews by calculating score
differences between problem discovery (PD) and
feature request (FR) categories. By using percentage-
based thresholds, the method adaptively assigns pri-
mary or combined labels, ensuring nuanced classi-
fication and improved handling of overlapping label
categories.

3) Empirically demonstrating the importance of feature
selection in improving model performance.

In the rest of this paper: Section II is about related work.
Section III provides an overview of the material and method.
Section V explains the potential threats to validity. Section IV
presents the result and discussion of the experiment. Finally,
we conclude this work in VI and further work directions in
Section VII.

II. RELATED WORK
Current research in feature selection for text classification,
particularly in the context of multi-label classification
tasks like app user review analysis, presents a variety of
approaches. These include filter methods, wrapper methods,
and hybrid techniques that aim to optimize the balance
between feature reduction and model performance.

A. FILTER METHODS
One widely discussed technique is the application of
filter-based methods for feature selection, which measure
the relevance of each feature independently of the model.
Kim and Zzang [19] compared eight prominent filter-based
feature selection techniques such as Information Gain (IG),
Chi-squared (CHI), Gini index, and normalized difference
measure (NDM) using multinomial Naïve Bayes and Support
Vector Machines. Their study demonstrated the superiority
of certain methods over others in text categorization tasks,
highlighting the effectiveness of Gini Index and Information
Gain for feature selection in large-scale datasets. Other
studies also support the utility of these methods, particularly
IG and CHI, which have been successfully applied in
various text mining tasks to improve classifier performance
in multi-label settings (Zaman et al. [20]). These findings
emphasize the importance of selecting relevant features to
enhance classification accuracy and reduce computational
cost.

B. WRAPPER METHODS
Another major category in feature selection techniques is
wrapper methods, which evaluate subsets of features based
on the performance of a specific learning algorithm. Methods
like the Brain StormOptimization (BSO)-based feature selec-
tion proposed by Pourpanah et al. [17] combine incremental
learning models with feature optimization techniques to
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enhance classification outcomes. While filter methods are
computationally less expensive, wrapper methods often yield
more accurate results, as they tailor the feature selection
process to the specific machine learning model in use.
However, these methods can be computationally intensive,
particularly when dealing with high-dimensional datasets,
such as those generated from app user reviews.

C. HYBRID TECHNIQUES
In addition to filter and wrapper methods, hybrid approaches
have been proposed to combine the strengths of both
categories. For instance, Khan et al. [21] introduced an
intelligent hybrid feature selection technique for sentiment
analysis, which effectively reduced the high-dimensional
feature space while enhancing the predictive performance of
the machine learning models used. This method leverages
both feature extraction and feature selection to optimize
sentiment model learning in textual data, a process that is
critical for tasks like user review analysis, where textual
features are often highly correlated and redundant.

D. COMPARISON WITH PREVIOUS SCHOLARS
Despite these advancements, gaps remain in the applica-
tion of feature selection techniques specifically tailored to
multi-label classification tasks in app user review analysis.
Many existing studies focus on binary or multi-class classifi-
cation tasks, leaving multi-label classification less explored.
Pereira et al. [15] categorized feature selection methods
specifically for multi-label classification and noted the lack
of a unified framework to compare these methods objectively.
This observation underscores the need for further research
into feature selection methods that are optimized for multi-
label tasks, which are more complex due to the simultaneous
prediction of multiple labels for a single instance.

Recent developments in feature selection for senti-
ment analysis and text mining have also introduced new
approaches, such as clustering-based methods for multi-label
classification (Mishra and Singh [16]), which further improve
model performance by reducing the feature space based on
feature similarity. However, these methods require further
empirical validation, particularly in the context of app user
review analysis, where the diversity and complexity of textual
features can impact the effectiveness of traditional feature
selection techniques.

Therefore, the proposed study is different from prior
studies (see Table 1) by concentrating on multi-label
classification tasks with an innovative advanced feature selec-
tion techniques. We will evaluate these techniques across
various machine learning methods. This focus addresses
the limitations identified in previous research, particularly
regarding the application of effective methods for complex
classification scenarios, thus contributing valuable insights to
the software engineering field.

In this study, a case study will be conducted to analyze user
reviews in the transport domain. By applying the proposed

feature selection techniques and machine learning models to
this dataset, the study aims to show the practical benefits and
improvements in classification accuracy, precision, recall,
and F1-score. This real-world application will serve as a
clear example of how the research can be useful for both
practitioners and researchers in the field. Additionally, the
study will help highlight the effectiveness of the proposed
methods in improving the understanding and analysis of user
feedback in Malaysian transport enforcement organization.

III. MATERIALS AND METHODS
This section discusses the material and methods we used to
extract textual features up until classifying the user reviews.

A. MATERIALS
In this study, several instruments were used to collect data
from app stores:

1) Google play data scrapper tools:
Google-Play-Scraper is the tool used to extract user
feedback from the Google Play Store. Google-Play-
Scraper is an official free and good API and it’s
available in both Python and Node.js without any
external dependencies. This Google Play data scraper
provide a various feature such as collect instant
reviews, any region or language, search for any query
and get multiple applications from any developer. This
API will save the output into separate columns and
rows for each item in the dataset.

2) Programming languages:
Programming languages Python were used in this study
to write scripts for automated the data scraping process.
Python is a versatile and powerful programming lan-
guage and one of the top tenmost popular programming
languages.

3) Machine learning tools:
We utilized RapidMiner software to perform data min-
ing tasks. For example, [1] and [29] used Naïve Bayes
to classify user reviews into bug reports, non-functional
requirements, usability, user experience, and ratings.
Meanwhile, [30] used SVM to classify user reviews
based on non-functional requirements and usability
and [31] used neural networks to select top k features
for model training and evaluation. Additionally, we are
using a Deep Learning approach with a multi-layer
feedforward artificial neural network, which is imple-
mented using the H2O 3.42.0.1 algorithm [32].

4) Text mining tools:
Text mining tools such as Natural Language Processing
(NLP) libraries or frameworks were used to preprocess
and analyze textual data from app reviews. The text
mining tools provided functions or algorithms for
tokenization (splitting text into words or phrases),
stemming (reducing words to their base form), lemma-
tization (reducing words to their dictionary form),
part-of-speech tagging (labelingwordswith their gram-
matical category), sentiment analysis (determining
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TABLE 1. Summary of related research studies.

TABLE 2. Attributes of the user review data.

TABLE 3. Mining technique and features extraction.

sentiment polarity), topic modeling (identifying latent
topics), etc. in this study, the different techniques are
applied for mining and extracting features as explained
in Table 3.

B. METHODS
This subsection, the user reviews from Google Play Store are
analyzed through automated techniques, including zero-shot

labeling, feature extraction, and classifier training. Prepro-
cessing, feature selection, and evaluation of classifiers such
as Naïve Bayes and Support Vector Machine are employed to
categorize app reviews based on identified problem discovery
and feature requests. The methodology integrates Google-
Play-Scrape, data labeling, and advanced machine learning
techniques to enhance review classification accuracy and
performance. Figure 2 shows an overview of the classification
process for multi-label tasks using a new technique called
Score-Based Zero-Shot. The details of the process are
explained in the following items.

1) Data Collection: Researchers collect a dataset con-
sisting of app reviews from app stores. In our
study, we used government apps as our dataset and
focused on user reviews written in English (714
total of records, containing 1,705 sentences in total).
To collect user reviews from the Google Play Store,
we used the Google-Play-Scraper technique. The
data contains several attributes, such as reviewId,
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TABLE 4. Accuracy of the classification technique using IG+GI+CM on App reviews from the google store.

username, userImage, content, score, thumbsUpCount,
reviewCreatedVersion, at, replyContent, repliedAt, and
appVersion, as shown in Table 2. Additionally, some
other attributes (marked with *) were created manually
to assist in processing the user reviews, as shown in
Table 6.

2) Preprocessing: Text preprocessing techniques such
as transformation (remove noise and text lowercase),
spelling correction (contraction), tokenization and nor-
malization (stop-word removal, stemming) are applied
to clean the text data (see Table 5) in order to enhance
the learning efficiency of the machine learning model
to be built later.

3) Features Selection: Feature selection is one of the
important steps in data analysis. Feature selection,
also called variable selection or attribute selection is
the process of selecting the attributes from the data
that are most relevant to the predictive modeling.
A systematic review of existing feature selection
methods for text mining applications reveals valuable
insights into their comparative effectiveness. Accord-
ing to [33], techniques such as Information Gain (IG)
feature selection have demonstrated promising results
in datasets such as Reuters-21578 and 20 Newsgroup
corpus, outperforming alternatives such as Chi-square,
Document Frequency (DF), and Term Strength (TS).
Therefore, this study will employ a combination of
feature selection such as InformationGain, GINI Index,
Manual Selection and Correlation Matrix.

4) Features Extraction: Features are extracted from
the preprocessed text data. Bhatia et al. [34] used
features such as review rating, review length, review
tense, and review sentiment score in their study.
In this study, we will utilize keyBERT for keyword
extraction, which uses BERT embedding, and we will
also employ the Rake algorithm (Rapid Automatic
Keyword Extraction).

5) Proposed Score-Based Zero-Shot Techniques: This
dataset will be labeled into three categories which
are problem discovery [bug reports, issues, dissat-
isfaction emotion], features request [feature request,

content request, promise, improvement request, idea,
suggestion and features shortcoming] and mix. Some
researchers like [9], [29], [35], [36], and [37] have
manually labeled user reviews based on predefined
categories, such as bug reports, non-functional require-
ments, usability, user experience, or ratings. Most
deep learning models are supervised, meaning they
require large amounts of labeled data specific to
the domain. This creates an opportunity to develop
new methods for zero-shot or few-shot learning [38].
Therefore, in this study, each of these user reviews
was automatically labeled using the proposed score-
based zero-shot technique as shown in Algorithm 1.
The following sections explain the process in more
detail, and a sample output is shown in Figure 1 for
reference.
(a). Let ScorePD and ScoreFR represent the sets of
scores obtained from two datasets labeled PD and
FR, respectively. Similarly, let LabelPD and LabelFR
represent the corresponding sets of labels.
(b). Define maxScoreindexPD = argmax ScorePD and
maxScoreindexFR = argmax ScoreFR as the indices
of the maximum scores in the PD and FR datasets,
respectively.
(c). Let highestslPD and highestslFR denote the labels
corresponding to the maximum scores in the PD and
FR datasets, respectively, obtained as:

highestslPD = LabelPDmaxScoreindexPD (1)

highestslFR = LabelFRmaxScoreindexFR (2)

(d). The highest scores in the PD and FR datasets,
denoted by highestsPD and highestsFR, respectively,
are:

highestsPD = ScorePDmaxScoreindexPD (3)

highestsFR = ScoreFRmaxScoreindexFR (4)

(e). The percentage difference between the highest
scores is calculated as:

diff =

∣∣highestsPD − highestsFR
∣∣

max
(
highestsPD, highestsFR

) ∗ 100 (5)
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FIGURE 1. Sample output step a to f.

Based on the percentage difference, the datasets are
classified into the following categories:

URsc=

{ (
highestslPD; highestslFR

)
, if diff ≤ 50.00

highestslPD, otherwise

(6)

(f). Finally, the main labeling classification for the
dataset is determined as:

URmc =

{
mClass[highestslPD], if diff ≤ 50.00
mClass[highestslFR], otherwise

(7)

6) Classifier Training: Supervised machine learning
models are trained on the extracted features to classify
app reviews into predefined categories such as problem
discovery, features request and mix. In this study,
we applied information gain for feature selection
and Optimized Parameter Grid which was used for
hyperparameter tuning to find optimal values for the
hyperparameters of a model. These techniques were
applied to reduce time and resources and enhance per-
formance for the built classifier model. Reference [34]
utilized supervised machine learning techniques like
Multinomial Naïve Bayes, Linear SVC, and CART
Decision Tree for classification. Meanwhile, in our
experiment, we applied classification algorithms such
as Naïve Bayes, Deep Learning, Decision Tree and
Support Vector Machine.

7) Performance Evaluation: The performance of the
classification models is evaluated using metrics like
precision, recall, and accuracy and the stratified
10-fold cross-validation method was applied in this
study as well where K-fold cross-validation (K-fold
CV) is a statistical method for selecting parameters and
evaluating ML models [39].

The algorithm 1 presented is designed to categorize textual
reviews into two primary classifications: Problem Discovery
(PD) and Feature Request (FR). This classification is
facilitated through a predefined pipeline (bugDetect) that
assigns probability scores to each classification category.
The methodology aims to enhance datasets by appending
classification labels and hierarchical mappings to their
respective broader categories. The algorithm follows a
structured workflow to ensure a systematic classification of
review texts.

1) Initialize label sets and mappings
Define mainClassification, which maps subcate-
gories to main categories. Define label sets for
ProblemDiscovery(PD) and FeatureRequests(FR).
Problem Discovery: [bug report, issue, dissatisfaction
emotion] and Feature Request: [features request, con-
tent request, improvement request, idea, suggestion]

2) Loop through each review in the dataset
The algorithm iterates through each review contained
within the dataset df . Each iteration processes an
individual review, denoted as r , and extracts the
textual content from the review for classification
purposes.

3) Extract and classify the review
The extracted review text undergoes classification
using the bugDetect pipeline that utilized zero-shot-
classification and ‘‘facebook/bart-large-mnli’’ for PD
and FR labels. Subsequently, the highest-scoring label
for each category, along with its corresponding proba-
bility score, is identified.

4) Determine the main classification based on scores
If the PD score ≥ FR score, the review is catego-
rized under Problem Discovery, and the correspond-
ing label is mapped to its broader category using
mainClassification. If the FR score surpasses the PD
score, the review is categorized as a Feature Request,
with a similar mapping procedure. If both scores are
equal, the review is simultaneously assigned to both
categories, and each respective label is mapped to its
broader classification.

5) Calculate the percentage difference
A quantitative metric diff is calculated to measure
the relative difference between the highest probability
scores of PD and FR.

6) Refine the classification based on percentage difference
Based on the computed diff value, the sub-
classification UR_sc and main classification UR_mc
are updated accordingly. If diff ≤ 50, the classification
retains both PD and FR labels. Otherwise, the
classification retains only the dominant label (i.e., the
one with the highest probability score).

IV. RESULT AND DISCUSSION
This section presents the results for research questions RQ1
and RQ2 derived from two experiments.
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FIGURE 2. Overview user reviews analysis methodology.

FIGURE 3. IG+GI+CM Feature selection across the Machine Learning.

A. IMPACT OF FEATURE SELECTION ON MACHINE
LEARNING PERFORMANCE [RQ1]
1) MANUAL FEATURE SELECTION WAS APPLIED
The classification accuracies of all models for all sentence
types are shown in Table 7. This accuracy result is der-
ived from the manual selection of features without relying on

feature selection techniques like Information Gain, GINI
Index, Chi-square statistic, Correlation Matrix, or others.
The Decision Tree model has the highest accuracy (92.1%),
making it the most effective model among those tested in
terms of accuracy.
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Algorithm 1 Algorithm for Classification of Reviews
Into Problem Discovery and Feature Request Categories
Input: Dataset df with review texts; Classification

pipeline bugDetect
Output: Dataset df enriched with sub- and main

classifications
Data: Label sets for Problem Discovery (PD) and

Feature Requests (FR); Mapping dictionary
mainClassification

/* Initialize label sets and mappings */

1. Define mainClassification, problemDiscoveryLabels,
and featureRequestLabels
/* Loop through each review in the dataset */

2. foreach row r in df do
/* Extract and classify the review */

3. Extract review text review from r
4. Classify review using bugDetect for both PD and
FR labels
5. Retrieve the highest-scoring label and score for
each category (PD and FR)
/* Determine the main classification based

on scores */

6. if Highest PD score > Highest FR score then
7. Assign review to Problem Discovery
8. Map the PD label to its main category using
mainClassification

9. else if Highest FR score > Highest PD score then
10. Assign review to Feature Request
11. Map the FR label to its main category using
mainClassification

12. else
13. Assign review to both categories (PD and
FR)
14. Map both labels to their respective main
categories

/* Calculate the percentage difference */

15. Compute the percentage difference:

diff =

∣∣highestPD − highestFR
∣∣

max(highestPD, highestFR)
× 100

/* Refine the classification based on

percentage difference */

16. Update sub-classification (URsc):

URsc =

{
(highestPD, highestFR), if diff ≤ 50
highestPD, otherwise

17. Update main classification (URmc):

URmc =

{
mClass[highestPD], if diff ≤ 50
mClass[highestFR], otherwise

Meanwhile, the Deep Learning model shows a good
balance with a relatively high accuracy (85.2%). The average

TABLE 5. Text Pre-processing techniques.

F1-Score, Precision, and Recall are 63.75%, 70.71%, and
62.16%, respectively. Despite, Deep Learning models are
generally powerful, our results showed that they performed
lower than the Decision Tree when manual feature selection
was applied. This is consistent with findings by Saleem et al.
[40], who reported that deep learning models tend to perform
better when fed with features selected through filter-based
methods. Additionally, deep learning models often require
large amounts of data for training. In our study, we used a
relatively small dataset with only 714 records. This limited
dataset likely contributed to the poorer performance of the
deep learning model, as deep learning algorithms typically
struggle with smaller datasets. This finding supports the
conclusions of Saleem et al. [40] and Liu et al. [41], who
both found that deep learning models do not perform well
with small datasets.

The Naïve Bayes model, has the lowest accuracy (78.4%)
and the Support Vector Machine (SVM) provides a good
accuracy (88.3%). These results suggest that the Decision
Tree model is particularly effective for this multi classifi-
cation task based on manual selection feature. This aligns
with the research by Zhang et al. [42], which highlighted that
Decision Tree algorithms are effective for both binary and
multi-class tasks.

2) FEATURE SELECTION TECHNIQUE WAS APPLIED
Table 8, showing that the Support Vector Machine (SVM)
model has the highest accuracy (94.6%) and on average
scores 91.20% across all feature selections making it the most
effective model among those tested in terms of both accuracy
and learning feature selections from the data. This research
is aligned with findings from Wongso et al. [43] explores
SVM for text classification in Indonesian, and Bhatia and
Sharma [31] use SVM with feature selection for sector
classification of requirements. This validates the potential of
SVM in conjunction with robust feature selection.

The Deep Learning model shows a good balance with
relatively high accuracy (93.2%) and Naïve Bayes model,
has the lowest accuracy (91.7%) if relies on Gini Index. The
Decision Tree provides a good accuracy (92.2%) it represents
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TABLE 6. Standard and additional mobile Apps reviews attribute.

TABLE 7. Machine learning - manual feature selection (%).

a second lower in average (89.20%) if compared to other
classifiers.

Table 8 and Table 4 showing that the subset of features
derived from Information Gain, GINI index, and Correlation
Matrix which used a more refined feature selection process,
resulted in improved performance across all models in terms
of precision, recall, accuracy and F1-Score. Our research
is aligned with findings from Al-Hawari et al. [27], where
they explore Information Gain and Chi-square for app
review classification, demonstrating improved performance.
Meanwhile Bakar et al. [44] also explore Information Gain
(IG) along with other features and how it enhances sentiment
analysis models.

The Support Vector Machine (SVM) model showed
the most significant improvement, achieving the highest
accuracy (94.6%) in the combination of feature selection

TABLE 8. Accuracy performance based on feature selection
technique (%).

techniques. The Naïve Bayes model also showed a notable
improvement in accuracy and gains, making it a more
competitive model as shown in Figure 3.

In addition, to answer this research question, the hypothe-
ses need to be tested based on the hypotheses declara-
tion as shown inTable 9 to test the impact of feature
selection on model performance, we used a paired t-test
(Equation (8)) to compare the accuracy of models before and
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TABLE 9. Hypothesis for RQ01.

TABLE 10. Paired t-test result.

FIGURE 4. Paired t-test result.

after feature selection.

t =
d
sd√
n

(8)

where, d is the mean difference in accuracy between
the manual selection and combination features selection.
Meanwhile, sd is the standard deviation of the differences and
n is the number of models compared.

Based on the t-test calculation, the results of this study,
while not statistically significant according to the p-value
of 0.125, provide important insights that align with and
complement existing research in the field of feature selection
for text categorization. Although the statistical test did
not reject the null hypothesis, indicating no significant
improvement in model performance, the practical results tell
a different story. For instance, the combination of Information

FIGURE 5. Enhancing Model Performance through Feature Selection.

Gain (IG), Gini Index (GI), and CorrelationMatrix (CM)with
feature selection methods demonstrated a notable increase
in accuracy, particularly with the Support Vector Machine
(SVM), where the accuracy rose from 88.3% to 94.6%. This
outcome echoes the findings of Kim and Zzang [19], who also
observed superior performance using similar feature selection
techniques over various alternatives, such as Chi-squared and
odds ratio. The observed increase in accuracy and the reduced
computational time in this study reinforce the importance of
feature selection, as highlighted by Zaman et al. [20], where
methods like IG, chi-squared, and Gini Index have shown
improvements in handling high-dimensional data. This work
supports earlier hypotheses suggesting that feature selection
can optimize model performance, even when statistical
measures do not confirm significance. The results here extend
the understanding established by Bakar et al. [44], who also
confirmed the utility of methods like IG and GI in sentiment
analysis, further reinforcing the growing body of evidence
supporting feature selection in machine learning. Hence,
this research corroborates findings from earlier studies,
highlighting the practical advantages of feature selection,
even when statistical tests do not fully capture its impact.

In summary, we can conclude that feature selection has
a significant impact on model performance, as shown in
Figure 5. The details of the following item are provided to
help with a better understanding.

1) This study examines how feature selection affects
the performance of machine learning models. It com-
pares the results of models that use feature selection
techniques with those that do not. The findings
show that applying feature selection methods like
Information Gain, GINI Index, and Correlation Matrix
can significantly improve model performance.

2) Among the models, the Support Vector Machine
(SVM) achieved the best results. Its accuracy increased
to 94.6% when feature selection techniques were used,
with precision exceeding 90%. This demonstrates the
effectiveness of feature selection in enhancing model
accuracy and reducing computational demands.

3) The Decision Tree model also showed stable per-
formance. Its accuracy was 92.1% without feature
selection and slightly improved to 92.2% with feature
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TABLE 11. Hypothesis for RQ02.

TABLE 12. ANOVA single factor test.

selection. This suggests that while Decision Tree
models are already robust, they can still benefit from
feature selection with small dataset.

B. BEST PERFORMING MACHINE LEARNING MODEL FOR
MULTI-LABEL CLASSIFICATION WITH FEATURE
SELECTION [RQ2]
In this research question, we need to execute an experiment to
compare the performance of variousmachine learningmodels
(Naïve Bayes, Deep Learning, Decision Tree, and Support
Vector Machine) using the feature selection technique.
Identifying the best-performing model can provide valuable
insights for practitioners in selecting the most suitable model
for multi-label classification tasks for user review analysis.
To achieve this, we formulate the second hypothesis as shown
in Table 11.

To compare the performance of different models, we used
ANOVA (Analysis of Variance) to test (Equation (9)) if there
are significant differences in accuracy among the models.

F =
MSbetween
MSwithin

(9)

where,MSbetween is the mean square between the groups and
MSwithin is the mean square within the groups.
The analysis of the raw data aligns with prior research and

reinforces the importance of feature selection in multi-label
classification tasks. With a p-value of 0.052, which is just
slightly higher than the 0.05 threshold at the 5% significance
level, this study supports the null hypothesis, indicating no
significant difference in the performance of different machine
learning models when the IG+GI+CM feature selection

FIGURE 6. Precision, Recall, and F1-Score.

technique is applied as shown in Figure 3. However, this value
is close to significance, suggesting a trend worth exploring
further. This finding echoes the work of Sridharan and
Sivakumar [33], who emphasized the critical role of feature
selection in improving model performance, particularly in
reducing dimensionality for text mining tasks. Moreover,
our results align with the observations made by Mishra and
Singh [16], who demonstrated improvements in precision and
recall through feature selection in multi-label classification,
which is consistent with the precision, recall, and F1-score
trends observed in this study.

For instance Figure 6 shows the Support Vector Machine
(SVM) showed a slight benefit over the Decision Tree
model, a finding that complements the conclusions of Khan
et al. [21], where the Intelligent Hybrid Feature Selection
method also led to superior performance in sentiment feature
extraction. These results add to the growing body of evidence
from Aruna et al. [12] and Basha and Rajput [11], both of
whom highlighted the positive impact of optimized feature
selection on sentiment analysis. Thus, the convergence of our
findings with these prior studies confirms the importance of
feature selection in enhancing the accuracy and efficiency
of machine learning models in complex, high-dimensional
data scenarios such as app user review analysis. In summary,
we can conclude from this experiment the following points:

1) This study compares the performance of four different
models—Naïve Bayes, Deep Learning, Decision Tree,
and Support Vector Machine (SVM)—using selected
features. The results indicate that the SVM model
performs the best in terms of both accuracy and overall
effectiveness.

2) The Deep Learning model achieved a relatively high
accuracy of 93.2% when feature selection was applied,
which demonstrates its potential for handling complex
multi-label classification tasks. However, it tends to
overfit more than simpler models like Decision Tree,
which limits its generalizability.

3) On the other hand, the Naïve Bayes model showed the
lowest accuracy at 91.7%, even with feature selection.
This suggests that Naïve Bayes has some limitations
when it comes to effectively managing multi-label
classification tasks compared to the other models.
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C. DISCUSSION ON THE IMPLICATIONS OF THE
RESEARCH FINDINGS ON FEATURE SELECTION
TECHNIQUE AND MACHINE LEARNING
MODEL SELECTION
The research findings have several important implications for
both feature selection and model selection in the context of
machine learning, particularly for multi-label classification
tasks. These implications will be discussed in detail in the
following items and derived significant details as shown in
Table 13.

1) Critical Role of Feature Selection: The study demon-
strates that feature selection techniques significantly
improve the performance of machine learning models.
This underscores the importance of investing time and
resources into developing robust feature selection tech-
niques. Practitioners should prioritize feature selection
as a key step in the machine learning pipeline to
enhance model accuracy and efficiency.

2) Generalizability Across Models: The findings sug-
gest that effective feature selection techniques can lead
to performance improvements across different types of
models. This implies that well-engineered features can
generalize well, making them valuable for a wide range
of machine-learning tasks and models.

3) Innovation in Feature or Attribute Creation: The
study encourages innovation in creating new fea-
tures. Techniques such as polynomial features, cross-
features, and domain-specific feature extraction can
provide additional predictive power. In this study,
we have developed a new feature or attribute called
%Difference on top of standard attributes, which
carries significant weight in all feature selection
techniques, including information gain, GINI index,
and correlation matrix.

4) Machine Learning Selection: TheANOVA test results
indicate that there is no significant difference in
accuracy among the different machine learning models
when the right feature selection technique is applied.
This suggests that the choice of machine learning
model may be less critical than the quality of the
features or attributes that are carefully designed and
selected.

5) Data Quality: The effectiveness of feature selection
methods in user review analysis heavily depends
on the quality of the underlying data. Clean, well-
preprocessed data enhances model outcomes by elimi-
nating noise and ensuring the inclusion of meaningful
features (Maskat and Munarko [45] and Ariffin
and Tiun [46]). Preprocessing is vital to remove
unnecessary elements, such as punctuation, redundant
characters, or social media-specific tags, ensuring
the dataset is fit for further analysis (Selvaraju and
Anbananthen [47] and Kassim et al. [48]). Studies
emphasize that thorough normalization and cleaning,
especially in datasets containing informal or non-
standard text, improve the accuracy of models used

for sentiment analysis and other applications (Bakar
et al. [49]; Alsaffar and Omar [50]). This highlights
that high-quality data is essential to achieving reliable
feature selection and optimizing the performance of
machine learning models.

V. THREATS TO VALIDITY
In this section, we explain the potential threats to validity that
we identified for this study.
1) Conclusion Validity: Although the study showed

improvements in model performance using feature
selection techniques, the p-values from statistical tests
were not always significant (e.g., 0.125 for the t-test
and 0.052 for ANOVA). This could suggest that some
observed improvements may not be statistically reliable,
despite practical relevance. The limited number of
models (only four) may reduce the statistical power
of the analysis, potentially affecting the accuracy of
conclusions drawn about performance enhancements.
Stratified 10-fold cross-validation, already employed in
this study, further ensures robust performance evaluation
by minimizing bias due to small datasets.

2) Internal Validity:Factor attribute like%differences
may have affected the results, making it hard to clearly
connect feature selection to improved performance.
Additionally, the manual selection of features for base-
line comparisons introduces subjectivity, which could
bias the outcomes. To mitigate this, hyperparameter
optimization through an optimized parameter grid was
utilized, reducing variability caused by uncontrolled
parameters. Automated feature labeling with the pro-
posed score-based zero-shot technique helps mitigate
subjective bias introduced by manual selection, thus
improving consistency.

3) Construct Validity:The study uses performancemetrics
such as accuracy, precision, and F1-score to assess the
model’s effectiveness. However, these metrics might not
fully reflect the impact of feature selection techniques in
multi-label classification. In such cases, small changes in
performance across different labels could go unnoticed,
making it harder to understand how well the model
performs for each specific label. To mitigate this, we pro-
posed score-based zero-shot technique that consists of
several key elements.

a) Capturing nuanced differences in multi-label
classification: The method calculates the per-
centage difference between the highest scores
across labels, which helps identify subtle varia-
tions between categories such as ProblemDiscov-
ery (PD) and Feature Requests (FR). This ensures
that minor but meaningful changes are detected,
addressing the limitation where traditional met-
rics like precision or F1-score might overlook
small discrepancies.

b) Dynamic label assignment and decision logic:
By determining the primary classification label
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TABLE 13. Derived significant details.

based on the highest scores and percentage differ-
ence thresholds (diff≤ 50%), our approach offers
adaptive label selection. This is more refined
than standard binary outputs, enabling better
reflection of multi-label behavior and enhancing
the interpretability of the classification results.

c) Supplementary evaluation through score-
based decisions: Incorporating intermediate
calculations score (e.g., highestsPD, highestsFR)
introduces a complementary perspective that
supplements accuracy-based metrics. This pro-
vides additional performance insights, thereby
enriching the evaluation process.

4) External Validity: The results may not generalize well
to other domains, as the experiment focuses on app
user reviews, which involve specific text characteristics.
Additionally, with only four machine learning models
tested, the findings may not extend to other model
architectures or datasets, limiting broader applicability.
To mitigate this, we apply multiple feature selection
techniques such as Information Gain, GINI Index,
and Correlation Matrix to establishes a foundation for
broader applicability.

VI. CONCLUSION
In conclusion, this study has provided valuable insights into
the impact of feature selection techniques and the perfor-
mance of various machine learning models in multi-label
classification tasks, particularly in app user review analysis.
The findings highlight that, despite a lack of statistical
significance, feature selection techniques such as Information
Gain (IG), Gini Index (GI), and Correlation Matrix (CM)
demonstrate clear practical benefits in improving model
accuracy. The proposed score-based zero-shot method with
Support VectorMachine (SVM) improves accuracy and high-
lights the important role of feature selection in optimizing
machine learning models.

Although the statistical analysis yielded a p-value slightly
higher than the significance threshold, the near-significant
results suggest that feature selection may have a more

substantial impact than the statistical tests indicate. Improve-
ments in key performance metrics such as precision, recall,
and F1-score underscore the effectiveness of applying tech-
niques like IG+GI+CM in multi-label classification. These
findings, while not statistically conclusive, provide further
evidence of the practical advantages of feature selection,
demonstrating its importance in enhancing the performance
of machine learning models. Overall, this research reinforces
the idea that feature selection is essential in improving model
outcomes, even in caseswhere statistical significancemay not
be fully evident.

VII. FUTURE DIRECTIONS
The study acknowledges the need for further research to
enhance the proposed technique effectiveness and generaliz-
ability. Future research directions should include:

1) ExpandingMachine LearningModels andMultiple
Domain Datasets: In the future, it is important to
use more machine learning models and work with
larger and more diverse datasets. Combining data
from multiple domains can help improve the accuracy
and performance of these models. This approach will
enhance the statistical power of the findings and
provide deeper insights into the effects of feature
selection techniques on multi-label classification tasks.

2) Hyperparameter Tuning: Further research should
explore the impact of hyperparameter tuning on model
performance. This process plays an important role
in reducing confounding factors that may influence
the results. By carefully tuning hyperparameters,
researchers can achieve more reliable and consistent
outcomes, making it easier to see the real impact of
different feature selection techniques.

3) Exploring Additional Evaluation Metrics: Tradi-
tional metrics such as accuracy, precision, and F1-score
may not fully capture the nuanced improvements
in multi-label classification tasks. In the future,
researchers should look into using more evaluation
metrics that can give a broader and clearer understand-
ing of how well the model performs.
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