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ABSTRACT

User reviews are crucial for mobile application evolution, but manually analyzing large
volumes of feedback is time-consuming and inefficient. This thesis explores advanced
techniques for automated user review analysis to facilitate potential mobile applica-
tion evolution. We introduce a novel Convolutional Neural Network (CNN) based
approach for Aspect-Based Sentiment Analysis (ABSA) on app reviews. Our model
demonstrates significant improvements over existing baselines, with F1 scores of 0.62,
0.42, and 0.62 for aspect category classification in Productivity, Game, and Social
Networking domains respectively. For aspect sentiment classification, we achieve ac-
curacy scores of 0.80, 0.70, and 0.86 in the same domains. We provide empirical
evidence on hyperparameter tuning, investigating the effects of batch size, number
of epochs, and learning rate on model performance. To enhance our ABSA model,
we investigate various word embeddings and data augmentation techniques. We find
that Word2Vec embeddings and Round-trip Translation (RTT) augmentation yield the
best results, offering insights for future research in this domain. Expanding our ex-
ploration of automated review analysis, we evaluate the potential of Large Language
Models (LLMs). We provide a comprehensive comparison of state-of-the-art commer-
cial and open-source LL.Ms in zero-shot and fine-tuned settings. Notably, we demon-
strate the feasibility of using commercial LLLMs as autonomous annotators, creating
a high-quality dataset of 10,000 app reviews while achieving an accuracy of 81.89%.
Our research also investigates the impact of various parameters on LLM performance
for app review analysis, including training data size, number of epochs, Temperature ,
and Top_p. We find that fine-tuned open-source models can achieve performance com-
parable to commercial LLMs, with our best model reaching an F1 score of 0.83416.
Our work contributes to the field of mobile application development by advancing au-
tomated user review analysis techniques to potentially improve the process of mobile
application evolution. This work has the potential to lead to faster and more targeted
mobile application improvements, enhancing developers’ ability to respond to user
needs effectively.

Keywords: Mobile App Review Analysis, Aspect-Based Sentiment Analysis, Convolutional
Neural Networks, Large Language Models, Word Embeddings, Data Augmentation, Hyperpa-
rameter Tuning, GPT-3.5, LLAMA 2, Mistral, Fine-tuning, Software Evolution
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CHAPTER 1
INTRODUCTION

1.1 Background

With the recent technological advancements in the smartphone industry, the popularity
and usage of smartphones are growing at a rapid pace. According to data from Statista’,
the number of smartphone users is expected to have steady growth up to 7516 million
by 2026.
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6378
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4435
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Source: Additional Information:

Fig. 1.1: Number of smartphone users from 2016 to 2021 [1]

Due to the high computational power of these devices and the flexibility provided
by OS governing bodies such as Google and Apple for publishing 3rd party applica-
tions, a huge market for developing mobile applications has emerged. Consequently,
the mobile application market has been growing at a rapid pace, becoming highly com-
petitive. Users now have a plethora of mobile applications to choose from to fulfill their
needs. This competitive landscape motivates application developers to constantly im-
prove their applications, quickly identify and fix hidden bugs, and add new trending
features to stay relevant in the market.

IStatista ht tps://www.statista.com/



Mobile applications are typically published on app marketplaces such as Google
Play’ and Apple App Store’, where users can rate and post feedback on the applica-
tions. These reviews often contain valuable information such as hidden bugs and new
features that users expect from the application [2, 3]. As a result, analyzing user re-
views to extract useful information has become a crucial topic among researchers and
developers alike.

1.2 Research Problem

The widespread adoption of mobile applications has fundamentally transformed the
way users engage with technology. In today’s highly competitive landscape of plat-
forms such as Google Play Store and Apple App Store, the need for rigorous require-
ments engineering and efficient software evolution processes has become paramount
[4, 5]. User reviews on these platforms serve as a valuable source of feedback for
developers, containing information about bugs, feature requests, and user experiences
[3, 6]. However, the sheer volume and unstructured nature of these reviews pose sig-
nificant challenges for developers in extracting actionable insights [7].

In the literature, we can see a clear progression of researchers applying traditional
machine learning techniques to deep learning techniques to extract useful information
that could help developers in the software evolution process [8—10]. This evolution in
approaches reflects the growing sophistication of Natural Language Processing (NLP)
methods and their application to the domain of app review analysis.

Despite these advancements, there remains significant room for improvement in the
accuracy and efficiency of extracting actionable insights from user feedback [7]. The
dynamic nature of mobile app development and the continually evolving user expec-
tations create an ongoing need for more advanced and adaptable analysis techniques
[10].

Through this study, we aim to contribute to the ongoing effort of improving app
review analysis by applying emerging NLP techniques. Our goal is to develop more
effective methods for analyzing user feedback, potentially streamlining the mobile ap-
plication evolution process and enhancing the overall experience of mobile app users.

2Google play https://play.google.com/store/apps?hl=en&gl=US.
3Apple store https://www.apple.com/app-store/.
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1.3

14

Research Objectives

Leverage Aspect-Based Sentiment Analysis (ABSA) to identify and analyze
user sentiments on various aspects of mobile applications, providing developers
with a nuanced understanding of user satisfaction across different app features
and functionalities.

Evaluate the capabilities of Large Language Models (LLMs) in classifying and
analyzing app reviews, with the aim of improving the accuracy and efficiency
of extracting user-reported issues, feature requests, and experience-related in-

formation.

Contributions

This research contributes to the field of mobile application development, particularly

in the area of software evolution, in several ways:

Proposed and evaluate a CNN-based approach for Aspect-Based Sentiment Anal-
ysis (ABSA) on mobile app reviews, demonstrating significant improvements
over existing baselines provided by Alturaief et al. [11]

Provide a comparative analysis of Word2Vec, FastText, and GloVe embeddings
for app review analysis, identifying the most effective embedding that work best
with our proposed CNN models

Evaluate Contextual Augmentation by Google Bard and Round-Trip Translation
(RTT) data augmentation techniques for improving ABSA model performance
on imbalanced datasets by over-sampling minority classes

Provide empirical evidence on hyperparameter tuning (batch size, number of
epochs, learning rate) for Proposed CNN ABSA models in the context of app
review analysis

Conduct a comprehensive comparison of commercial and open-source Large
Language Models (LLLMs) for app review classification

Propose and evaluate a method for using commercial LLMs as autonomous an-
notators to create large-scale, high-quality datasets for app review classification

Analyze the effects of training data size and number of epochs on the perfor-
mance of fine-tuned open-source LLMs for app review classification

Investigate the impact of Temperature and Top_p parameters on the per-
formance of both commercial and fine-tuned open-source LLMs in app review
analysis



CHAPTER 2
LITERATURE SURVEY

In this Chapter we will take a look at the prior work done in the area of mobile app re-
views mining. For the convenience of use, this chapter is divided into several sections.
In the section 2.1 we discuss about the importance of user reviews with regards to iden-
tifying useful information related to mobile applications. After that we will take look
at various approaches followed by researchers to extract useful information out of user
reviews under two main categories: 1) Traditional Machine Learning (Section 2.2) and
2) Deep learning (Section 2.3). Then in section 2.4 we will go through pre-processing
techniques utilized in previous studies to improve accuracy of the results. Then we will
summarize all the previous studies in the table 2.4. Finally we go through prior work
done on using LLMs (Large Language Models) as a annotator to improve efficiency
and reduce costs associated with the manual annotation proess (Section 2.6).

2.1 Importance of user feedback for apps development

In the literature there are number of works highlighted the importance of User Feed-
back. In an empirical study Pagano and Maalej [12] stated that most of the feedback
given by the users after a new release and the frequency of feedback submitted de-
creases over the time. They also found out that these feedback typically contains mul-
tiple topics related to the application such as user experience issues, bug reports, and
feature requests. It was pointed out that these feedback content has an impact on down-
load numbers of the application. According to the study majority of low star rating
feedback usually contains shortcomings and bug reports of the application where four
to five star ratings mainly consist of praise. It was noted that the feature requests are
mostly coming from three to five star rating feedback. Another study done by Li et al.
[13] showed that analyzing user comments can be used to improve user satisfaction of
software products.

Maalej et al. [14] categorize user feedback into two types called implicit feedback
and explicit feedback while describing the concept of User Feedback Analytics. There
software usage data such as click events,logs, sensor generated data categorized under
implicit feedback and user reviews and feedback’s are categorized as explicit feedback.
It was mentioned that explicit feedback summarizes users’ subjective opinions, implicit
feedback helps developers understand their objective opinions.

Hence Explicit user feedback is really important since it contains valuable infor-
mation. However,due to the large volume and noisy-nature of those reviews, manually
analyzing them for useful information is a laborious and challenging task [15]. So re-
searches have applied various types of NLP and machine learning techniques to solve



this problem of extracting useful information out of large number of user feedback. For
the sake of simplicity we will discuss them under following: 1) Traditional Machine
Learning (Section 2.1) and 2) Deep learning (Section 2.3)

2.2 Traditional Machine Learning Approaches

Prior to the emergence of deep learning techniques, researchers employed various
traditional machine learning approaches to analyze app reviews. These approaches
evolved from basic topic modeling to more sophisticated supervised and hybrid meth-
ods, demonstrating a clear progression in addressing the complex challenges of user
feedback analysis in mobile applications.

2.2.1 Topic Modeling-Based Approaches

The foundation of automated app review analysis began with topic modeling tech-
niques, starting with Fu et al. [16]’s Wiscom framework that introduced a three-level
analysis system combining micro-level review consistency analysis, meso-level tem-
poral evolution tracking, and macro-level marketplace trend identification. While this
comprehensive approach broke new ground, it struggled with precise classification
of specific user concerns. Addressing these limitations, Chen et al. [6] significantly
enhanced the methodology by integrating EMNB classification with topic modeling,
improving the identification of informative reviews and reducing noise in the analysis
process.

The versatility of topic modeling expanded further when Anchiéta and Moura [17]
and Gomez et al. [ 18] demonstrated its applicability beyond English-language reviews,
though challenges remained in handling linguistic nuances and maintaining consis-
tent accuracy across languages. These cross-lingual adaptations highlighted both the
flexibility of topic modeling approaches and their inherent limitations in capturing
language-specific contextual nuances.

2.2.2 Supervised Learning Approaches

The limitations of pure topic modeling approaches, particularly in classification accu-
racy and result validation, led to increased adoption of supervised learning techniques.
Comprehensive comparative studies by Guzman et al. [8] revealed that ensemble meth-
ods consistently outperformed individual classifiers like Naive Bayes, SVMs, and basic
Neural Networks, achieving 5-10% better accuracy across various classification tasks.
This finding highlighted the importance of combining multiple classification strategies
to handle the diverse nature of user feedback.

Building on these insights, Maalej et al. [19] significantly advanced the field by in-
tegrating metadata analysis with text classification, achieving unprecedented precision



rates of 88-92% and recall rates of 90-99%. Their multi-faceted approach demon-
strated the value of combining multiple data sources and analytical techniques, incor-
porating:

* Comprehensive review metadata (star ratings, submission timestamps, user his-
tory)

Advanced linguistic feature analysis (tense analysis, bi-gram patterns, semantic
relationships)

Sophisticated sentiment analysis techniques

Contextual information from app descriptions and update histories

2.2.3 Specialized Analysis Frameworks

As the field matured, researchers developed increasingly sophisticated frameworks ad-
dressing specific limitations of earlier approaches. Phong et al. [15]’'s MARK frame-
work addressed the rigidity of fully automated systems by introducing analyst-guided
processing, enabling:

* Dynamic keyword definition for targeted analysis
* Real-time tracking of temporal trends
 Early detection of emerging issues through change monitoring

» Customizable analysis parameters based on specific app categories

Meanwhile, Gu and Kim [20]’s SUR-Miner overcame the limitations of traditional
bag-of-words approaches through pattern-based parsing, offering enhanced semantic
understanding and more precise feature extraction. Guzman et al. [10]’s ALERTme
further expanded the scope by successfully adapting these techniques to social media
data, though each advancement revealed new challenges in scalability and generaliza-
tion across different platforms and user behaviors.

2.2.4 Active Learning and Hybrid Approaches

The persistent challenge of limited labeled data spurred innovation in hybrid approaches.
Dhinakaran et al. [21]’s active learning framework significantly reduced manual label-
ing requirements while maintaining accuracy comparable to fully supervised methods.
This breakthrough addressed one of the major practical limitations in implementing
app review analysis systems at scale.



Building on this efficiency improvement, Guo and Singh [22] shifted focus to-

ward extracting actionable insights through action-problem pairs, demonstrating how

targeted analysis could provide more practical value than broader classification ap-

proaches. Their method achieved:

* More precise identification of specific user problems and their contexts

2.2.5 Comparative Analysis

Better understanding of user behaviors and interaction patterns
Improved actionability of extracted insights for development teams

Enhanced prioritization of issues based on user impact and frequency

The evolution of traditional machine learning approaches reveals several key trends

and trade-offs in methodology:

longtable

TABLE 2.1: Comparison of Traditional Machine Learning Approaches

Approach

Advantages

Limitations

Topic Modeling

* Unsupervised learning

* Good for exploratory
analysis

* Minimal manual label-
ing

* Flexible topic discov-
ery

* Lower precision

e Difficult to validate re-
sults

* High  computational
cost

* Topic coherence issues




Approach

Advantages

Limitations

Supervised Clas-

 Task-specific optimiza-
tion

e Better semantic under-
standing

¢ Enhanced user control

* Focused analysis capa-
bilities

sification * Higher accuracy * Requires labeled data
* Better handling of spe- * Domain-specific train-
cific tasks ing
* More reliable results e Limited generalizabil-
ity
* Clear performance
metrics * High annotation costs
Specialized
Frameworks

e Limited  application
scope

e Complex implementa-
tion

* Higher development
overhead

¢ Maintenance chal-
lenges

Active Learning

* Reduced labeling effort
* Balanced performance
* Practical applicability

* Adaptive learning ca-
pability

e Complex implementa-
tion

* Iterative training
needed

* Initial setup overhead

* Quality dependency on
seed data

These traditional approaches established fundamental principles and methodolo-

gies that continue to influence modern app review analysis. The progression from ba-

sic topic modeling to specialized frameworks and hybrid approaches demonstrates the

field’s maturation in addressing increasingly complex challenges. While newer deep

learning approaches have since emerged, many of the insights and methodological in-
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novations from this era remain relevant, particularly in scenarios where interpretability,
control, and efficient resource utilization are prioritized over raw computational power.

The evolution of these approaches also highlights the inherent trade-offs between
automation and accuracy, generalizability and specificity, and resource requirements
versus performance. These considerations continue to shape current research direc-
tions and the development of new methodologies for app review analysis.

2.3 Deep Learning Approaches

Recent research has increasingly turned to deep learning approaches to address the
challenges in app review analysis, offering alternatives to the traditional machine learn-
ing methods discussed previously. These approaches range from convolutional neural
networks to transformer-based architectures, each presenting unique advantages and
considerations.

2.3.1 CNN-Based Architectures for App Review Analysis

Convolutional Neural Networks (CNNs) represent one of the first applications of deep
learning to app review analysis, demonstrating significant versatility in handling mul-
tilingual classification tasks. Stanik et al. [23] compared traditional machine learning
with deep learning approaches for classifying user feedback in both English and Italian
into problem reports, inquiries, and irrelevant categories. Their CNN architecture (Fig-
ure 2.1) featured an embedding layer initialized with word embedding models such as
word2vec or FastText.
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9 Problem report

=) 0 | Irrelevant
home S —
1 DN
PADDING N =
Input layer Embedding layer 1D convolution layer Global max Dense layer  Output layer
(padded) (pre-filled with fastText model) filter: 64 pooling layer units: 16

stride: 1
kernel size: 3

Fig. 2.1: Neural network architecture for the classification [23]

This architecture demonstrated superior performance compared to shallow neural
networks, though the researchers noted that traditional machine learning approaches
incorporating domain expert knowledge could achieve comparable results due to the
powerful features they leveraged. This early implementation of transfer learning and
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deep learning techniques established a foundation for subsequent research in app re-
view classification.

Building on CNN approaches, Aslam et al. [24] developed a more comprehensive
framework that integrated both textual and non-textual information. Their approach
first extracted metadata elements such as total review counts and submission rates, then
preprocessed textual information into digital vectors. This multi-faceted approach en-
abled training a deep learning based multi-class classifier capable of categorizing app
reviews into four distinct classes: bug reports, enhancement reports, user experiences,
and ratings. This integration of multiple data sources demonstrated the adaptability of
CNN architectures for complex app review classification tasks.

2.3.2 Transformer-Based Approaches and Transfer Learning

As the field evolved, researchers began exploring the potential of transformer-based
architectures, particularly BERT and its variants, for app review analysis (Figure 2.2).
These models offered advanced contextual understanding capabilities beyond what
CNN architectures could provide.

msesang ) (w2 ) Cwe ] ) Z )

Classification Layer: Fully-connected layer + GELU + Norm |

Transformer encoder

1I.

envodsing | 1 1
(w J (v ] [ w | (s ) [ w |

l 1 T T T

Wi Wa Wa Wia Ws

Fig. 2.2: BERT Model Architecture [? ]

Hadi and Fard [25] conducted a comprehensive empirical study comparing Pre-
Trained Models (PTMs) with previous approaches across six datasets from the litera-
ture. Their investigation spanned multiple experimental configurations:

10



* Binary versus multi-class classification scenarios

Zero-shot classification capabilities

Multi-task learning settings

¢ Cross-resource classification effectiveness

Complementing this research, Henao et al. [26] specifically investigated trans-

fer learning potential for user comment classification. Their comparative evaluation
of monolingual and multilingual BERT models against state-of-the-art methods re-

vealed that monolingual BERT models consistently outperformed existing baseline

approaches in classifying English App Reviews as well as English and Italian Tweets.

However, they observed that deploying heavyweight transfer learning models did not

automatically guarantee performance improvements, highlighting important consider-

ations about model selection and application.

2.3.3 Comparative Analysis of Deep Learning Approaches

The evolution from CNN-based to transformer-based architectures represents a signif-

icant shift in how app review analysis is approached. Each methodology offers distinct

advantages and considerations:

TABLE 2.2: Comparison of Deep Learning Approaches for App Review Analysis

Approach Advantages Limitations
CNN-Based Ap-
proaches e Limited contextual under-

(Stanik et al. [23],
Aslam et al. [24])

 Effective integration of
word embeddings

e Capability to leverage
both textual and non-
textual data

* Efficient handling of mul-
tilingual content

* Lower computational
requirements than trans-
formers

standing

* Performance comparable
to well-optimized tradi-
tional ML in some cases

* Fixed input size con-
straints

* Less effective for complex
semantic tasks

11




Approach

Advantages

Limitations

Transformer-Based
Approaches

(Hadi and Fard [25],
Henao et al. [26])

e Superior contextual lan-
guage understanding

e Effective pre-training on
large datasets

e Strong performance in
cross-lingual tasks

* Better handling of seman-
tic relationships

Higher computational re-
source requirements

Not consistently superior
to lighter models for all
tasks

More complex implemen-
tation and fine-tuning

Potential overfitting on
smaller datasets

2.3.4 Key Insights and Implications

The research on deep learning approaches for app review analysis reveals several im-

portant insights:

1. While CNN architectures provide an effective foundation for classification tasks,

particularly when integrating multiple data sources, their performance can some-
times be matched by well-designed traditional machine learning approaches with
domain-specific features.

. Transformer-based models like BERT offer superior contextual understanding
and cross-lingual capabilities, though their advantages must be weighed against
increased computational requirements and implementation complexity.

. The monolingual variants of pre-trained models generally outperform multilin-
gual versions for language-specific tasks, suggesting the importance of language-
specific tuning even when leveraging transfer learning.

. Model selection should be guided by specific application requirements rather
than assumed superiority of more complex architectures, as demonstrated by
cases where heavyweight transfer learning models did not necessarily improve
performance.

These findings highlight the need for balanced consideration of model complexity,

computational requirements, and task-specific performance when selecting deep learn-

ing approaches for app review analysis. The field continues to evolve, with ongoing

research exploring optimal architectures and training strategies for various app review

analysis tasks.

12



2.4 Pre-processing user reviews

One of the important step before applying any machine learning and natural language
processing to user feedback is pre-processing the user feedback. User feedback often
consist of misspelled words, acronyms, abbreviations and other languages. Sometimes
user feedback might contain bug reports, feature requests and praise all in the same
user feedback. Due to above reasons pre-processing of the user feedback plays a vital
role in the process of mining user feedback data for valuable information and it also
improve the accuracy [24] of the results. This section discusses about the various tech-
nique researchers have used to pre-process the raw user feedback. Figure 5.1 shows an
overview of a example pre-processing task.

(e 4 k) soeiing
Check R]?\fg E;: asr?gp Tokenization
— > — >
Lowercase
Conversion
App Corrected App Text without TO"T?”S
Reviews Revicews Stop Words

Lemmatization

Freprocessed
App Reviews

Fig. 2.3: Overview of the Pre-processing

* Misspelled words, acronyms, and abbreviations: Most of the time mobile
app users use their mobile devices to write reviews. However due to the fact that
these devices do not have physical keyboard and being small writing reviews on
these devices is difficult and lead to frequent typos (misspelled words). Also
mobile users use lots of acronyms and abbreviations while they are typing. To
correct these researches have used regular various techniques and common spell
expressions Gu and Kim [20] replace common typos they have identified. Phong
et al. [15] found out that common spell correcter are ineffective against abbrevi-
ation and implemented their own dictionary to deal with spellings and abbrevia-
tions.

* Non-English reviews: Since mobile applications are globally available when
users write their reviews some times they tend to use their language without
using English. Since the researches on mining user reviews focusing on reviews

13



which were written in English these non English reviews add noise [20].So it’s
important to filter these non-English reviews. Here one prior approach [16] used
occurrence of non-ASCII character to filter non-English reviews. But another
study done by Gu and Kim [20] pointed out many non-English languages can be
written with ASCII, eg. Spanish, French, etc. Hence they developed a custom
filter to filter out non-English reviews.

Stopwords: Stopwords are common English words such as the, am and their,
which typically carries a very little useful information. Maalej et al. [19] pointed
out by removing these words can reduce noise and also allows imformation
terms to become more influential. How ever it was also mentioned that some
stop words such as should and must might indicate a feature request and can be
important for the review classification. A study [3] suggested that for this task
standard list of stopwords provided by Lucene can be used.

Lemmatization: Lemmatization reduces different inflected forms of a word
to their basic lemma to be analyzed as a single item .For an example, fixing,
fixed, and fixes become fix. Lemmatization takes the linguistic context of the
term into consideration and uses dictionaries. For an example lemmetization
can recognize good as the lemma of better.

Stemming: Stemming reduces each term to its basic form by removing its post-
fix. It is also similar to lemmatization however stemmers just operate on single
words therefore it can not distinguish between words which have different mean-
ing depending on part of speech. For example stemmer will reduce goods and
good to the same term. Although lemmatization and stemming reduce terms us-
ing different approaches it was noted [3] that both of these techniques can help
the classifier to unify keywords which carries same meaning but have different
language forms.

Other than these major techniques researchers have applied number of small pre-

processing such as lower case conversion [23, 24], POS tagging [3, 15], n-grams [15,

19], removing numeric [27] etc. steps to increase the accuracy of their result. Fol-

lowing table 2.3 form the study by Verma and Patel [27] demonstrate an example user

review pre-processing task with it’s input text and output text associated with the each

2.5 Summery

In above sections we discussed about the previous studies that have been conducted on

the particular search area that we are interested in. The table 2.4 summarizes the all

pre-processing and processing techniques that are used by the previous studies.
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TABLE 2.3:

Sample user review pre-processing task

Date Prepossessing Step

Example Input

Output

Remove punctuation
especial characters

Hello world, Testing texts
for app 5 reviews @ Jhon

Hello world Testing texts
for app 5 reviews Jhon

Lowercase Conversion

Hello world Testing texts
for app 5 reviews Jhon

hello world testing texts
for app 5 reviews jhon

Remove numerals

hello world testing texts
for app 5 reviews jhon

hello world testing texts
for app reviews jhon

Spelling corrections

hello world testing texts

for app reviews jhon

hello world testing texts
for None reviews None

Singularization

hello world testing texts
for None reviews None

hello world testing text
for None review None

Converting all words to

base form

hello world testing text
for None review None

hello world test text for
None review None

Stop-words Removal

hello world test text for
None review None

hello world test text
review

TABLE 2.4: Summery

Source

Preprocessing

Processing

[2]

Ttokenizing, Lower case Conver-
sion, removing non-words and
non-numerical,stopwords

Topic modelling and Sentiment
Analysis

Fuetal., 2013

Removing non-english comments,
Spliting strings into word using
predefined delimiters(. ,: () /[ ]
1*. "7 4+, lower case convertion,
removal of uncommon words

Analysis of Inconsistant reviews:
sentiment analysis and linear re-
gression model, Topic analysis:
LDA

Guzman and

Maalej, 2014

Noun, verb, and adjective extrac-
tion, Stopword removal, Lemma-
tization.

Chen et al., 2014

converting the raw user reviews
into sentencelevel reviews, tok-
enizing, removal of all non-alpha-
numeric symbols, lowercase con-
version, removal of extra whites-
pace, stop words and rare words
and stemming

Sentiment Analysis and Topic
modelling with LDA

Review filtering :EMNB and
Topic modelling: LDA and

ASUM
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Phong

Misspelled words, acronyms, and

Ranking: sentimant

et al., 2015 abbreviations and Non-english | analysis,Clustering:K-means,
reviews removal,Word stemming | Search and Trend Analysis:
and PoS tagging VSM(Vector Space Model)
Gu and | Seperating sentences,fixing com- | Classification: Max Entropy, Text
Kim, 2015 mon typos and contractions feature  Extraction:TrunkWords,
Character N-Gram, POS tag and
Parsing tree
Guzman - Naive Bayes, Support Vector Ma-
et al., 2015 chines (SVMs), Logistic Regres-
sion Neural Networks and Ensem-
bles of them.
Maalej stop-word removal, stemming, | Classification: Naive Bayes, Deci-
et al., 2016 lemmatization, tense detection, | sion Tree and Maximum Entropy
and bi-grams,
Anchiéta and | Removal of emoji and emoti- | Clustring with K-means with
Moura, 2017 cons, reviews with five stars, | BoW model and TF-IDF then
and reviews with less than three | Topic modelling with LDA and
words, Tokenizing, removing of | NMF
stop words, and stemming
Guzman Ttokenizing,Lower case Conver- | MNB,BTM
etal., 2017 sion,extracting n-grams, removing
stopwords and stemming
Dhinakaran Removal of stop words and lem- | Naive Bayes, Logistic Regression,
etal., 2018 matizing and Active Learning.
Stanik Traditional machine learning :low- | Traditional machine learn-
et al., 2019 ercase conversion, masking ac- | ing feature extraction: POS
count names, links,hashtags and | tagging, TF-IDF, sentiment,
lemmatization. Deep Learning: - | fastText,Traditional machine clas-
sification:Decision Tree, Random
Forest, Naive Bayes, and Support
Vector Machine, Deep Learning:
CNN, Transfer learning , Hyper
tuning
Aslam spell checking, removal of special | Feature extraction:Sentiment anal-
et al., 2020 charactors , stop words,lowercase | ysis, Classification :CNN

conversion tokenizing and lemma-
tization.
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Hadi and | - PTMs (BERT, XLNet, RoBERTa
Fard, 2021 and ALBERT)

Henao Tokenizing using BERT tokenizer | Classification: Transfer Learning
etal., 2021 and adding paddings to tokens and PTMs(BERT and M-BERT)

2.6 LLM-based Annotation

The advent of Large Language Models (LLMs) has introduced new possibilities for
automated data annotation, potentially reducing the resource-intensive nature of man-
ual labeling while maintaining annotation quality. This section examines the evolu-
tion and comparative effectiveness of LLM-based annotation approaches in addressing
these challenges.

2.6.1 Evolution of LLM Annotation Strategies

Initial explorations of LLMs for data annotation focused on basic pseudo-labeling ap-
proaches. Wang et al. [28] conducted pioneering research examining GPT-3’s capa-
bilities as an annotation tool, demonstrating that augmenting manually labeled data
with LLM pseudo-labels could enhance model performance under constrained label-
ing budgets, though quality still lagged behind human annotations. Building on this
foundation, He et al. [29] significantly advanced the field with their two-step "explain-
then-annotate" approach, where GPT-3.5 was first prompted to generate explanations
for examples, then used these to construct chain-of-thought prompts for unlabeled data
annotation. This method demonstrated superior performance compared to both zero-
shot and few-shot LLM annotation approaches, establishing the importance of struc-
tured reasoning in improving annotation quality.

2.6.2 Advanced Integration Frameworks

As the field matured, researchers developed more sophisticated frameworks integrat-
ing LLMs with complementary techniques. Zhang et al. [30] introduced LLMAAA,
an innovative framework employing LLMs as active annotators by combining active
learning strategies with advanced prompt engineering. Their experiments on named
entity recognition and relation extraction demonstrated that models trained on LLM-
generated labels could outperform teacher LLLMs within hundreds of annotated sam-
ples. Similarly, Zhou et al. [31] proposed a specialized framework for e-commerce
attribute extraction that combined BERT classification, Conditional Random Fields
for value extraction, and LLMs for data annotation, significantly improving attribute
recognition from customer queries. These integrated approaches collectively demon-
strated the potential of combining LLMs with established machine learning techniques
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to enhance annotation effectiveness across various domains.

2.6.3 Human-LLM Collaborative Approaches

Recent research has increasingly focused on optimizing the collaboration between
human expertise and LLM capabilities. He et al. [32] examined the integration of
LLMs into crowdsourced data annotation pipelines, highlighting both the potential
for LLMs to augment human annotation efforts and the importance of maintaining
human involvement in the process. Complementing this work, Tang et al. [33] devel-
oped PDFChatAnnotator, a collaborative tool combining LLM capabilities with hu-
man guidance to improve the quality and efficiency of multi-modal data collection
from PDF-format catalogs. These studies demonstrate the emerging consensus that
optimal annotation outcomes often result from effectively combining human and LLM
strengths rather than relying solely on either approach.

2.6.4 Domain-Specific Applications and Evaluation

LLM-based annotation has been evaluated across diverse specialized domains, reveal-
ing both capabilities and limitations. Yu et al. [34] assessed the potential of LLM-
assisted annotation for corpus-based pragmatics and discourse analysis, specifically
focusing on the annotation of apologies based on a local grammar framework. Their
comparison of GPT-3.5 and GPT-4 with human annotators provided insights into model
capabilities for complex linguistic tasks. Similarly, Imamovic et al. [35] explored using
ChatGPT for annotating complex linguistic phenomena within the Appraisal Theory
framework, finding high precision in detecting evaluative meaning but low recall, em-
phasizing the need for human oversight in specialized annotation tasks.

2.6.5 Limitations and Challenges

Despite promising results, researchers have identified significant limitations in LLM-
based annotation approaches. Wang et al. [36] conducted a comprehensive analysis of
using LLMs to replace human participants in computational social science research,
identifying critical limitations including misportrayal of marginalized groups and flat-
tening of group diversity. These findings highlight the importance of careful consid-
eration when using LL.Ms for tasks requiring nuanced representation of demographic
identities. Pangakis et al. [37] further emphasized the need for validation when us-
ing generative Al for automated annotation, proposing workflows that harness LLM
potential while ensuring accuracy through human oversight.
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2.6.6 Comprehensive Perspectives and Future Directions

Synthesizing these diverse research directions, Tan et al. [38] provided a comprehen-

sive survey on using large language models for data annotation across various domains

and tasks. Their work highlights the significant potential of methods like chain-of-

thought prompting, explanation generation, active learning, and specialized frame-

works for improving annotation quality and efficiency. However, they also emphasize

the need for further research to address issues like consistency, representation of di-

verse perspectives, and identification of optimal approaches for different annotation

tasks across various LLM architectures.

2.6.7 Comparative Analysis

Analysis of the different LLM-based annotation approaches reveals distinct trade-offs:

TABLE 2.5: Key Challenges and Solutions in LLM-based Annotation

Approach

Advantages

Limitations

Basic LLM Annota-
tion
(Wang et al. [28])

Simple implementation
Fast processing

Effective for augmenting
human labels

e Limited accuracy com-
pared to humans

* Poor handling of edge
cases

e Lack of reasoning trans-
parency

Explain-then-
Annotate
(He et al. [29])

Enhanced reasoning capa-
bilities

Higher accuracy than ba-
sic approaches

Transparent decision-
making process

* Higher computational cost

e Complex prompt engi-
neering required

* Increased API usage and
costs
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Approach

Advantages

Limitations

Active Learning In-
tegration
(Zhang et al. [30])

* Efficient sample selection

* Rapid improvement with
fewer examples

* Adaptive annotation
strategies

* Complex implementation
requirements

e [terative process manage-
ment

* Higher technical overhead

Human-LLM  Hy-
brid

(He et al. [32], Tang
et al. [33])

e Optimal accuracy
* Robust quality assurance

* Flexible workflow adapta-
tion

* Higher resource require-
ments

e Complex coordination
needed

* Training and integration
challenges

Domain-Specific
Frameworks

(Zhou et al. [31], Yu
et al. [34], Imamovic
et al. [35])

* Tailored to specific task
requirements

* Enhanced performance in
specialized domains

e Integration with domain
knowledge

* Limited generalizability

* Domain expertise require-
ments

* Task-specific customiza-
tion needed

These studies collectively demonstrate the significant potential of LLMs for data

annotation tasks while highlighting important considerations for their effective appli-

cation. While challenges remain in areas such as demographic representation, con-

sistency, and specialized domain annotation, the rapid evolution of LLLM-based an-

notation approaches suggests a promising future for reducing annotation costs while

maintaining data quality.
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CHAPTER 3
PUBLICATIONS OF THE RESEARCH

3.1 Aspect-based Sentiment Analysis on Mobile Application Reviews

This paper was published in the 2022 22nd International Conference on Advances in
ICT for Emerging Regions (ICTer), where we introduced a novel CNN-based approach
for analyzing mobile app reviews using Aspect-Based Sentiment Analysis [39].

3.2 Automatic Analysis of App Reviews Using LL.Ms

This is our next publication, which we expect to publish in The 31st International
Conference on Computational Linguistics (COLING 2025). In this paper, we examine
the potential of using both commercial closed-source LLMs and open-source LLLMs for
the task of mobile app review classification. We investigate the possibility of using a
commercial LLM as an annotator to autonomously create a balanced dataset of 10,000
app reviews and use it to instruct and fine-tune open-source models to create cost-
effective custom models.
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CHAPTER 4

ASPECT BASED SENTIMENT ANALYSIS ON MOBILE
APPLICATION REVIEWS

4.1 Introduction

Mobile applications have become an integral part of our daily lives, with millions of
apps available across various platforms. As the app market continues to grow, un-
derstanding user feedback has become crucial for developers to improve their products
and stay competitive. Aspect-based Sentiment Analysis (ABSA) offers a powerful way
to extract nuanced insights from user reviews, allowing developers to identify specific
aspects of their apps that users appreciate or criticize.

This chapter presents a novel approach to ABSA for mobile application reviews
using Convolutional Neural Networks (CNNs). Our method aims to address two key
tasks:

1. Aspect category classification: Identifying the specific features or aspects of the
app that users are commenting on.

2. Aspect sentiment classification: Determining the sentiment (positive, negative,
or neutral) associated with each identified aspect.

By leveraging CNNs, we seek to improve upon existing baseline methods and pro-
vide more accurate and detailed analysis of user feedback. This approach can help
app developers prioritize improvements, address user concerns more effectively, and
ultimately enhance user satisfaction.

In the following sections, we detail our methodology, including data preprocess-
ing, model architecture, and training procedures. We then present our experimental
results, comparing our approach to existing baselines and analyzing its performance
across different app categories. Finally, we discuss the implications of our findings
and potential avenues for future research in this domain.

4.2 Methodology

The methodology is mainly divided into three major parts; oversampling, pre-processing
and embedding, feature extraction, and classification. Different CNN models were im-
plemented during the study and finally selected the CNN model that gave the best
performance in both classifying aspect category and aspect sentiment. An overview of
the proposed approach is illustrated in Figure 4.1.
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Fig. 4.1: Overview of the Proposed Approach.

4.2.1 OverSampling the Data

Alturaief et al. [11] used Synthetic Minority Oversampling Technique (SMOTE) to
handle class imbalance during their study. However, we find that using SMOTE to
oversample textual data is somewhat problematic, because SMOTE works in the fea-
ture space, therefore it doesn’t output synthetic data which has a real-world textual
representation. This study employed text augmentation techniques to oversample the
training dataset and it was expected that text augmentation would generate multiple
representations of user review which in turn improve the accuracy of our CNN mod-
els. During the study, the training dataset was oversampled using two text augment-
ing techniques; Contextual augmentation by Google Bert and Data Augmentation by
Round-trip translation (RTT).

4.2.2 Pre-Processing and Embedding

Several pre-processing steps were applied to review text during the study. First, low-
ercase conversion was applied to each review. Then removed all the numerals, ex-
tra spaces, and punctuation marks. After that, all the stop-words were removed by
using a list of English stop-words provided by NLTK Data'. Finally, reviews were
tokenized into words using NLTK Tokenizer package’ and lemmatized using NLTK
WordNetLemmatizer’. After the pre-processing, the reviews were converted to vector
format using several popular pre-trained word embedding models.

INLTK Data https://www.nltk.org/nltk_data/
’NLTK Tokenizer https://www.nltk.org/api/nltk.tokenize.html
3NLTK WordNet Lemmatizer http://bit.1ly/3Eoefcn
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4.2.3 Feature extraction and classification

As illustrated in Fig 4.2 proposed approach is composed of two distinct CNN models.
One for the aspect classification (Fig 4.2a) and another one for the aspect sentiment
classification (Fig 4.2b). Convolutional neural networks(CNN) are special kinds of
feed-forward artificial neural networks that are used for supervised learning to analyze
data. In CNN, nodes are connected in a non-cyclical manner. It uses a multilayer
perceptron variation which is designed to require as little pre-processing as possible.
Though CNNs are generally used for computer vision recent applications of CNNs
to NLP tasks, have shown promising results. This study uses CNN, which is loosely
based on the CNN model introduced by Aslam et al. [24].

Input{Tokenized

Reviews
) Input{One-Hot Encoded Aspect Classes )  Input{Tokenized Rreviews)

: p— | |

!
— o]

1D Convolutional Layer with 1D Convolutional Layer with
filter size 64 filter size 64
Dropout Dropout
Layer{0.3) Layer(0.3)

v v

1D Convolutional Layer with 1D Convolutional Layer with

filter size 32 filter size 32
Dropout
Dropout Layer(0.3)
Layer(0.3)
1D Convolutional Layer with
1D Convolutional Layer with filter size 16
filter size 16 Dropout
Dropout Layer(0.3)
Layer(0.3)
Global Max Pooling Layer |
Global Max Pooling Layer v J-
Concatenation
Layer
Dense Layer ‘L
Dense Layer
(a) Aspect Class
Classification Model (b) Aspect Sentiment Classification Model

Fig. 4.2: CNN Model Architectures

24



4.3 Experiments

4.3.1 Dataset

The study exploits the AWARE dataset introduced by Alturaief et al. [11] as the bench-
mark dataset. AWARE is an ABSA dataset of 11323 smartphone app reviews extracted
from apple store* and it is annotated with aspect terms, aspect categories, and senti-
ments. It provides annotated reviews for three distinct domains: (i) Games, (ii) Pro-
ductivity, and (iii) Social Networking.

4.3.2 Evaluation Criteria

To measure and compare the performance of the proposed approach against the base-
lines provided by Alturaief et al. [11], similar evaluation measures were used. There-
fore evaluation criteria for the aspect class classification model (multi-class) was micro
F1 score (Equation 4.1), which is the harmonic mean of micro precision (Equation 4.2)
and micro recall (Equation 4.3).

2x P, xR
Fl,=H(P, R,)=-""—""-+"""* 4.1
H (/J" ﬂ) P”“I_R# ( )
TP,
B, = Licc 4.2)
Yicc TPi+ 3 icc FP;
TP,
R, = > icc 4.3)
Zz‘eCTPi _'_Zz‘ec F'N;

In all equations, C'is the set of classes and T'P;, T'N;, F'P;, F'N; are defined as the
True Positive, True Negative, False Positive, False Negative counts for class .
To evaluate the performance of the aspect sentiment model, which is a binary clas-
sification, the Accuracy (Equation 4.4) measure was used.
TP+TN

A = 44
CUraY = p TN + FP + FN “4H

4.3.3 Data Over Sampling

Mainly two data augmenting techniques were used during the study. The details of the
two methods are as follows,

* Contextual augmentation by Google BERT [40] : Contextual word embeddings
assign each word a representation based on its context. We used substitute ac-
tions for augmenting data. In substitute, the length of the sentence remains the

*Apple store https://www.apple.com/app-store/.
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same but some words are replaced. We utilized the NLPAug open-source python
package® for data augmentation.

* Data Augmentation by RTT : Round-trip translation (RTT) is additionally re-
ferred to as re-cursive, back-and-forth, and bi-directional translation. It is the
method of translating a word, phrase, or text into another language (forward
translation), then translating the results back to the first language (back transla-
tion). RTT is used as an augmentation technique to extend the training data. To
augment the data roundtrip translation python package® was used. Four differ-
ent languages ("German(DE)", "Turkish(TR)", "Japanese(JP)", "Chines(CN)")
were used as forward translation languages to find which yields the best results.

4.3.4 Embeddings

The textual format data should be converted to vector format which could be under-
standable by the machine to be used with the deep learning models. Several context-
free embedding models were tested to find out which optimize the results. Follow-
ing pre-trained models were used during the study: (i) fastText, wiki-news model,
with 1 million word vectors and 300 dimensions, trained on Wikipedia 2017, UMBC
web-based corpus and statmt.org news dataset, (ii) glove pre-trained model, trained
on Wikipedia data with 6 billion tokens, 100 dimensions and a 400,000-word vocabu-
lary, and (iii) pre-trained Google word2vec model, trained on Google news data (about
100 billion words); it contains 3 million words and phrases and was fit using 300-
dimensional word vectors.

4.3.5 Feature extraction and classification

The proposed approach consists of two distinct CNN models, the aspect category clas-
sification model(Fig 4.2a) and the aspect sentiment classification model(Fig 4.2b). The
aspect classification model uses three one-dimensional(1D) convolutional layers with
filter sizes 64, 32, and 16 respectively followed by a dropout layer with 0.3 to extract
textual features. After that, the output is fed into a global max pooling layer to further
extract features. Then a dense layer with softmax as the activation function is used to
predict aspect category classes.

The aspect sentiment classification model also follows a similar approach to extract
textual features. Since it uses the aspect category as an input to the model, the output
of the global max pooling layer is merged with the one-hot encoding of the aspect
category. Finally, a dense layer with softmax as the activation function is used to
predict the sentiment of the review.

SNLPAug python package https://github.com/makcedward/nlpaug
SRTT python package https://github.com/samhavens/roundtrip
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4.4 Results and Analysis

Dataset Word Embedding | Preprocessing \ BERT | RTT(DE) | RTT(CN) | RTT(TR) | RTT(JP)
Fasttext Disabled 0.60 0.59
Enabled
.. Disabled 0.61
Productivity Word2Vec Enabled
Disabled
Glove Enabled
Fastiext Disabled 0.42
Enabled 0.40
. Disabled 0.42
Gaming ‘Word2Vec Enabled 039
Disabled
Glove Enabled
Disabled
Fasttext Enabled
. Disabled
Social ‘Word2Vec Enabled 058
Disabled
Glove Enabled
Disabled
Fasttext Enabled
Disabled
Average ‘Word2Vec Enabled
Disabled
Glove Enabled

TABLE 4.1: Aspect Class Classification

4.4.1 Pre-processing

According to results shown in Table 4.1 and Table 4.2, it can be noticed that the pre-
processing of reviews doesn’t always improve the results and it varies depending on
the mobile app domain and the ABSA task.

4.4.2 Optimization

Several pre-trained embedding models and two different text augmenting techniques
were experimented with in order to optimize the results of the proposed CNN models.
It can be seen that the performance varies with the domain for the same model and the
set of pre-processing, word embedding, and the data over-sampling technique used.
Hence we considered average performance to select the optimum combination of pre-
processing, word embedding, and the data over-sampling technique that would perform
well in all three domains. Finally CNN+Word2Vec+RTT(DE)+Preprocessing was se-
lected for the aspect category classification. It could achieve f1 scores of 0.62, 0.42,
and 0.62. And for the aspect sentiment classification task, CNN+Word2Vec+RTT(DE)
was selected and it could achieve accuracy of 0.80, 0.7, and .086 respectively in the
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Dataset Word Embedding | Preprocessing | BERT | RTT(DE) | RTT(CN) | RTT(TR) | RTT(JP)
Fasttext | Disabled |
Enabled
Productivity Word2Vec %
Gioe Pl
Fasttext g:;ﬁl;d
Gaming Word2Vec ED;Z?Eleedd
Gioe ot
Fasttext %
Social Word2Vec %
S
Fasttext %
Average Word2Vec %
Gioe il

TABLE 4.2: Aspect Sentiment Classification

Productivity, Game, and Social Networking domains. After several experiments, we
found the optimum values for the models’ parameters as, Learning Rate 0.001, Epoch
75, Batch Size 25, Dense Activation as Sigmoid, and CNN Activation as ReL.U for the
aspect category classification model and Learning Rate 0.001, Epoch 75, Batch Size
35, Dense Activation as Sigmoid and CNN Activation as RelLU for the aspect senti-
ment classification model. The relationship between result and batch size, epoch, and
learning rate are shown in Fig 4.3a, Fig 4.3b, and Fig 4.3c, respectively.

4.4.3 Final Results and Error Analysis

The final results of both aspect category classification and aspect sentiment classifica-
tion tasks are shown in Table 4.1 and Table 4.2 respectively. The results show that our
approach could achieve 87.88%, 93.75%, and 31.25% improvements in aspect cate-
gory classification and 16.43%, 23.35%, and 3.72% improvements in aspect sentiment
classification over the baselines results provided by Alturaief et al. [11] in productiv-
ity, social networking, and game domains respectively. Fig 4.4 shows the generated
confusion matrices for the aspect category classification. By analyzing Fig 4.4c we
identified that our approach misclassified most of the game domain aspect categories
with the enjoyability category, resulting in poorer performance in the game domain
compared to other domains.
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Fig. 4.3: Hyper Parameter Tuning

4.5 Conclusion

The proposed CNN models together with pre-trained word embedding models, data
pre-processing, and data augmenting techniques were able to comfortably beat the
baselines provided by Alturaief et al. [11]. Results show that our approach could
archive fl scores of 0.62, 0.42, and 0.62 in the aspect category classification task,
and accuracy of 0.80, 0.7, and .086 for the aspect sentiment classification task in Pro-
ductivity, Game, and Social Networking domains respectively. As a future work we
intend to investigate the possibility of using popular transformer-based models to im-
prove the results further.In the spirit of reproducibility and open science, we have made
our datasets and code implementations publicly available’

"https://github.com/sadeep25/ABSA-Models.git
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CHAPTER 5
AUTOMATIC ANALYSIS OF APP REVIEWS USING LLMS

5.1 Introduction

The mobile application ecosystem continues to evolve rapidly, with millions of apps
competing for user attention across various platforms. In this highly competitive land-
scape, understanding and responding to user feedback has become a critical factor for
app success and continuous improvement. While traditional methods of analyzing app
reviews have proven valuable, the advent of Large Language Models (LLMs) presents
new opportunities for more sophisticated and nuanced analysis of user feedback.

This chapter explores the potential of using state-of-the-art LLMs for automatic
analysis of app reviews. Our research aims to leverage the advanced natural language
understanding capabilities of these models to improve the accuracy, efficiency, and
depth of app review analysis. Specifically, we focus on the following key objectives:

1. Evaluating the performance of commercial closed-source LLMs (such as GPT-3 .
and Gemini Pro) for app review classification in zero-shot settings.

2. Investigating the use of LLMs as autonomous annotators to create large-scale,
high-quality datasets for app review analysis.

3. Exploring the potential of fine-tuning open-source LLMs (like LLAMA 2 and
Mistral) for app review classification tasks.

4. Analyzing the impact of various parameters (such as Temperature, Top_p,
training data size, and number of epochs) on model performance.

In the following sections, we detail our methodology, including model selection,
dataset creation, fine-tuning procedures, and evaluation metrics. We then present our
experimental results, offering insights into the relative strengths and limitations of dif-
ferent LLM approaches for app review analysis. Finally, we discuss the implications
of our findings for app developers and researchers, and suggest directions for future
work in this rapidly evolving field.

5.2 Methodology

Our approach to classifying app store reviews using Large Language Models (LLMs)
consists of several key steps, as illustrated in Figure 5.1. We begin by creating two
essential datasets: a benchmarking dataset for evaluation and a larger dataset for fine-
tuning custom LLMs. The methodology involves selecting and comparing various
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LLMs, including both commercial and open-source models. We developed carefully
crafted prompts for annotation and fine-tuning, as well as utilized optimization tech-
niques to train custom models on consumer-grade hardware. Throughout the process,
we employed a rigorous evaluation strategy to assess the performance of different mod-
els and approaches in the task of app review classification.

&

ﬁ Finetuned open
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app reviews source LLM

app from Playstore

reviews
Human V Fil‘tebng
Annotator

[ iy Y

Annotated 200 Filtered app reviews

e Performance
reviews LLM|Annotator °
Performance Evaluation

Evaluation Finetuning open
Commercial @ source LLMS

oD

LLMs

1000 balance training
dataset

Best Commecial
LLMs

Fig. 5.1: A high-level overview of our approach

5.2.1 LLMs Selection

The selection of appropriate Large Language Models (LLMs) was a crucial step in our
research. We carefully evaluated and chose models based on a combination of per-
formance metrics, resource constraints, and task-specific requirements. Our selection
process aimed to find the balance between model capabilities and practical implemen-
tation considerations, for both our automated annotation approach and custom model
development. Section 5.2.1.1 and Section 5.2.1.2 respectively discuss how we selected
the appropriate LL.Ms for our experiments in detail.

5.2.1.1 LLM Selection for Automated Annotation

We selected OpenAl’s GPT-3. 5 (gpt-3.5-turbo-0125) ! and Google’s Gemini Pro
1.0 ? for automated annotation. These models offer a balance between cost-effectiveness
and performance relative to their more advanced counterparts (GPT-4 and Gemini Pro

https://platform.openai.com/docs/models/gpt-3-5-turbo
https://console.cloud.google.com/vertex—ai/publishers/google/
model-garden/gemini-pro
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1.5). We employed a zero-shot setting to minimize context size and costs, utilizing the
annotation prompt explained in the section 5.2.4.1 via respective API endpoints

5.2.1.2 LLM Selection for Custom Models

With the introduction of open-source LLMs, including LLaMA 2 [41, 42], Vicuna
[43], Falcon [44], Mistral [45], and Zephyr [46], has enabled fine-tuning LL.Ms
on consumer-grade hardware. Given our hardware constraints (single RTX 4090 GPU
with 24GB VRAM) and the requirement for instruction-following capabilities to en-
force the required response JSON formatting, we selected L1ama—2-7b-chat—hf
}, Mistral-7B-Instruct* andFalcon 7B Instruct ’forourexperiments.
We evaluated these models’ classification performance against a our manually an-
notated data, comparing base and fine-tuned versions under various settings. These
included the number of annotated reviews, training epochs, and two types of instruc-
tion prompts: a zero-shot template with only class definitions and a template incor-
porating "explain then annotate" technique [29, 47]. We also examined the effects of

Temperature and Top_p parameters on model performance.

5.2.2 Benchmarking Dataset

This study utilizes a subset of a dataset from Maalej and Nabil [48]. Due to discrep-
ancies in the retrieved archived version, we selected a subset for manual review and
rectification. We maintained four classes from the original work, slightly modifying
definitions for LLM readability:

* Bug Reports: Bug reports are user comments that identify issues with the app,
such as crashes, incorrect behaviour, or performance problems. These reviews
specifically highlight problems which affect the app’s functionality and suggest
a need for corrective action.

* Feature Requests: Feature requests are user suggestions for new features or
enhancements in future app updates. These can include requests for features
seen in other apps, additions to content, or ideas to modify existing features to
enhance user interaction and satisfaction.

* User Experience: User experience reviews provide detailed narratives focus-
ing on specific app features and their effectiveness in real scenarios. They of-
fer insights into the app’s usability, functionality, and overall satisfaction, often
serving as informal documentation of user needs and app performance.

3https://huggingface.co/meta-1llama/Llama-2-7b-chat-hf
“https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.1
Shttps://huggingface.co/tiiuae/falcon-7b-instruct
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* Ratings: Ratings are brief textual comments that reflect the app’s numeric star
rating, primarily indicating overall user satisfaction or dissatisfaction. These re-
views are succinct, focusing on expressing a general sentiment without detailed
justification.

We created a balanced dataset of 200 reviews, with 50 per category. For multi-
label cases, we applied the precedence: Bug > Feature > User Experience > Rating.
ChatGPT-4 assisted in the manual annotation process [49, 50], providing suggestions
that the annotator could accept, reject, or modify. This process ensures a reliable,
balanced dataset for benchmarking LLLM performance in app review classification.

5.2.3 Dataset for Fine-Tuning Custom LLMs

To construct a comprehensive dataset for fine-tuning custom Large Language Models
(LLMs), we systematically collected 92,354 reviews from the Google App Store. The
selection process targeted popular applications in the United States, as ranked by app-
figures.com® at the time the study was conducted. Our corpus included reviews from
over 90 distinct mobile applications. We chose the United States as the target demo-
graphic since our study is only focused on English app reviews and the United States
is the largest English-speaking market.

For the extraction and filtering process, we utilized the 1angdetect Python li-
brary’ to identify and filter out non-English reviews. Our initial selection criteria prior-
itized reviews exceeding 10 words in length, which yielded 85,852 reviews. To ensure
comprehensive representation, we further extended the corpus with an additional 6,502
reviews, each containing between 2 and 10 words. This was done due to our observa-
tion that reviews primarily consisting of simple ratings rarely exceeded 10 words.

To annotate this extensive corpus of 92,354 reviews, we utilized the best-performing
commercial LLM model (GPT 3. 5) according to experiment results from section 5.3.1.
The model was configured with a Temperature setting of 1 and a Top_p value of
0.25 based on our experimental observations and guidelines provided by Open ATI® to
achieve a balance between creativity and coherence in the output. We annotated each
of the reviews using the annotation prompt described in the section 5.2.4.1 until we
arrived at a balanced dataset comprising 10,000 reviews, with an equal distribution of
2,500 reviews across each of the four label categories.

Shttps://appfigures.com/top-apps/ios—app-store/united-states/
iphone/top-overall

"https://pypi.org/project/langdetect/

8https://platform.openai.com/docs/api-reference/chat/createhttps:
//platform.openai.com/docs/guides/text—-generation
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5.2.4 Selection of Prompts

Prompt quality significantly influences model performance [51].Drawing inspiration
from existing work [29, 47, 52-54], we developed three different prompt templates
for our experiments. Section 5.2.4.1 describes the prompt we used for benchmark and
annotate app reviews and Section 5.2.4.2 describes the prompt templates that we used
for instruct fine-tune and benchmark our fine-tuned models.

5.2.4.1 Prompts for Annotation

For benchmark classification performance and annotation of app reviews using com-
mercial LLMs, we developed a comprehensive prompt structure that encourages thor-
ough consideration of all classes. Our approach involves a series of boolean questions
and explanations for each class. This prompt was developed to address scenarios where
reviews belonging to multiple labels might otherwise be classified into a single cate-
gory when the model attempts to classify them.

The template, as shown in Figure 5.2, was designed for benchmarking and annotat-
ing user reviews using commercial LLMs in a Zero-Shot setting. It classifies reviews
based on content and star ratings, with four distinct categories and clear definitions. To
address initial confusion between certain categories, we added a "Differentiating Tip"
for "User Experience" and "Ratings".

Our prompt structure includes the following key elements:

» Task Description: A clear explanation of the review classification task.

* Definitions for Classification: Detailed descriptions of each category (Bug Re-
ports, Feature Requests, User Experience, and Ratings).

* Structured Questions: Eight questions guiding the classification process, includ-
ing boolean queries and requests for explanations.

* Instructions: Specific guidelines for the language model on how to process re-
views and format the output.

* Output Format: A defined JSON structure for the classification results.

This structure allows for flexible reasoning, particularly for multi-category reviews.
The eight structured questions guide the classification process, followed by detailed
instructions on the task and expected JSON output format. This approach improved
classification outcomes, especially for reviews with characteristics spanning multiple
categories.

Post-classification, we apply a precedence order (e.g., Bug > Feature > User Expe-
rience > Rating) for final categorization. This priority ordering ensures that we capture
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Task Description:
Review user reviews for mobile applications based on their
content, sentiment, and ratings. Utilize the definitions
provided to classify each review into the appropriate category.
Definitions for Classification:
Bug Reports:
Definition: Bug reports are user comments that identify issues
with the app, such as crashes, incorrect behavior, or
performance problems. These reviews specifically highlight
problems that affect the app’s functionality and suggest a
need for corrective action.
Feature Requests:
Definition: Feature requests are suggestions by users for new
features or enhancements in future app updates.
These can include requests for features seen in other apps,
additions to content, or ideas to modify existing
features to enhance user interaction and satisfaction.
User Experience:
Definition: User experience reviews provide detailed narratives
focusing on specific app features and their effectiveness in
real scenarios. They offer insights into the app’s usability,
functionality, and overall satisfaction, often serving as
informal documentation of user needs and app performance.
Differentiating Tip: Prioritize reviews that give detailed
explanations of the app’s features and their practical impact
on the user.
Ratings:
Definition: Ratings are brief textual comments that reflect
the app’s numeric star rating, primarily indicating overall
user satisfaction or dissatisfaction. These reviews are
succinct, focusing on expressing a general sentiment without
detailed justification.
Differentiating Tip: Focus on reviews that lack detailed
discussion of specific features or user experiences, and
instead provide general expressions of approval or disapproval.
Questions:
Ql.Does it sound like a Bug Report?:
Q2.Explain why Q1 is True/False:
Q3.Does it sound like a missing Feature?:
Q4.Explain why Q3 is True/False:
Q5.Does it sound like a User Experience?:
Q6.Explain why Q5 is True/False:
Q7.Does it sound like a Rating?:
Q8.Explain why Q7 is True/False:
Instructions to the Language Model:
Review Processing: Carefully read the provided app review and
its star rating and answer all questions.
Output Format: Provide the classification results in the
following JSON format:
{
"Ql.Does it sound like a Bug Report?": "",
"Q2.Explain why Q1 is True/False": "",
"Q3.Does it sound like a missing Feature?": "",
"Q4.Explain why Q3 is True/False": "",
"Q5.Does it sound like a User Experience?": "",
"Q6.Explain why Q5 is True/False": "",
"Q7.Does it sound like a Rating?": "",
"Q8.Explain why Q7 is True/False": ""
}
Review and Star Rating to Classify:
Review: "Absolutely handy for those pics you don’t need
everyone else to see."
Star Rating: 3 out of 5

Fig. 5.2: Prompt template: Annotating app review data

the most relevant aspect of each review, reducing ambiguity and aligning with our ex-
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perimental goals. For instance, a review classified as both a bug and a user experience
issue would be prioritized as a bug, which is our primary focus.

The combination of a structured template, guided questions, and priority ordering
significantly enhanced the model’s ability to accurately classify user reviews across
multiple categories. This approach allows for nuanced classification while maintaining
consistency in cases where reviews could potentially fall into multiple categories.

5.2.4.2 Prompts for Fine-Tuning Custom Models

We developed two primary templates for fine-tuning custom models: Template 1
and Template 2. These templates were designed to optimize the performance of
open-source models while managing computational constraints. Both templates struc-
tures include following key elements:

 Task Description: Outlining the specific requirements for the model.

* Class Definitions: Providing comprehensive descriptions of the review cate-
gories.

* Model Instructions: Offering explicit guidelines for input processing and output
generation.

To manage computational constraints, we limited the maximum sequence length
to 800 tokens, balancing model capacity with resource limitations. We chose JSON
format for output due to its ease of programmatic extraction. Class definitions were
included in prompts to potentially enhance custom model performance.

5.2.4.2.1 Template 1: Basic Classification Figure 5.3 presents the first template,
which focuses on straightforward classification. This template consists of:

Task Description: Clearly stating the review classification objective.

Class Definitions: Detailed explanations of Bug Reports, Feature Requests, User
Experience, and Ratings categories.

Model Instructions: Directing the model to classify the review into one of the
four categories.

Output Format: Specifying a JSON structure for the classification result.

The systematic approach in Template 1 ensures consistent, reproducible results
across different model architectures. The JSON output format facilitates easy extrac-
tion and evaluation of results.
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Task Description:

Review user reviews for mobile applications based on their
content, sentiment, and ratings. Utilize the definitions
provided to classify each review into the appropriate category.

Definitions for Classification:

Bug Reports:

Definition: Bug reports are user comments that identify issues
with the app, such as crashes, incorrect behavior, or
performance problems. These reviews specifically highlight
problems that affect the app’s functionality and suggest a
need for corrective action.

Feature Requests:

Definition: Feature requests are suggestions by users for new
features or enhancements in future app updates. These can
include requests for features seen in other apps, additions
to content, or ideas to modify existing features to enhance
user interaction and satisfaction.

User Experience:

Definition: User experience reviews provide detailed narratives
focusing on specific app features and their effectiveness in
real scenarios. They offer insights into the app’s usability,
functionality, and overall satisfaction, often serving as
informal documentation of user needs and app performance.
Differentiating Tip: Prioritize reviews that give detailed
explanations of the app’s features and their practical impact
on the user.

Ratings:

Definition: Ratings are brief textual comments that reflect
the app’s numeric star rating, primarily indicating overall
user satisfaction or dissatisfaction. These reviews are
succinct, focusing on expressing a general sentiment without
detailed justification.

Differentiating Tip: Focus on reviews that lack detailed
discussion of specific features or user experiences, and
instead provide general expressions of approval or disapproval.

Instructions to the Language Model:

Review Processing: Carefully read the provided app review and
its star rating and Classify the review into one of the
following categories: "Bug", "Feature", "UserExperience",

or "Rating".

Output Format: Provide the classification results in the
following JSON format:
{

"Class": "<predition>"

Review and Star Rating to Classify:

User Review : "Absolutely handy for those pics you don’t need
everyone else to see."

User Rating : 3 out of 5

Fig. 5.3: Template 1: App review classification prompt for open-source models

5.2.4.2.2 Template 2: ""Explain-then-annotate'' Approach Figure 5.4 illustrates
the second template, which adopts an explain-then-annotate pattern [29]. This tem-
plate maintains the structure of Template 1 but introduces a crucial modification:

* Additional Instruction: The model is explicitly directed to provide an explana-
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tion for its classification decision before presenting the final category assign-

ment.

* Enhanced Output Format: The JSON structure now includes both the explana-
tion and the class prediction.

This dual-output approach serves multiple purposes:
1. It provides insight into the model’s reasoning process.

2. It serves as a quality control measure, helping to identify instances where the
model’s explanation might not align with its final classification.

3. It enhances the model’s interpretability and decision-making process.

During the fine-tuning phase, we leveraged explanations generated from the prompt
template described in section 5.2.4.1 to serve as exemplars for this new requirement.
By providing these pre-generated explanations, we aimed to guide the model towards
producing coherent and relevant justifications for its decisions.

For both templates, we append the user review content and the star rating given
by the user to the prompt. This approach allows for a comprehensive analysis of the
review, taking into account both textual content and numerical rating.

The inclusion of explanations opens up new avenues for analysis, potentially allow-
ing for the identification of patterns in the model’s reasoning or biases in its decision-
making process.

By maintaining a standard format across multiple experiments, we can draw more
meaningful comparisons between the performance of different model architectures.
This methodical approach to prompt design and model fine-tuning provided a solid
foundation for investigating the efficacy of open-source models in app review classifi-
cation tasks.

5.2.5 Fine-Tuning Open Source Models

We utilized the Hugging Face SFTTrainer Library for fine-tuning. We employed
several optimization techniques to accommodate our consumer-grade GPU (24 GB
VRAM):

* 4-bit quantization via QLoRA [55], enabling efficient fine-tuning while main-
taining high performance.

* PEFT [56] (Parameter-Efficient Fine-Tuning), which updates only a subset of
the model’s most influential parameters, reducing computational requirements.

We maintained consistent model configurations across all experiments to mitigate po-
tential training biases.
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Task Description:

Review user reviews for mobile applications based on their content,
sentiment, and ratings. Utilize the definitions provided to classify
each review into the appropriate category.

Definitions for Classification:

Bug Reports:

Definition: Bug reports are user comments that identify issues with
the app, such as crashes, incorrect behavior, or performance problems.
These reviews specifically highlight problems that affect the app’s
functionality and suggest a need for corrective action.

Feature Requests:

Definition: Feature requests are suggestions by users for new features
or enhancements in future app updates. These can include requests for
features seen in other apps, additions to content, or ideas to modify
existing features to enhance user interaction and satisfaction.

User Experience:

Definition: User experience reviews provide detailed narratives
focusing on specific app features and their effectiveness in real
scenarios. They offer insights into the app’s usability, functionality,
and overall satisfaction, often serving as informal documentation of
user needs and app performance.

Differentiating Tip: Prioritize reviews that give detailed explanations
of the app’s features and their practical impact on the user.

Ratings:

Definition: Ratings are brief textual comments that reflect the app’s
numeric star rating, primarily indicating overall user satisfaction or
dissatisfaction. These reviews are succinct, focusing on expressing a
general sentiment without detailed justification.

Differentiating Tip: Focus on reviews that lack detailed discussion of
specific features or user experiences, and instead provide general
expressions of approval or disapproval.

Instructions to the Language Model:

Review Processing: Carefully read the provided app review and its star
rating. Give a brief explanation of the classification decision made
for the review and Classify the review into one of the following
categories: "Bug", "Feature", "UserExperience", or "Rating".

Output Format: Provide the classification results in the following JSON
format:

{
"Explanation": "<explanation>",
"Class": "<predition>"

Review and Star Rating to Classify:

Fig. 5.4: Template 2: App review classification prompt for open-source models

5.2.6 Evaluation Strategy

We conducted three experimental runs for each experiment and reported the average
results to ensure the reliability of our findings.

Occasionally, even when provided with correct formatting instructions, both com-
mercial and open-source Large Language Models (LLMs) produced responses with
inaccurate JSON formatting. These instances were resubmitted to the classification
loop until the LLM generated a valid JSON response compatible with our automation
script.
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To evaluate the performance of our experiments, we selected precision, recall, and
F1-score metrics, aligning with methodologies established in prior research [48].

Given our balanced dataset, we employed macro-averaging as an aggregated metric
to compute overall performance. Additionally, we manually reviewed and measured
the quality of the automatically annotated dataset. To estimate the required sample
size, we used the Krejcie and Morgan Table [57].

The manual review process involved three annotators. We calculated inter-annotator
agreement using Cohen’s kappa to assess consistency among annotators. When deter-
mining the class label for a given review, we adopted the majority label. In cases where
no majority label emerged, we resolved discrepancies through discussion among the
three annotators.

As we utilized an explain-then-annotate pattern in one of the prompt templates
used to train the open-source LLLMs, we also manually reviewed and evaluated the
accuracy of the generated explanations. For this evaluation, we considered only the
correctly classified instances and assessed the accuracy of generated explanations.

5.3 Experiments

We divided our experiments into two main parts. First, we tested commercially avail-
able closed-source models to see how well they could classify app reviews. We tested
two well-known Large Language Models (LLMs) in different settings. Then, we used
the best model and setting as an annotator to create a dataset fully autonomously. We
used this dataset to fine-tune three popular open-source models in various settings.

Section 5.3.1 describes our experiments with commercial LLMs in detail. Section
5.3.4 explains our work with open-source LLMs.
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5.3.1 Evaluating Commercial Model Performance

To address our primary research question, we evaluated the classification performance
of two prominent commercial models: Google’s Gemini Pro 1.0 and OpenAl’s
GPT-3.5. Experiments were conducted in a zero-shot setting utilizing prompt tem-
plate described in section 5.2.4.1. As presented in Table 5.1, we obtained F1 scores
of 0.75490 and 0.84917 for Gemini Pro and GPT-3.5, respectively. GPT-3.5
demonstrated superior performance with a margin of approximately 0.09427.

5.3.2 Effects of Temperature and Top_p Parameters on Classification Accu-
racy of Commercial Models

This section presents our analysis of the impact of Temperature and Top_p pa-
rameters on language model classification accuracy for mobile app reviews. We inves-
tigated these performance-tuning parameters for two commercially available closed-
source models: Gemini Pro 1.0 and GPT-3.5.

Our study examined how varying Temperature and Top_p parameters (rang-
ing from O to 1) affect the models’ performance in classifying mobile app reviews.
Tables 5.2 and 5.3 provide detailed performance metrics for Gemini Pro 1.0 and
GPT-3. 5, respectively. These metrics include precision, recall, and F1 scores for four
categories: bugs, features, user experience, and ratings, as well as macro averages to
indicate overall model performance across all categories.

Our findings indicate that parameter tuning can significantly enhance model perfor-
mance. Both models generally maintain high performance across different Temperature
and Top_p settings, with some variations observed. For Gemini Pro 1.0, the
macro average F1 scores range from approximately 0.75 to 0.78, while GPT-3.5
shows slightly higher performance with macro average F1 scores ranging from about
0.79 t0 0.88.

GPT-3. 5 exhibited greater responsiveness to parameter changes, achieving higher
performance in the app review classification task when Temperature or Top_p
was set to lower values. However, when both parameters were set to their maximum
values (Temperature =2 and Top_p = 1), both models failed to produce results,
frequently encountering errors at the REST API level.

The OpenAl documentation recommends modifying only one parameter at a time
to achieve predictable outcomes. Lower parameter values result in more focused model
responses, while higher values produce more creative responses. Our observations
aligned with this recommendation, as changing both parameters simultaneously led to
deviations from the expected behavior pattern.

A noteworthy observation was that Gemini Pro 1.0 produced identical F1
scores at lower Temperature and Top_p values. To validate this phenomenon,
we conducted repeated experiments and found consistent results. Further analysis on

44



the generated classification responses revealed identical outputs in mutually exclusive
classification runs, suggesting that this could be a potential caching effect or model-
specific issue.

These findings demonstrate the importance of carefully considering and tuning the
Temperature and Top_p parameters when using commercial language models for
classification tasks. The optimal configurations may vary depending on the use case
and desired precision-recall trade-off. However, care should be taken when adjust-
ing these parameters, as extreme values or simultaneous changes to both parameters
can lead to unexpected results or errors. By understanding and optimizing these pa-
rameters, researchers and practitioners can potentially improve the performance and
reliability of language models in various classification tasks.
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5.3.3 Evaluating Dataset Quality through Inter-Annotator Agreement Analysis

To evaluate the quality of the generated dataset, we randomly selected a sample of 370
reviews from the 10,000 app review dataset annotated using GPT—3.5. This sample
size was chosen to achieve a 95% confidence level with a 5% margin of error, based
on the guidelines provided by Krejcie and Morgan [57].

Three experienced developers served as annotators for this sample. We calculated
the inter-annotator agreement using Cohen’s Kappa (x) [58]. The x value was com-
puted between each pair of annotators, and the results are presented in Table 5.4.

Annotator Pair Kappa Score Agreement Level

Annotator 1 vs 2 0.9146 Almost perfect
Annotator 1 vs 3 0.9180 Almost perfect
Annotator 2 vs 3 0.9079 Almost perfect
Average 0.9135 Almost perfect

TABLE 5.4: Pairwise Cohen’s Kappa Scores and Agreement Levels

For interpreting « values, we used the scale by Landis and Koch [59]:
* x < 0: Less than chance agreement

* 0.01 < Kk <0.20: Slight agreement

* 0.21 < kK < 0.40: Fair agreement

* 0.41 < k £ 0.60: Moderate agreement

* 0.61 < k < 0.80: Substantial agreement

* 0.81 < k < 1: Almost perfect agreement

As shown in Table 5.4, the pairwise Cohen’s Kappa scores range from 0.9079 to
0.9180, with an average of 0.9135. These scores all fall within the "almost perfect
agreement” category, indicating strong consistency in the annotations across all three
annotators and lending credibility to the reliability of our annotation process.

To provide further insight into the composition of our dataset, Table 5.5 displays
the distribution of annotations across four categories (Bug, Feature, Rating, and User-
Experience) for each annotator.

Annotator Bug Feature Rating UserExp

Annotator 1 84 55 84 147
Annotator2 82 69 89 130
Annotator 3 84 68 83 135

TABLE 5.5: Annotation Distribution by Annotator and Category
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The similar distributions across annotators in Table 5.5 further support the high
inter-annotator agreement observed in the Kappa scores. This distribution provides
insight into the composition of our dataset and the relative frequency of each category.

Based on the human annotators’ assessment, we calculated the average accuracy
of the GPT-3.5 annotated dataset to be 81.89%. This high accuracy, combined with
the strong inter-annotator agreement, suggests that our GPT-3 . 5-generated dataset is
of high quality and reliability for app review classification tasks.

In conclusion, our inter-annotator agreement analysis demonstrates the high qual-
ity and reliability of our annotated dataset. The strong agreement among annotators,
as evidenced by the high Kappa scores and consistent annotation distributions, com-
bined with the high accuracy of the GPT-3 . 5-generated annotations, provides a solid
foundation for further research and applications in app review classification.

5.3.4 Evaluating Open Source Models

Motivated by the impressive performance of commercial closed-source models in app
review classification, we extended our evaluation to popular open-source models, in-
cluding Llama 2, Mistral, and Falcon. Initially, we assessed the performance
of these models using our benchmark dataset. Table 5.1 presents the base models’
performance results.

Our experimental results shows that base L1lama 2 and Mistral achieved F1
scores of 0.57753 and 0.47060, respectively. It is noteworthy that we initially intended
to include the Falcon model in our experiments. However, due to its inability to ad-
here to our required output response JSON formatting, even after fine-tuning attempts,
we excluded it from subsequent experiments.

We proceeded to instruction-fine-tune L1lama 2 and Mistral using a dataset
with 10,000 samples annotated by GPT—3. 5. For this process, we used two different
instruction prompt templates, which are described in Section 5.2.4.2.

Table 5.1 demonstrates that I.1ama 2 exhibits superior performance with prompt
Template 1 from section 5.2.4.2, while Mistral achieves optimal performance
with the "explain-then-annotate” prompt template (Template 2).

5.3.5 Effect of Training Dataset Size on Model Performance

To determine the optimal training dataset size, we investigated the relationship between
model accuracy and training data sample size, maintaining a single training epoch
while varying the dataset size. The results, presented in Table 5.6, indicate that model
performance generally increases with the training dataset size.

Our experiments covered a range of dataset sizes from 500 to 10,000 reviews. We
evaluated the performance of two models, LLAMA 2 and Mistral, both with Tem-
plate 1 (fig 5.3) and Template 2 (fig: 5.4). The results show a clear trend of improving
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performance as the dataset size increases, with the most substantial gains observed
when moving from smaller to mid-sized datasets.

Interestingly, the inclusion of prediction explanations in the prompt consistently
improved model performance, especially in small dataset sizes. This suggests that
Template 2, which follows an "explain-then-annotate" pattern, can be particularly
beneficial when working with limited training data.

These findings highlight the importance of having a sufficiently large and diverse
training dataset for optimal model performance in app review classification tasks.
However, they also suggest that there may be diminishing returns beyond a certain
dataset size, indicating a potential trade-off between computational resources and marginal
performance gains.

50



1dwoig oy ur suoneue[dxyg [9qeT INOYIA\ PUR YIIA\ UOSLIRdWIO)) 20URWIONIS] [OPOIN :9°S A TIVL

60STL'0  €EESL'0  TOPLL'O  SLI6SO €E€ELY'0  €TO6L0  €9P9L°0 €£€S6'0  198¢9°0  60€18'0 €E€€I80 LTPIBO 160180 €E€ELL'O  96TS80 [enstux voneueidxg + yooda | 000
LLLTLO  000€L'0  TO0PL'O  9€T9S'0  L99P'O  LILOL'O  POLSL'O 000060  T9ES9'0  TYOEL'OD  0000L'0  98S9L'0  9TITS'0 €LELBO  I8SLL'O eueq| ’
[T8SL'0  L999L°0  908LL'O  89S€9'0  L990S'0  18ES80  €LV6L'0 000880  €SSTL'O  TPISL'O L998L'O  IL6TL'O  6SSY80 €680  12€08°0 [ensTu uoneurdxg + yooda | 0001
9S08L'0  L998L'0  SO68L'0  TIT99'0 L999S°0  SLIO8O  TBLO6L'O 000¥80 +86SL'0  9L608'0 €€€S8°0  SO6TLL'O  9STS80  L9988°0  €91T80 eueq| ’
80€SL'0  €€€9L°0  8TTLL'O 995090 000870 91€T8'0  €TF98'0 €€e€6'0 887080 S60TL'O €€€6L°0  €8099°0 LPIT'O L99¥80  +TO08'0 [ensrux oneuerdxg + yooda | Q<
6978L°0 €€88L°0 TIFO8'0 S€969°0 €€ELS0 899880  SPE88'0 000880  €0688°0 960€L0 L998L0 8LT8I'0D 008T80O €€€160  008SLO eureq| ’
€EPSL'0  0009L°0  9TEBL'O  9TSIL'0O 000990  +I1E€8L'0  ¥8LO8'O L9906°0 TLIEL'OD T6VOL'0 €E€ELS0  66¥16°0 0€68L°0 000060 61€0L0 [ensmu voneueidxg + yooda | 0007
8S69L°0 L99LL'O  ¥LS8L'O  68IIL'0 L99Y90  6SY6L0  T119S8°0 L99¥6°0  LOTBL'D  OLBOL'O €E€E€19'0 €IEP80  T9I08'0 00006'0 LIETL'O euef| ’
PLLOL'O  00008°0  €7LO8'0  0S6LL'O 000VL'0  T99T80  0SES8'0 €€€16'0  STIO8'0  €08SL'0 000890  6ELS80  TO66L'0 L9998°0  9v¥iL0 [ensmur voneuerdxg + yooda | 000k
T898L'0 €€88L°0 06¥08'0 SSEIL'0 L99TL'O #ELO8O 660¥8°0 €EE6L0 0L968°0 LOTPL'D €€EL90  €96T8'0 900080 000960 965890 eureq| ’
€61€L°0 00SEL0  LOBPL'O  S86£9°0 L998S0  €#POL'0  6009L°0 L99060  89%S9'0  TETOL'O L998L'0  L60080 9¥SEL'0 000990 61TEV0 [ensrux voneuedyd + yooda 1 0009
P688L°0  L9T6L0  9ST08'0  L69IL'O 000990  €€06L°0 +6€I8°0 L99P6'0  €0SIL'O  6016L°0 000¥L0 60CS80 8LEERD 000C80  6L8780 eueq| ’
9LL6L'0  00008°0  60€08°0  LLTEL'OD 000990 €I¥C80  60658°0 €€€16'0 €LII80 I8PLL'O €EEI80 000VL'0  LEVTRO €EEI80  LYIERD [enstur voneuerdxg + yoods | 0008
CLSER'D L99€8'0 6SYP80  €ITI80 €EE6L0 6E€CE8'0  6E£168'0 L9IP8'0 6STH6'0  I8EBL'O  €ELESL'0  S9€T80O  L99S8'0 €€€S6'0  VLBLL'O eueq] ’
STIT80 L91T80 TITE80 8LLLL'O L9989°0 18868°0 0I¥68'0 000060 9L888°0 TSIBL'O L99¥8'0 L6STLO 61180 €£€S8°0 TOOISO [ensTux oneueidxg + yooda [ 00001
88LI80 000C80 OI¥T80O LESYL'O L9999°0 08FS8'0  T88LBO €E€E68°0 €CE98'0 LEOBL'O €EEEB'0  TOVPL'O ¥6LS8'0 L9988'0 viIE80 eueq| ’
ydwoad oy ur suoneuedxa foqey P (q)
$0999°0  00089°0  1L089°0  TSE9P'0  0009€0  L6€SH0 908690 000VL'O  TB099'0 899690 €€€6L°0 I¥IT90 065080 L99T80  L998LO [ensru yooda 1 00s
€€609°0  £9999°0  ¥I€S90  066S1°0 €£€60'0  6STES0  9ILTL'O €€€S8'0  PSEE90  8LOIL'O 000T80  €VLTOO  9¥ET8'0 000060  006SL0 eueq|
8TPLY0  L9189°0 88S69°0 ¥IITO0 €€€L90 TYLLSO  0E€¥9S0  L99FP'O  8OPLL'O  8TYTL'O €€€SL'0  ¥FOOL'O  OVL8L'O €€€S80  091EL0 [enstux yooda [ 0001
PPEEL'O0  LITPL'O  TTEPL'D 099950 000870 TOS690  069SL°0  €EELL'O  09TPL'O  6T8LL'O L9988°0 667690 961€8°0 L99780 8TO¥80 eueq|
00SPL'O0  L99¥L'O  9LISL'O  $EILY0  000¥9°0  €990L°0  89PSL'O L9989°0  L8BEV'0  6L8TL'O 0008L'0  S9¥89'0  8ISTEO 000880  689LLO [ensTm yooda 1 00ST
8VI9L°0  L999L°0  ¥9L8L'0  L8LTY'0 L990S0  06€€8°0 €CTH8'0 00098°0  6£9T80 SLYTL'O 000980 1S9T9°0 90180 000¥80  SLEIS'O euef|
SE6EL'0  000VL'0  8EOLL'O  6LIF9'0 000950  LETSL'O  9P6TL'O €€€€6'0  9L86S0 OSTI80 €E€EEL'0  TTO06'0  LOVLL'O €EEEL'0  STIT8O [ensrux yooda | 0002
€6108°0 00080  $LITEO  TSISL'O L9999°0  TTLLY'O ISPIB0O 000C60 60TEL0  TLT6LO L990L'0  €T906'0 6€TF8'0 L99T6'0  TYTLLO Bureq|
67808'0 €£808°0 €€€I8'0 TI8EL'0 €E€EIL'0  S8LIL'O  68108°0 000980 8LTSL'O ¥ILEBD 000T8°0 T99S8°0 189580 000780 90980 [ensru yoods | 000%
€S6SL°0  L999L°0  LEO6L'O  OISLL'O €€€6L°0  O08LSL'0  €CLO8'0 €€E6L°0  681C80  8SLSH'0 000CS0 128680 +C86L'0 000960 6S€89°0 eue[|
LLEOS'0  00S08'0  TOB08'0  9PPCL'O  L9989°0  LOSIL'O  9LIT8O 00098°0 ¥SL8L'OD  68LT80 000880 ILIBLO 660¥8°0 €€E6L0 8LV6S'0 [ensiu yooda 1 0009
L8ST80  L9918'0  SSYT80 THESL'0 L999L'0 TTTPL'O  €0ES8'0 L99T6'0  8ET6L0  996¥8°0 L99¥8'0  16£S8°0 8ELO8'0 L99TL'O 690160 eureq|
TEP08'0  L9908°0  0€TIB0  LBTOL'O L99T9'0 681080 €89L8°0 €£€S8°0 861060 LS8LL'O €€€S8°0 T691L°0 668580 €£€68°0 0¥8T80 [ensTur yooda | 0008
LLBTO 000€8'0 9€1€80  €I8SL'0  L99TL'O  0996L°0  89L88'0 L9998°0 TEOI6'0  €L68L'0 000080 6EI8LO  €S6L8°0 L99T6'0  9I1LES'O eue[|
$€96L°0  00008°0  06CI8'0  9S€TL'O0 00090  0LvL80  TYC8'0 000880  LLOLL'O  ¥6TT80 L99T60  LTIVL'O  ¥OVI8O €E€ELL'0 976580 [ensru yooda 1 00001
9IPER0  L99€8'0  ¥TOF8'0  0TI9L'0 000890 +¥T6L80O  6SL88°0 000T6G'0  19L58°0 016180 00098°0 66I8L0 SLEISO L9988°0 TITY8O ewreq|
1dwoid oy ur suoneuedxa [oqey InoWIA (B)
11 [[EOY  UOISIOAI] 1d [[eOY  UOISIAI] 1d [[BO9Y  UOISIOAI] 14 [[e09Y  UOISIAI] 1d [[BOY  UOISIOAI]
SAY 010B\ Suney doudrradxarasy Amyea sSng OWEN [PPON s opdures Suurel]

51



5.3.6 Effect of Number of Epochs on Model Performance

We also examined the effect of the number of epochs using 2,000 reviews from the
training set. Table 5.7 presents these results. Our analysis reveals that using fewer
training samples with multiple epochs can be as effective as using more samples with
fewer epochs.

The experiments were conducted with both LLAMA 2 and Mistral models,
varying the number of epochs from 1 to 4. We evaluated the models both with and
without label explanations in the prompt. The results show that increasing the number
of epochs generally leads to improved model performance, with the most significant
gains observed in the earlier epochs.

Notably, the performance improvement from increasing epochs was more pro-
nounced for the Mistral model compared to LLAMA 2. This suggests that different
model architectures may have varying sensitivities to the number of training epochs.

An interesting observation is that models trained with 2,000 samples over multiple
epochs achieved comparable or sometimes better performance than models trained on
larger datasets with a single epoch. For instance, the Mistral model trained on
2,000 samples for 4 epochs (with explanations) achieved a macro average F1 score
of 0.84782, which is competitive with the performance of models trained on 10,000
samples for a single epoch.

These findings suggest that when working with limited computational resources or
smaller datasets, increasing the number of training epochs can be an effective strategy
to improve model performance. However, it’s important to note that the optimal num-
ber of epochs may vary depending on the specific model and dataset characteristics,
and care should be taken to avoid overfitting.
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5.3.7 Evaluation of Explanation Quality

To assess the effectiveness of our approach in generating meaningful explanations for
app review classifications, we conducted a manual review of the explanations gen-
erated by the fine-tuned Mistral model. This model was chosen for its superior
performance when using Template 2, which incorporates label explanations in the
prompt.

Our evaluation focused solely on correctly classified instances to ensure that we
were assessing the quality of explanations for accurate predictions. We employed a
four-tier grading system to evaluate the generated explanations:

Grade A: Correct and comprehensive responses containing all relevant and im-
portant details from the user review.

Grade B: Correct responses with some relevant details, but not as comprehen-
sive as Grade A.

Grade C: Generic responses lacking specific details from the user review.

Grade D: Incorrect explanations inconsistent with the user review content.

Figure 5.5 presents the distribution of grades for the explanations generated by the
fine-tuned Mistral 7B model on our 200-review benchmark dataset.
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Fig. 5.5: Distribution of grades for explanations generated by the fine-tuned
Mistral 7B model on our 200-review benchmark dataset, evaluated by human
experts. Grades range from A (highest quality) to D (lowest quality).

Out of the 168 correct classifications, 129 explanations (76.79%) were graded as A,
28 (16.67%) as B, 10 (5.95%) as C, and only 1 (0.60%) as D. These results are highly
encouraging, with 93.45% of the explanations (grades A and B combined) deemed
satisfactory, providing correct and relevant details from the user reviews.
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The high proportion of Grade A explanations (76.79%) demonstrates the model’s
strong capability to generate accurate and detailed explanations for app review clas-
sifications. This suggests that the model not only classifies reviews correctly but also
understands the nuances and specific details that justify its classifications. The very
low rate of Grade D explanations (only one out of 168) further underscores the relia-
bility of the generated explanations.

These findings demonstrate the effectiveness of our approach in combining accu-
rate classification with meaningful explanations. The fine-tuned Mistral model’s
ability to provide high-quality explanations potentially enhances the interpretability
and trustworthiness of the model’s decisions in real-world applications of app review
analysis. This capability is particularly valuable in scenarios where understanding the
reasoning behind classifications is as important as the classifications themselves.

5.3.8 Effects of Temperature and Top_pon Fine-tuned Open-source Models

This subsection examines the impact of Temperature and Top_p parameters on the
performance of fine-tuned open-source language models, specifically LLAMA 2 and
Mistral, using two different prompting strategies. Tables 5.8, 5.9, 5.10, and 5.11
present the performance metrics for these models across various parameter settings.

Both models demonstrate strong performance, with macro average F1 scores rang-
ing from approximately 0.70 to 0.87, comparable to commercial models. Performance
is generally most stable at lower Temperature settings (0 to 0.5) and higher Top_p
values (0.75 to 1), with some degradation observed at higher Temperatures and
lower Top_p values. The explain-then-annotate prompting strategy (Tables 5.9 and
5.11) shows slight improvements in certain scenarios, particularly for the Mistral
model.

These findings suggest that careful tuning of generation parameters can optimize
the performance of fine-tuned open-source models for mobile app review classification
tasks.
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5.3.9 Model Performance Visualization

To provide a comprehensive view of our models’ performance in classifying mobile
app reviews, we present a series of confusion matrices. These visualizations offer
insights into the strengths and weaknesses of each model across four categories: Bug,
Feature, Rating, and UserExperience.

Confusion Matrix for Gemini-1.0

Confusion Matrix for GPT-3.5
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Fig. 5.6: Confusion matrices for GPT-3.5 (left) and Gemini-1. 0 (right) models
in classifying software engineering tasks.

Figure 5.6 presents the confusion matrices for GPT-3.5 and Gemini Pro 1.0
models. Both models demonstrate strong overall performance in task categorization.
The diagonal elements represent correct classifications, while off-diagonal elements
indicate misclassifications. GPT-3.5 shows slightly better accuracy in the Feature
and UserExperience categories, correctly identifying 41 instances in each, compared to
Gemini Pro 1.0’s 34 and 26 respectively. Conversely, Gemini Pro 1.0 per-
forms marginally better in Bug identification, correctly classifying 50 instances versus
GPT-3.5’s 46.

Figure 5.7 displays the confusion matrices for LLAMA 2 and Mistral models.
The LLAMA 2 model demonstrates strong performance, particularly in the Bug and
Rating categories, correctly identifying 46 and 45 instances respectively. Mistral
shows comparable performance, with notably high accuracy in the Feature category,
correctly classifying 44 instances. Both models exhibit some misclassifications, partic-
ularly between the Feature and UserExperience categories, suggesting potential areas
for improvement in distinguishing these review types.

Figure 5.8 presents confusion matrices for the LLAMA 2 and Mistral models when
explanation is enabled during the app review classification task. This allows for com-
parison of model performance with and without explanations. The LLAMA 2 model
with explanation shows improved performance in the Bug category (46 correct classi-
fications) compared to without explanation, while maintaining strong performance in

60



True

True

Confusion Matrix - LLAMA 2 Confusion Matrix - Mistral

Bug

a5

v v
5 0 5
s s
& & 25
w
F
= - 20
- 20
= =
s €
& & - 15
M 10 M 10
= =
L] L]
g g :
g 0 [ ¥ -0 g 0 d ¥ -0
Bug Feature Rating UserExperience Bug Feature Rating UserExperience
Predicted Predicted

Fig. 5.7: Confusion matrices for LLAMA 2 (left) and Mistral (right) models in
classifying app reviews.
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Fig. 5.8: Confusion matrices for LLAMA 2 (left) and Mistral (right) models in
classifying app reviews when explanation enabled.

other categories. The Mistral model with explanation demonstrates enhanced accu-
racy in the Bug and Rating categories (45 and 44 correct classifications respectively)
compared to its performance without explanation.

These visualizations provide valuable insights into each model’s strengths and po-

tential areas for improvement in mobile app review classification. The comparison
between models with and without explanations suggests that enabling explanations
may lead to improved classification accuracy for certain categories, potentially due to
the models’ ability to articulate their reasoning process. This observation underscores
the potential value of incorporating explanations in enhancing model performance and
interpretability in app review classification tasks.

61



5.4 Conclusion

In this study, we explore the performance of commercial and open-source LLLMs for
app review classification. We investigated the possibility of using commercially avail-
able closed-source models to classify mobile application reviews in zero-shot settings.
We further explored the effects of Temperature and Top_p parameters on classifi-
cation performance.

Inspired by commercial LLM results, we explored small open-source models for
app review classification, comparing them to closed-source alternatives. We used the
top-performing commercial model to autonomously generate a large dataset and fine-
tune open-source models. Our findings reveal that fine-tuned open-source models ex-
hibited substantial performance gains, offering a cost-effective alternative for app re-
view classification task.

We carried out various experiments to determine the effects of training data size,
number of epochs, Temperature, and Top_p parameters and also measured the
quality of generated explanations by fine-tuned LLMs. To encourage other researchers,
we have publicly published the related code and dataset’.

As future work, we plan to investigate the generalizability of our results by exper-
imenting on datasets from multiple domains.

5.5 Limitations

While our study provides valuable insights into the use of Large Language Models
(LLMs) for app review classification, it is important to recognize its limitations:

Our investigation concentrated on a small number of commercial (GPT-3.5, Gemini
Pro 1.0)andopen-source (L1ama 2,Mistral)LLMs, which may not accurately
represent the wide range of available models. The manually annotated benchmark
dataset of 200 reviews, while carefully curated, may be considered insufficient for
comprehensive evaluation.

Our study focused solely on mobile app reviews published in English on Google
Play Store, extracted from top-rated apps in the United States according to appfig-
ures.com'’. This focus may limit the generalisability of our findings to app reviews
from other geographical demographics, multilingual contexts, or app categories not
covered by our datasets.

Due to resource and cost constraints, we only considered the smaller 7 billion pa-
rameter models. While we can assume that larger model sizes improve performance,
more research is needed to confirm this hypothesis.

https://github.com/sadeep25/LLM-Mobile-App-Review-Analyzer.git
Ohttps://appfigures.com/top-apps/ios—app-store/united-states/
iphone/top-overall

62



Although we conducted experiments to find prompts better suited to this task in
the early stages and chose the best templates for our experiments, a more thorough
investigation of prompt engineering techniques could potentially yield even greater
performance improvements.

According to Chen et al. [60], the performance of commercial models, such as
GPT-3.5, can vary significantly over time. As a result, it is critical to understand that
the results of this experiment represent a snapshot of each model’s performance at the
time the experiment was conducted.

Finally, our study did not delve deeply into the computational resources required
to fine-tune and run these models. In practical applications, cost, processing time, and
energy consumption may be important factors in model selection and deployment.

Despite these limitations, we believe that our research provides useful comparative
insights into the performance of commercial and open-source language models for app
review classification. Future research can build on these findings while addressing the
limitations and advancing the field.

5.6 Ethical considerations

We took several ethical considerations into account when conducting our research on
app review classification using language models. First and foremost, we ensured that
all app reviews in our dataset were anonymized to protect user privacy. During our ex-
periments, no personally identifiable information was included or processed, ensuring
the privacy of app users.

The use of large language models, especially for data annotation, raises serious
concerns about bias and fairness. We acknowledge that the GPT-3 .5 model used to
generate our training dataset may inherit biases from its training data. These biases
have the potential to influence classification results, particularly for under-represented
groups or app categories that are less common. Future research should look into ways
to detect and mitigate such biases, ensuring equitable results across user groups and
app types.

Our study also considered the environmental impact of LLM usage. While we
focused on efficiency by determining the minimum effective training dataset size and
number of epochs, we acknowledge the need for broader discussions about the energy
consumption and carbon footprint of NLP research. The AI community must continue
to develop more sustainable practices and technologies to reduce the environmental
impact of large-scale language model training and deployment, particularly when fine-
tuning models on consumer-grade hardware, as in our study.

We also acknowledge that this technology has the potential for dual use. While
our research aims to improve app development and user experience, similar techniques
could be used to manipulate app store rankings or spread misinformation. We strongly
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encourage future researchers and practitioners to think about these ethical implications
and create appropriate safeguards to prevent misuse.

In the spirit of reproducibility and open science, we have made our datasets and
code implementations publicly available''. This transparency enables peer review and
advancement of the field while upholding ethical standards.

Moving forward, we recommend that future research in this field prioritise ethical
considerations. This includes creating robust methods for detecting and mitigating
bias in language models used for app review classification, investigating more energy-
efficient approaches to training and deploying these models, developing guidelines
and best practices for responsible use of app review classification technologies, and
researching the long-term effects of automated review classification on app ecosystems
and user trust.

By addressing these ethical concerns, we hope to contribute to the responsible de-
velopment and use of language models in app review classification and related fields.
As technology evolves, researchers and practitioners must remain vigilant in identify-
ing and addressing any new ethical challenges that may arise.

Unttps://github.com/sadeep25/LLM-Mobile-App-Review-Analyzer.git
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CHAPTER 6
FINDINGS

6.1 Aspect-Based Sentiment Analysis on App Reviews

Our first significant contribution in this research was the development of a CNN-based
model for Aspect-Based Sentiment Analysis (ABSA) on app reviews. We focused
specifically on aspect class classification and aspect sentiment classification, with our
work published in the ICTER conference [39].

6.1.1 CNN-based Approach for Aspect-Based Sentiment Analysis

We developed two distinct CNN models: one for aspect category classification and
another for aspect sentiment classification. Both models demonstrated substantial im-
provements over the baseline results provided by the AWARE dataset authors:

* Aspect Category Classification: Our model achieved F1 scores of 0.62, 0.42, and
0.62 for the Productivity, Game, and Social Networking domains respectively,
representing improvements of 87.88%, 31.25%, and 93.75% over the baselines.

* Aspect Sentiment Classification: Our model reached accuracy scores of 0.80,
0.70, and 0.86 for the same domains, showing improvements of 16.43%, 3.72%,
and 23.35% respectively.

These results underscore the effectiveness of our CNN-based approach in capturing
the nuances of app review sentiment and categorization.

6.1.2 Impact of Word Embeddings

We examined three popular word embedding techniques: FastText, GloVe, and Word2Vec.
Our findings revealed:

* Word2Vec consistently outperformed the other embeddings across all domains
for both tasks.

» For aspect category classification, Word2Vec achieved the highest average F1
score of 0.56.

* In aspect sentiment classification, Word2 Vec again led with an average accuracy
of 0.79.

These results suggest that Word2Vec’s ability to capture semantic relationships
between words is particularly beneficial for app review analysis.
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6.1.3 Effectiveness of Data Oversampling Techniques

To address the class imbalance in the AWARE dataset, we experimented two oversam-
pling techniques:

* Contextual augmentation using Google BERT

* Round-trip translation (RTT) with four languages: German (DE), Turkish (TR),
Japanese (JP), and Chinese (CN)

Our analysis showed:

e RTT with German (DE) as the intermediate language yielded the best results for
both tasks.

* For aspect category classification, RTT (DE) improved the average F1 score by
2% compared to no oversampling.

* In aspect sentiment classification, RTT (DE) increased the average accuracy by
1.5%.

These findings highlight the potential of linguistic-based data augmentation tech-
niques in improving model performance, particularly for imbalanced datasets.

6.1.4 Hyperparameter Tuning

We fine-tuned three key hyperparameters: batch size, number of epochs, and learning
rate. Our experiments revealed:

* Optimal batch sizes: 25 for aspect category classification and 35 for aspect sen-
timent classification.

¢ Ideal number of epochs: 75 for both tasks.

* Most effective learning rate: 0.001 for both models.

These optimized parameters contributed significantly to the overall performance
improvements of our models.

6.2 Automatic Analysis of App Reviews Using LL.Ms

As our next step we explored the potential of Large Language Models (LLMs) for app
review analysis. This ongoing work is currently under review for COLING 2025.
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6.2.1 Evaluation of Popular Commercial Models

We conducted a comparative study of two prominent commercial LLMs: Google’s
Gemini Pro 1.0 and OpenAl’s GPT-3.5, in a zero-shot setting. Our findings
showed:

* GPT-3.5 outperformed Gemini Pro with an F1 score of 0.84917 compared
to Gemini Pro’s 0.75490.

* Both models demonstrated sensitivity to Temperature and Top_p parame-
ters, with optimal performance generally achieved at lower values (Temperature
0.5, Top_p 0.25).

These results underscore the potential of commercial LLMs in app review classifi-
cation tasks, even without task-specific fine-tuning.

6.2.2 LLMs as Autonomous Annotators

Leveraging the superior performance of GPT-3.5, we used it as an autonomous an-
notator to create a balanced dataset of 10,000 app reviews. Our quality assessment
revealed:

* A random sample of 370 reviews (95% confidence level, 5% margin of error)
was manually reviewed.

* Inter-annotator agreement reached an "almost perfect" level with an average Co-
hen’s Kappa score of 0.9135.

* The GPT-3.5-generated annotations achieved an accuracy of 81.89% according
to the results of the manual review by human annotators.

These findings suggest that LLMs can be effectively used to create large, high-
quality datasets for app review analysis, potentially reducing the need for extensive
manual annotation.

6.2.3 Fine-tuning and Evaluating Open-source LLMs

We evaluated the performance of open-source LLMs (LLAMA 2,Mistral,and Falcon)
on the app review classification task. Key findings include:

* Base models showed lower performance compared to commercial LLMs, with
F1 scores of 0.57753 for LLAMA 2 and 0.47060 for Mistral.

* Fine-tuned models achieved performance comparable to commercial LLMs, with
F1 scores of 0.83416 for LLAMA 2 and 0.79634 for Mistral.
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* The "explain-then-annotate” prompting strategy improved performance for Mis-
tral, achieving an F1 score of 0.82115.

* Temperature and Top_p parameters showed similar effects as observed in
commercial models, with best performance at lower values.

* Manual evaluation of explanations generated by the "explain-then-annotate" ap-
proach showed high quality, with 76.79% rated as comprehensive and correct.

These results demonstrate the potential of fine-tuned open-source LLMs as a cost-
effective alternative to commercial models for app review analysis tasks.

Our findings collectively highlight the evolving landscape of app review analysis
techniques, from traditional machine learning approaches to the application of state-of-
the-art large language models. They underscore the potential for significant improve-
ments in accuracy and efficiency in extracting valuable insights from user feedback.
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CHAPTER 7
DISCUSSION AND CONCLUSION

First, we developed a CNN-based approach for Aspect-Based Sentiment Analysis
(ABSA) on app reviews (see Chapter 4), which demonstrated substantial improve-
ments over existing baselines. For aspect category classification, we achieved F1
scores of 0.62, 0.42, and 0.62 for Productivity, Game, and Social Networking domains
respectively, representing improvements of up to 93.75% over baselines. In aspect sen-
timent classification, our model reached accuracy scores of 0.80, 0.70, and 0.86 for the
same domains, showing improvements of up to 23.35% (see Section 4.4.3). These re-
sults underscore the effectiveness of our CNN-based approach in capturing the nuances
of app review sentiment and categorization.

Then, we investigated the impact of different word embedding techniques and
data augmentation methods on our ABSA model (see Section 4.3). We found that
Word2 Vec consistently outperformed FastText and GloVe across all domains and tasks,
suggesting its superior ability to capture semantic relationships in app review contexts.
We also demonstrated the effectiveness of data augmentation techniques, particularly
Round-trip Translation (RTT) with German as an intermediate language, in improving
model performance on imbalanced datasets.

Further, we explored the potential of Large Language Models (LLMs) for app re-
view analysis (see Chapter 5). We evaluated both commercial and open-source LL.Ms
in zero-shot and fine-tuned settings. Commercial LLMs like GPT-3.5 demonstrated
high performance in zero-shot settings, achieving an F1 score of 0.84917 (see Section
5.3.1). We successfully used GPT-3.5 as an autonomous annotator to create a large,
high-quality dataset of 10,000 app reviews, with an accuracy of 81.89% according to
the manual review done on the dataset by human annotators (see Section 5.3.3). This
approach offers a promising method for creating extensive, reliable datasets for train-
ing specialized models, potentially reducing the need for manual annotation.

We then fine-tuned open-source LLMs and found they could achieve performance
comparable to commercial models, with LLAMA 2 reaching an F1 score of 0.83416
(see Section 5.3.4). We utilized "explain-then-annotate” prompting strategy, which
improved performance for some models, with Mistral achieving an F1 score of 0.82115
using this approach (see Section 5.2.4.2). These results demonstrate the potential of
both commercial and open-source LLMs in automating and improving the app review
analysis process.

Our research has several important implications for the field of mobile app devel-
opment and user feedback analysis. The improved accuracy in aspect-based sentiment
analysis can help developers prioritize issues and feature requests more effectively,
leading to better-informed development decisions. The use of LLMs as autonomous
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annotators offers a cost-effective approach to creating large, high-quality datasets. The
comparable performance of fine-tuned open-source LLMs to commercial models sug-
gests a viable alternative for app review analysis, especially beneficial for smaller de-
velopment teams or academic researchers.

Without being confined to a single app category or language, we verified our exper-
imental results across multiple domains and languages. Our ABSA model was tested
on Productivity, Game, and Social Networking app categories (see Section 4.3), while
our LLM experiments covered a wide range of app types. This broad applicability
enhances the generalizability of our findings and their potential impact on the mobile
app development ecosystem.

In conclusion, this research has demonstrated the potential of advanced machine
learning and natural language processing techniques in revolutionizing app review
analysis. By improving the accuracy and efficiency of extracting insights from user
feedback, our work contributes to the ongoing advancements of mobile app review
analysis and potentially helps mobile app developers in the process of mobile applica-
tion evolution. As the field continues to advance, the integration of these technologies
promises to enhance the responsiveness of app developers to user needs, ultimately
leading to improved mobile experiences for users worldwide. Future research could
explore the integration of our ABSA and LLM-based approaches for more comprehen-
sive app review analysis, develop methods to detect and mitigate biases in LLM-based
systems, and investigate the long-term impact of automated review analysis on app
quality and user satisfaction.

70



REFERENCES

(1]

(2]

(3]

[4]

(5]

[6]

[7]

(8]

[9]

[10]

[11]

“Number of smartphone users worldwide,” https://www.statista.com/statistics/
330695/number-of-smartphone-users-worldwide/.

L. V. G. Carreno and K. Winbladh, “Analysis of user comments: an approach
for software requirements evolution,” in 2013 35th international conference on
software engineering (ICSE). 1EEE, 2013, pp. 582-591.

E. Guzman and W. Maalej, “How do users like this feature? a fine grained sen-
timent analysis of app reviews,” in 2014 IEEE 22nd international requirements
engineering conference (RE). leee, 2014, pp. 153-162.

D. Pagano and B. Bruegge, “User involvement in software evolution practice:
a case study,” in 2013 35th International Conference on Software Engineering
(ICSE). 1EEE, 2013, pp. 953-962.

M. Harman, Y. Jia, and Y. Zhang, “App store mining and analysis: Msr for app
stores,” in 2012 9th IEEE working conference on mining software repositories
(MSR). 1EEE, 2012, pp. 108-111.

N. Chen, J. Lin, S. C. Hoi, X. Xiao, and B. Zhang, “Ar-miner: mining informative
reviews for developers from mobile app marketplace,” in Proceedings of the 36th

international conference on software engineering, 2014, pp. 767-778.

F. Palomba, M. Linares-Vasquez, G. Bavota, R. Oliveto, M. Di Penta, D. Poshy-
vanyk, and A. De Lucia, “Crowdsourcing user reviews to support the evolution
of mobile apps,” Journal of Systems and Software, vol. 137, pp. 143—-162, 2018.

E. Guzman, M. El-Haliby, and B. Bruegge, “Ensemble methods for app review
classification: An approach for software evolution (n),” in 2015 30th IEEE/ACM
International Conference on Automated Software Engineering (ASE). 1EEE,
2015, pp. 771-776.

S. Panichella, A. Di Sorbo, E. Guzman, C. A. Visaggio, G. Canfora, and H. C.
Gall, “How can i improve my app? classifying user reviews for software mainte-
nance and evolution,” in 2015 IEEE international conference on software main-
tenance and evolution (ICSME). 1EEE, 2015, pp. 281-290.

E. Guzman, M. Ibrahim, and M. Glinz, “A little bird told me: Mining tweets for
requirements and software evolution,” 09 2017.

N. Alturaief, H. Aljamaan, and M. Baslyman, “Aware: Aspect-based senti-
ment analysis dataset of apps reviews for requirements elicitation,” in 2021 36th

71



IEEE/ACM International Conference on Automated Software Engineering Work-
shops (ASEW). 1EEE, 2021, pp. 211-218.

[12] D.Pagano and W. Maalej, “User feedback in the appstore: An empirical study,” in
2013 21st IEEE international requirements engineering conference (RE). 1EEE,
2013, pp. 125-134.

[13] H. Li, L. Zhang, L. Zhang, and J. Shen, “A user satisfaction analysis approach
for software evolution,” vol. 2, pp. 1093-1097, 2010.

[14] W. Maalej, M. Nayebi, T. Johann, and G. Ruhe, “Toward data-driven require-
ments engineering,” IEEE software, vol. 33, no. 1, pp. 48-54, 2015.

[15] M. V.Phong, T. T. Nguyen, H. V. Pham, and T. T. Nguyen, “Mining user opinions
in mobile app reviews: A keyword-based approach (t),” pp. 749-759, 2015.

[16] B.Fu,J. Lin, L. Li, C. Faloutsos, J. Hong, and N. Sadeh, “Why people hate your
app: Making sense of user feedback in a mobile app store,” pp. 1276-1284, 2013.

[17] R. T. Anchiéta and R. S. Moura, “Exploring unsupervised learning towards ex-
tractive summarization of user reviews,” in Proceedings of the 23rd Brazillian
Symposium on Multimedia and the Web, 2017, pp. 217-220.

[18] M. Gomez, R. Rouvoy, M. Monperrus, and L. Seinturier, “A recommender sys-
tem of buggy app checkers for app store moderators,” pp. 1-11, 2015.

[19] W. Maalej, Z. Kurtanovi¢, H. Nabil, and C. Stanik, “On the automatic classifi-
cation of app reviews,” Requirements Engineering, vol. 21, no. 3, pp. 311-331,
2016.

[20] X. Gu and S. Kim, “" what parts of your apps are loved by users?"(t),” in 2015
30th IEEE/ACM International Conference on Automated Software Engineering
(ASE). IEEE, 2015, pp. 760-770.

[21] V. T. Dhinakaran, R. Pulle, N. Ajmeri, and P. K. Murukannaiah, “App review
analysis via active learning: reducing supervision effort without compromising
classification accuracy,” in 2018 IEEE 26th international requirements engineer-
ing conference (RE). 1EEE, 2018, pp. 170-181.

[22] H. Guo and M. P. Singh, “Caspar: Extracting and synthesizing user stories of
problems from app reviews,” 2020, p. 628—640.

[23] C. Stanik, M. Haering, and W. Maalej, “Classifying multilingual user feedback
using traditional machine learning and deep learning,” in 2019 IEEE 27th inter-
national requirements engineering conference workshops (REW). 1EEE, 2019,
pp- 220-226.

72



[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

N. Aslam, W. Y. Ramay, K. Xia, and N. Sarwar, “Convolutional neural network
based classification of app reviews,” IEEE Access, vol. 8, pp. 185619-185 628,
2020.

M. A. Hadi and F. H. Fard, “Evaluating pre-trained models for user feedback
analysis in software engineering: A study on classification of app-reviews,” 2021.

P. R. Henao, J. Fischbach, D. Spies, J. Frattini, and A. Vogelsang, ‘“Transfer
learning for mining feature requests and bug reports from tweets and app store
reviews,” in 2021 IEEE 29th International Requirements Engineering Conference
Workshops (REW). 1EEE, 2021, pp. 80-86.

J. Verma and A. Patel, “Evaluation of unsupervised learning based extractive
text summarization technique for large scale review and feedback data,” Indian
Journal of Science and Technology, vol. 10, pp. 1-6, 05 2017.

S. Wang, Y. Liu, Y. Xu, C. Zhu, and M. Zeng, “Want to reduce labeling cost?
gpt-3 can help,” arXiv preprint arXiv:2108.13487, 2021.

X. He, Z. Lin, Y. Gong, A. Jin, H. Zhang, C. Lin, J. Jiao, S. M. Yiu, N. Duan,
W. Chen et al., “Annollm: Making large language models to be better crowd-
sourced annotators,” arXiv preprint arXiv:2303.16854, 2023.

R. Zhang, Y. Li, Y. Ma, M. Zhou, and L. Zou, “Llmaaa: Making large language
models as active annotators,” arXiv preprint arXiv:2310.19596, 2023.

J. Zhou, W. Du, M. O. F. Rokon, Z. Wang, J. Xu, I. Shah, K.-c. Lee, and M. Wen,
“Enhanced e-commerce attribute extraction: Innovating with decorative relation
correction and llama 2.0-based annotation,” arXiv preprint arXiv:2312.06684,
2023.

Z. He, C.-Y. Huang, C.-K. C. Ding, S. Rohatgi, and T.-H. K. Huang, “If in a
crowdsourced data annotation pipeline, a gpt-4,” in Proceedings of the CHI Con-
ference on Human Factors in Computing Systems, 2024, pp. 1-25.

Y. Tang, C.-M. Chang, and X. Yang, “Pdfchatannotator: A human-llm collabo-
rative multi-modal data annotation tool for pdf-format catalogs,” in Proceedings

of the 29th International Conference on Intelligent User Interfaces, 2024, pp.
419-430.

D. Yu, L. Li, H. Su, and M. Fuoli, “Assessing the potential of llm-assisted anno-
tation for corpus-based pragmatics and discourse analysis: The case of apology,”
International Journal of Corpus Linguistics, 2024.

73



[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

M. Imamovic, S. Deilen, D. Glynn, and E. Lapshinova-Koltunski, “Using chatgpt
for annotation of attitude within the appraisal theory: Lessons learned,” in Pro-
ceedings of The 18th Linguistic Annotation Workshop (LAW-XVIII), 2024, pp.
112-123.

A. Wang, J. Morgenstern, and J. P. Dickerson, “Large language models cannot
replace human participants because they cannot portray identity groups,” arXiv
preprint arXiv:2402.01908, 2024.

N. Pangakis, S. Wolken, and N. Fasching, “Automated annotation with generative
ai requires validation,” arXiv preprint arXiv:2306.00176, 2023.

J. Tan, A. Zhang, X. Zhang, C. Xiao, Z. Ding, Y. Peng, C. Wu, X. Zhu, J. Zhou,
and X. Huang, “Large language models for data annotation: A survey,” arXiv
preprint arXiv:2402.13446, 2024.

S. Gunathilaka and N. De Silva, “Aspect-based sentiment analysis on mobile
application reviews,” in 2022 22nd International Conference on Advances in ICT
for Emerging Regions (ICTer). 1EEE, 2022, pp. 183-188.

S. Kobayashi, “Contextual augmentation: Data augmentation by words with
paradigmatic relations,” 2018.

H. Touvron, T. Lavril, G. Izacard, X. Martinet, M.-A. Lachaux, T. Lacroix,
B. Roziere, N. Goyal, E. Hambro, F. Azhar et al., “Llama: Open and efficient
foundation language models,” arXiv preprint arXiv:2302.13971, 2023.

H. Touvron, L. Martin, K. Stone, P. Albert, A. Almahairi, Y. Babaei, N. Bash-
lykov, S. Batra, P. Bhargava, S. Bhosale et al., “Llama 2: Open foundation and
fine-tuned chat models,” arXiv preprint arXiv:2307.09288, 2023.

W.-L. Chiang, Z. Li, Z. Lin, Y. Sheng, Z. Wu, H. Zhang, L. Zheng, S. Zhuang,
Y. Zhuang, J. E. Gonzalez et al., “Vicuna: An open-source chatbot impressing
gpt-4 with 90

E. Almazrouei, H. Alobeidli, A. Alshamsi, A. Cappelli, R. Cojocaru, M. Debbah,
E. Goffinet, D. Heslow, J. Launay, Q. Malartic et al., “Falcon-40b: an open large
language model with state-of-the-art performance,” 2023.

A. Q. Jiang, A. Sablayrolles, A. Mensch, C. Bamford, D. S. Chaplot, D. d. 1.
Casas, F. Bressand, G. Lengyel, G. Lample, L. Saulnier et al., “Mistral 7b,” arXiv
preprint arXiv:2310.06825, 2023.

L. Reiter, “Zephyr,” Journal of Business Finance Librarianship, vol. 18, no. 3,
pp- 259-263, 2013.

74



[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

G. Colavito, F. Lanubile, N. Novielli, and L. Quaranta, “Leveraging gpt-like llms
to automate issue labeling,” in 2024 IEEE/ACM 21st International Conference
on Mining Software Repositories (MSR). 1EEE, 2024, pp. 469-480.

W. Maalej and H. Nabil, “Bug report, feature request, or simply praise? on auto-
matically classifying app reviews,” in 2015 IEEE 23rd international requirements
engineering conference (RE). 1EEE, 2015, pp. 116-125.

D. Yu, L. Li, H. Su, and M. Fuoli, “Assessing the potential of llm-assisted anno-
tation for corpus-based pragmatics and discourse analysis.”

K. Hamilton, L. Longo, and B. Bozic, “Gpt assisted annotation of rhetorical
and linguistic features for interpretable propaganda technique detection in news
text.” in Companion Proceedings of the ACM on Web Conference 2024, 2024, pp.
1431-1440.

T. Zhang, 1. C. Irsan, F. Thung, and D. Lo, “Revisiting sentiment analysis
for software engineering in the era of large language models,” arXiv preprint
arXiv:2310.11113, 2023.

Y. Wang, Y. Kordi, S. Mishra, A. Liu, N. A. Smith, D. Khashabi, and H. Ha-
jishirzi, “Self-instruct: Aligning language models with self-generated instruc-
tions,” arXiv preprint arXiv:2212.10560, 2022.

R. R. Mekala, Y. Razeghi, and S. Singh, “Echoprompt: Instructing the model to
rephrase queries for improved in-context learning,” 2024. [Online]. Available:
https://arxiv.org/abs/2309.10687

S. Schulhoff, M. Ilie, N. Balepur, K. Kahadze, A. Liu, C. Si, Y. Li, A. Gupta,
H. Han, S. Schulhoff, P. S. Dulepet, S. Vidyadhara, D. Ki, S. Agrawal, C. Pham,
G. Kroiz, F. Li, H. Tao, A. Srivastava, H. D. Costa, S. Gupta, M. L. Rogers,
I. Goncearenco, G. Sarli, I. Galynker, D. Peskoff, M. Carpuat, J. White, S. Anad-
kat, A. Hoyle, and P. Resnik, “The prompt report: A systematic survey of prompt-
ing techniques,” 2024.

T. Dettmers, A. Pagnoni, A. Holtzman, and L. Zettlemoyer, “Qlora:
Efficient finetuning of quantized llms,” 2023. [Online]. Available: https:
/larxiv.org/abs/2305.14314

S. Mangrulkar, S. Gugger, L. Debut, Y. Belkada, S. Paul, and B. Bossan,
“Peft: State-of-the-art parameter-efficient fine-tuning methods,” https://github.
com/huggingface/peft, 2022.

75



[57] R. V. Krejcie and D. W. Morgan, “Determining sample size for research activi-
ties,” Educational and psychological measurement, vol. 30, no. 3, pp. 607-610,
1970.

[58] J. Cohen, “Weighted kappa: Nominal scale agreement provision for scaled dis-
agreement or partial credit.” Psychological bulletin, vol. 70, no. 4, p. 213, 1968.

[59] J. R. Landis and G. G. Koch, “The measurement of observer agreement for cate-
gorical data,” biometrics, pp. 159-174, 1977.

[60] L. Chen, M. Zaharia, and J. Zou, “How is chatgpt’s behavior changing over
time?” arXiv preprint arXiv:2307.09009, 2023.

76



