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Abstract

The rapid proliferation of mobile applications
has resulted in a vast volume of user-generated
reviews, which often contain critical insights
into bugs, feature demands, and overall user
satisfaction. Efficiently organizing and inter-
preting this feedback is essential for develop-
ers seeking to enhance app quality and user
experience. In this study, we propose a fine-
grained, multilabel classification schema for
app reviews, structured as a two-level taxon-
omy. The first level categorizes reviews into
three primary classes: Bug Report, Feature Re-
quest, and App Satisfaction & Feedback. The
second level further refines these categories
into subtypes addressing specific concerns such
as performance, usability and privacy. To au-
tomate this classification, we fine-tune several
state-of-the-art large language models (LLMs),
including LLaMA, Gemma, Mistral, Qwen,
on a manually annotated dataset spanning 10
diverse application domains. Among these,
LLaMA 3.1 achieved the highest performance,
with weighted F1 scores of 0.90 and 0.79 at the
first and second taxonomy levels, respectively.
To assess scalability, we applied the fine-tuned
LLaMA 3.1 model to label an additional 10,000
unlabeled reviews, creating a silver-standard
corpus. This taxonomy-driven approach en-
ables more nuanced analysis of user feedback,
supporting targeted app improvements and fos-
tering enhanced user satisfaction.

1 Introduction

The rapid proliferation of mobile applications has
fundamentally transformed how developers collect
and respond to user feedback. With millions of
apps available on platforms such as Google Play
and the Apple App Store, users generate vast vol-
umes of reviews (Ceci, 2022), offering a rich yet
unstructured source of insights. These reviews of-
ten contain actionable information ((Eftee et al.);
(Triantafyllou et al., 2020); (Gao et al., 2022);
(Martin, 2017); (Tavakoli et al., 2018)), ranging
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from bug reports to feature requests, that is crucial
for improving app functionality and user satisfac-
tion. However, manually analyzing this feedback
is impractical due to its sheer volume, informal
language, and lack of structure ((Massenon et al.,
2024); (Dabrowski et al., 2023)). For instance,
consider the following review: “The user interface
is terrible! Images take ages to load, navigating
through it is a hassle, and I often close the app im-
mediately due to persistent technical issues. Among
shopping apps, Amazon has the least appealing in-
terface. Excessive and irrelevant ads constantly
interrupt product searches. The filters are ineffec-
tive, merely for show. I'm done with Amazon and
uninstalling it soon!”

This review encapsulates multiple concerns, in-
cluding UI design flaws (terrible interface), perfor-
mance issues (slow loading) and overall user dissat-
isfaction (I'm done with Amazon and uninstalling
it soon!). Traditional classification approaches typ-
ically assign such reviews to broad categories like
bug reports, feature requests, or performance is-
sues, often missing the nuanced context that could
guide more targeted development decisions.

We argue that extracting actionable insights re-
quires distinguishing not only the type of issue
(e.g., usability, performance) but also the intent
behind it (e.g., bug report vs. feature request). For
instance, performance concerns may appear as bug
reports (“The app crashes frequently”) and as fea-
ture suggestions (“Enhance scrolling smoothness
please”), while usability issues might be framed
as bugs (“Navigation is frustrating”) rather than
enhancements. Capturing these subtleties enables
developers to prioritize tasks more effectively, allo-
cate resources appropriately, and assign issues to
the correct teams, whether for backend fixes or Ul
redesigns. In this study, we define a bug report as a
review describing an existing issue or malfunction
in the app, and a feature request as a review that
asks for new functionality or improvements to ex-
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isting features where no malfunction is present but
enhancement is desired.

To address this, we propose a fine-grained, mul-
tilabel classification framework for app reviews,
structured into a two-level taxonomy (illustrated in
Figure 1). The first level categorizes reviews into
three primary classes: Bug Report, Feature Request,
and App Satisfaction & Feedback. The second level
refines these into subcategories addressing specific
aspects such as performance, usability, and pri-
vacy. This hierarchical structure facilitates a more
comprehensive and organized approach to app im-
provement.

App Satisfaction &
Feedback

Sync & Compatibility

Figure 1: A Two-Level Hierarchical Schema for App
Review Classification.

While traditional machine learning models have
been employed for app review classification, they
often struggle with the informal and context-rich
nature of user generated content (Ghatora et al.,
2024). For example, a review such as “The app
crashes when I try to sync data offline” may be
broadly classified as a bug report, overlooking
more specific subcategories such as synchroniza-
tion issues. In contrast, Large Language Models
(LLMs), with their advanced semantic understand-
ing, offer superior performance with minimal fine-
tuning (Kostina et al., 2025).

We evaluated our proposed framework using
a gold-standard dataset comprising 10,400 man-
ually annotated app reviews across 10 diverse do-
mains. The majority of these reviews (10,000) were
sourced from the RARE dataset (Singh et al., 2024),
which contains Google Play Store reviews. Ad-
ditionally, we included 400 privacy and security-
related reviews curated from (Zhang et al., 2025)
(see section 3.3 for details). The dataset is split
evenly into training and testing sets. We fine-tune
several state-of-the-art LLMs including LLaMA
3.1 (Vavekanand and Sam, 2024), Mistral (Jiang
et al., 2023), Gemma2 (Team et al., 2024), Qwen3
(Yang et al., 2025) and an encoder based trans-
former model BERT (Devlin et al., 2019), and com-

pare their performance against traditional classi-
fiers such as Random Forest, Decision Tree, Logis-
tic Regression, SVM, XGBoost. Our results show
that LLaMA 3.1 achieves the highest weighted F1
score of 0.9 at the first taxonomy level and 0.79
at the second. To further validate scalability, we
apply LLaMA 3.1 to label an additional 10,000 re-
views (from Apple App store) sourced from RARE
dataset, creating a silver-standard corpus. Overall,
this work represents an application-oriented contri-
bution focused on task formulation, rigorous anno-
tation, high-quality dataset construction, and sys-
tematic benchmarking for fine-grained, multi-label
app review classification. Below are the key contri-
butions.

* Development of a fine-grained multilabel clas-
sification framework for app reviews, struc-
tured as a two-level taxonomy to capture nu-
anced user feedback.

* Introduction of a labeled dataset of 20,400
reviews, comprising 10,400 manually anno-
tated and 10,000 automatically labeled using
LLaMA 3.1, providing a valuable resource for
future research.

* Experimentation with state-of-the-art large
language models and a thorough evaluation of
their performance using standard metrics.

» Release of the complete labeled dataset and
replication code as supplementary material to
support transparency reproducibility.

The remainder of this paper is organized as fol-
lows: Section 2 reviews related work in app review
classification. Section 3 presents our classification
schema and dataset. Section 4 outlines the method-
ology and experimental setup. Section 5 discusses
the results, Section 6 discusses error analysis and
Section 7 concludes with future research directions.
Section 8 addresses the limitations of our study.

2 Related Work

Classifying app reviews has been a long-standing
research focus due to its practical relevance for
developers, product managers, and software main-
tenance teams. User generated reviews often con-
tain valuable insights into software bugs, feature
requests, and user experience, making their auto-
matic analysis both impactful and challenging.
Early approaches predominantly relied on
pattern-based techniques ((Johann et al., 2017);
(Guo and Singh, 2020); (Gu and Kim, 2015)), em-
ploying hand-crafted rules and templates curated
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by domain experts. While these methods offered
interpretability, they were labor-intensive, lacked
scalability, and struggled to generalize across di-
verse app domains or evolving user language. To
address these limitations, researchers adopted tra-
ditional machine learning (ML) models ((Lu and
Liang, 2017); (Messaoud et al., 2019); (Araujo
et al., 2020); (Al-Hawari et al., 2021); (Dave and
Anu, 2022); (Deocadez et al., 2017); (Jha and
Mahmoud, 2019); (Phetrungnapha and Senivongse,
2019); (Maalej and Nabil, 2015); (Haoues et al.,
2023)), which learned from labeled data using fea-
tures such as n-grams, TF-IDF, or bag-of-words.
Despite their utility, these shallow representations
often failed to capture the semantic and contextual
nuances of natural language, particularly in short,
ambiguous or multi-intent reviews.

Subsequent work introduced deep learning (DL)
architectures, including LSTM, RNN, and ANN
models ((Alsaleh et al., 2025); (Qiao et al., 2020);
(Yahya et al., 2023); (Lu and Liang, 2017); (Zahoor
and Bawany, 2024)), which significantly improved
upon traditional ML by modeling the sequential
and contextual structure of review text. These meth-
ods demonstrated notable gains, especially in pro-
cessing longer and more structured feedback.

In the domain of app review classification, re-
search has primarily relied on encoder-based mod-
els. Although some studies have explored the use of
LLMs, their focus has largely been limited to tasks
such as sentiment analysis, requirements classifica-
tion, and feature extraction, rather than addressing
hierarchical classification ((Shah et al., 2025); (Gu-
nathilaka and de Silva); (Alsanousi et al., 2025);
(Ghosh et al., 2024); (Zuhir et al., 2025)). Sev-
eral studies have explored requirement-oriented
classification of user reviews, classifying reviews
into functional requirements and non-functional re-
quirements ((Chaudhary et al., 2025); (Yang and
Liang, 2015); (Memon et al., 2024); (Dave and
Anu, 2022); (Deocadez et al., 2017)). Others pro-
posed more fine-grained taxonomies, categorizing
reviews into bug reports, feature requests, and qual-
ity attributes such as usability, maintainability, re-
liability, and performance ((Hadi and Fard, 2023);
(Kaur and Kaur, 2023b); (Kaur and Kaur, 2023a);
(Yahya et al., 2023); (Wang et al., 2018); (Jha and
Mahmoud, 2019); (Saudy et al., 2021); (Scoccia
et al., 2023); (Haoues et al., 2023); (Tasnia et al.,
2022)). Most of these existing approaches rely on
flat, single-stage classification schema, which fail
to differentiate between the framing of an issue

by the user (e.g., as a bug or feature request) and
its underlying nature (e.g., performance or privacy
concern).

We propose a two-level hierarchical classifica-
tion framework leveraging fine-tuned LLMs. At
the first level, our model identifies the user’s intent -
classifying reviews as bug reports, feature requests,
or App Satisfaction & Feedback. At the second
level, it assigns content-specific labels such as per-
formance, privacy, or maintainability for technical
feedback, and satisfied or unsatisfied for sentiment-
oriented reviews (see Figure 1).

To the best of our knowledge, no prior work has
adopted a hierarchical, intent-aware, and content-
specific classification framework using fine-tuned
LLMs for app review analysis.

3 Dataset Creation and Classification
Schema Design

This section outlines the methodology employed
to construct a high-quality dataset for app review
classification and to design a two-level hierarchical
schema to enable fine-grained categorization. The
process comprises three key stages: (i) data collec-
tion and refinement, (ii) schema design, and (iii)
annotation.

3.1 Data Collection and Refinement

We utilized the publicly available RARE (Repos-
itory for App review REfinement) (Singh et al.,
2024), a benchmark dataset designed to enhance
clarity, informativeness, and utility of user reviews
for both manual annotation and automated analy-
sis. This RARE dataset comprises 20,000 pairs of
original and refined reviews, evenly split between
the Google Play Store and Apple App Store.

For our study, we curated a dataset of 20,400
refined user reviews. This includes 20,000 reviews
from RARE, and an additional 400 reviews from
(Zhang et al., 2025) specifically related to security
and privacy concerns categories that were underrep-
resented in the original RARE dataset (see Section
3.3 for details). The length of these reviews ranges
approximately from 15 to 180 words. Each review
entry in RARE includes metadata such as the app
name, original review text, and its corresponding
refined version.

3.2 Classification Schema Design

To develop a robust and comprehensive classifica-
tion schema for app reviews, we began by survey-
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ing prior literature in app review analysis and soft-
ware maintenance ( (Wang et al., 2018); (Haoues
et al., 2023); (Rahman et al., 2020); (Budake et al.,
2023); (Tasnia et al., 2022)).This review guided
the initial taxonomy by identifying prevalent class
labels, while revealing limitations in existing cate-
gorizations, particularly in their ability to capture
nuanced user intent and content-specific feedback.

Building on this foundation, we conducted an
exploratory manual analysis of 100 randomly se-
lected app reviews (from RARE), samples across
10 different apps (10 per app), following guidelines
proposed in Hoda’s Grounded Theory (GT) for soft-
ware engineering (Hoda, 2021). Following these
guidelines, we complemented the literature-driven
approach with an inductive, data-driven process to
ensure the schema emerged from user feedback.
We then utilized open coding and constant com-
parison techniques—fundamental principles of GT
for deriving categories from data. This qualita-
tive assessment conducted by authors, revealed re-
curring themes in user feedback, including issue
reporting, feature suggestions, and sentiment ex-
pression. Quantitatively, we observed that: 92.62%
of reviews conveyed user sentiment (satisfaction
or dissatisfaction), 72.13% reported bugs or func-
tional issues, and 35.62% included suggestions for
new features or enhancements. The open coding
process continued iteratively until sample satura-
tion was reached (i.e., no new categories emerged
within this subset), ensuring comprehensive cov-
erage of user feedback patterns and grounding the
schema in empirical evidence.

These findings motivated the design of a three-
pronged top-level classification schema, compris-
ing: Bug Report, Feature Request, and App Satis-
faction & Feedback. Through iterative discussions
among the authors and by applying the open-coded
themes in accordance with GT guidelines, we re-
fined this into a two-level hierarchy: the first level
captures overall intent, while the second provides
fine-grained categorization. The complete schema
is shown in Figure 1, with definitions provided
below.

3.2.1 Level 1: Primary Categories

Bug Report: Reviews describing issues or mal-
functions that negatively affect the app’s expected
behavior or performance.

Feature Request: Reviews suggesting new func-
tionality or enhancement to existing features.

App Satisfaction & Feedback: Reviews expressing

Level 1: Categories Instances Count | Level 2: Subcategories | Instances Count
Performance & Stability 2891
Usability 2770
Supportability 1271
Privacy & Security 436
Sync & Compatibility 1542
Others 1295
Performance & Stability 125
Usability 2803
Supportability 235

Privacy & Security 91

Sync & Compatibility 216
Others 526
Satisfied 1661
Unsatisfied 7934

Bug Report 7079

Feature Request 3596

App Satisfaction & Feedback 9595

Table 1: Classification schema with Level 1 and Level 2
categories

overall user sentiment — either positive or negative,
regarding the app experience.

3.2.2 Level 2: Subcategories

Bug Report Subcategories:
Performance & Stability: Reports of lag, crashes, or
performance degradation, especially post-updates.
Supportability: Issues related to help features, doc-
umentation, or customer support.
Sync & Compatibility: Problems with data syn-
chronization, multi-device usage, or cross-platform
compatibility.
Privacy & Security: Concerns about data protec-
tion, unauthorized access, or privacy violations.
Usability: Complaints regarding layout, design
flaws, navigation difficulties, or user interface is-
sues.
Others: Reports that do not fit into the above cate-
gories.
Feature Request Subcategories:
Performance & Stability: Suggestions to improve
responsiveness, efficiency or update handling.
Supportability: Requests for enhanced help tools,
live chat, or troubleshooting aids.
Sync & Compatibility: Suggestions for better data
synching, backup, or platform support.
Privacy & Security: Requests for stronger encryp-
tion, data control or transparency.
Usability: Recommendations for improved inter-
face design, accessibility, or user experience.
Others: Suggestions that fall outside the defined
subcategories.
App Satisfaction & Feedback Subcategories:
Satisfied: Reviews expressing positive sentiment
and satisfaction with the app.
Unsatisfied: Reviews reflecting dissatisfaction,
frustration, or criticism.

A comprehensive breakdown of class labels
across the Level 1 and Level 2 categories is shown
in Table 1. This hierarchical schema generalizes
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Figure 2: Pipeline for fine-grained classification of app reviews.

and extends prior efforts in app review classifi-
cation by offering improved granularity and real-
world applicability.

3.3 Annotation

To construct a high-quality annotated dataset, we
engaged five software engineering professionals
with over five years of experience in mobile app
development. All annotators had prior experience
to app review analysis for bug detection, feature pri-
oritization, and product decision-making, ensuring
familiarity with domain-specific terminology and
user concerns. These professionals were colleagues
within our organization (recruited on a voluntary
basis) who agreed to contribute their expertise as
part of an internal research initiative aimed at ad-
vancing legal Al applications. Participation was
optional, and while no monetary compensation was
provided, each participant was clearly informed
about the task, its purpose, and expected time com-
mitment before agreeing to participate.

Prior to annotation, the annotators were provided
with a comprehensive document detailing the app
review classification schema. To calibrate label
interpretation and ensure consistency, a training
round was conducted using 500 randomly selected
reviews from a pool of initial 10,000 Google Play
Store reviews (from RARE). These reviews were
independently annotated by all five software en-
gineering professionals. Discrepancies, particu-
larly in ambiguous cases, were resolved through
group discussion, resulting in a shared understand-
ing of class definitions and aligned interpretations
for recurring ambiguity patterns (e.g., distinguish-
ing bug reports from feature requests). This pro-
cess focused on aligning annotators’ interpretations
and establishing shared calibration through collec-

tive discussion. For instance, the review “The app
crashes when I try to sync data. Please fix this.”
was initially misclassified by some annotators as a
‘Feature Request: Sync & Compatibility’. Follow-
ing deliberation, it was correctly relabeled as a Bug
Report: Sync & Compatibility, reflecting the user’s
report of a malfunction rather than a request for
new functionality. Similar discussions were used
to align interpretations across comparable cases.

Inter-annotator agreement was quantified using
Fleiss’ Kappa, yielding a score of 0.76, indicative
of substantial agreement and validating both the
schema clarity and annotation reliability. Category-
wise agreement is shown in Appendix B Table 6.
Following the calibration round, the remaining re-
views were annotated independently by individual
annotators. Given that app reviews often exhibit re-
curring linguistic patterns, the shared calibration fa-
cilitated consistent interpretation across the dataset,
and although no further overlap sampling was per-
formed, annotators consistently applied the aligned
interpretations established during these discussions.
Subsequently, these initial 10,000 reviews from
RARE were evenly distributed among the annota-
tors (2,000 reviews each, comprising 200 reviews
per app), ensuring balanced domain coverage. Man-
ual annotation was efficient, with each review re-
quiring approximately 30 seconds to 1 minute for
annotation. On an average, each review received
2 to 3 labels, reflecting the multi-faceted nature
of user feedback. Further dataset statistics and
corresponding distribution plots, including review
length, label co-occurrence patterns, and label car-
dinality are provided in Appendix A (Figure 3, 4,
5)

During post-annotation analysis, we observed
underrepresentation of privacy and security-related
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reviews. To address this, an additional 400 reviews
specifically focusing on these themes were sourced
from (Zhang et al., 2025). These reviews were re-
fined using the methodology described in (Singh
et al., 2024) (see Section 3.1). These additional
400 reviews were evenly distributed among the an-
notators (80 reviews each) and manually annotated
using the same schema. The combined set of man-
ually annotated reviews constitute the final gold
corpus (10,400 reviews). Examples of app reviews
and their annotated hierarchical classes (Level 1
and Level 2) are provided in Appendix B Table 9.

In parallel, the additional 10,000 reviews from
the Apple App store were annotated automatically
using our top-performing fine-tuned LLaMA model
(see section 4), trained (on training split) on the
manually annotated dataset comprising of 10,400
reviews. These reviews form the silver corpus,
enabling scalable annotation while preserving high-
quality label assignments. To assess its scalabil-
ity and reliability, a subset of 1000 reviews from
10,000 silver corpus reviews was independently
evaluated by the same five software professionals
involved in Section 3.3. Their expert assessment
indicated that 90% of silver-standard labels were
consistent with the manually annotated gold- stan-
dard labels, demonstrating reasonable reliability
and suitability for downstream analysis.

The complete annotation pipeline, including
dataset construction, schema development, and
model training, is illustrated in Figure 2.

4 Experiments

We evaluated the classification framework using
the gold standard corpus comprising 10,400 manu-
ally annotated app reviews. The dataset was evenly
split into training and testing subsets (5,200 re-
views each). This split was stratified by app do-
main, with reviews from each of the 11 domains
divided in the same ratio into training and test
sets. This ensured proportional representation of
every domain in both splits. To perform multi-
label sequence classification, we fine-tuned sev-
eral state-of-the-art LLMs, including LLaMA 3.1-
8B, Mistral-7B, Gemma 2-9B, and Qwen 3-8B
and encoder-based transformer model BERT large.
To enhance training efficiency and reduce compu-
tational overhead, we applied LoRA (Low-Rank
Adaptation) and 4-bit quantization, enabling model
fine-tuning on NVIDIA V100 GPU (32 GB) in
approximately 10 hours without significant perfor-

mance degradation. To mitigate class imbalance,
particularly in underrepresented categories such as
privacy-related sublabels, we incorporated custom
label weighting during training. Our implementa-
tion uses a standard inverse-frequency (balanced)
class weighting scheme (i.e. BCE with inverse fre-
quency class weighting), where class weights are
computed from the training data using scikit-learn’s
compute_class_weight (class_weight="balanced").
These class-specific weights are incorporated into
the training loss so that errors on minority classes
contribute more heavily during optimization than
errors on majority classes. Instead of treating all
classes equally, we assigned higher weights to mi-
nority classes and lower weights to majority classes.
This ensured that misclassifications on underrep-
resented categories contributed more significantly
to the overall loss, thereby encouraging the model
to learn balanced decision boundaries. The class-
specific weights were inversely proportional to
their frequencies in the training set,

Ne
Ejec nj’

we=1-— (D
where n. denotes the number of positive labels in
category c and ;- n; represents the total num-
ber of positive labels across all categories. This
weighting strategy was incorporated into the loss
function (binary cross-entropy), ensuring that rare
categories received proportionally higher attention
during optimization.

In addition to fine-tuned models, we incorpo-
rated a prompted LLM baseline by evaluating
LLaMA3.2-3B-Instruct under a zero-shot setting,
with preliminary results presented in Section 5.
All LLMs were initialized from their official Hug-
ging Face checkpoints and fine-tuned for our task
adapted to each model’s architecture to ensure con-
sistent embedding alignment. Given that the ma-
jority of prior work on app review classification
has employed ML models, we included them to
establish robust baselines and facilitate direct com-
parison. To this end, we trained traditional multi-
label classifiers, including Random Forest, Deci-
sion Tree, Logistic Regression, Support Vector Ma-
chine (SVM), and XGBoost, on the same dataset.
For this, the refined review texts were transformed
into dense vector embeddings using pre-trained
sentence transformers before classification. Specif-
ically, we used the sentence transformer model
all-MinilLM-L6-v2 to generate these fixed-length
sentence embeddings, which served as input fea-
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tures for all traditional classifiers. For all models,
multi-label predictions were obtained by applying
a sigmoid activation to the output logits, followed
by a fixed per-label decision threshold of 0.5 to
determine positive label assignments. This value
of 0.5 is selected as threshold because it is the
standard and most commonly adopted setting in
multilabel classification and provided stable perfor-
mance across labels in our preliminary experiments.
Model performance was evaluated using weighted-
average F1 score, precision, and recall, capturing
both overall effectiveness and class-specific ac-
curacy. Here, the weighted-average F1 score is
computed by weighing each label’s F1 by its sup-
port (i.e., the number of true instances of that la-
bel), and is computed separately for Level-1 and
Level-2. While our primary experiments used re-
fined reviews from the RARE dataset to reduce
annotation ambiguity, we also conducted a supple-
mentary evaluation on raw reviews. Using LLaMA
3.1-8B, performance decreased from 0.90 — 0.83
(Level-1 weighted F1) and 0.79 — 0.71 (Level-2
weighted F1), with macro-F1 dropping from 0.87
— 0.80 (Level-1) and 0.64 — 0.57 (Level-2). This
highlights the impact of noisy language, typos,
and slang in real app reviews, and suggests a
practical refine-then-classify pipeline for deploy-
ment. Detailed results are presented in Section 5.
Cross-domain generalization was evaluated using
a domain-held-out setup with LLaMA-3.1-8B, in
which each domain was excluded from training and
used only for testing (see Appendix B Table 7). Ap-
pendix B Table 8 summarizes the model-specific
hyperparameters and training configurations used
in our experiments.

Model Name P R | Weighted-F1 | Macro-F1
LLaMA 3.1-8B-Instruct | 0.92 | 0.88 0.90 0.87
Mistral-7B-Instruct-v0.3 | 0.91 | 0.88 0.89 0.87
Language Gemma-2-9B-it 0.92 | 0.87 0.89 0.86
Models Qwen 3-8B 0.93 | 0.83 0.88 0.85
BERT large 0.79 | 0.74 0.76 0.71
LLaMA 3.2 (Prompting) | 0.82 | 0.76 0.72 0.68
Random Forest 0.90 | 0.62 0.68 0.60
L Decision Tree 0.77 | 0.80 0.79 0.72
raditional |~5yp 088 | 0.78 0.82 0.7
Logistic Regression 0.88 | 0.76 0.81 0.75
XGBoost 0.88 | 0.75 0.80 0.74

Table 2: First Level Classification Performance.

5 Results & Discussion

The experimental results clearly demonstrate that
LLMs substantially outperform traditional ML
models in hierarchical text classification tasks, en-
compassing both first level (broad categories) and

Model Name P R | Weighted-F1 | Macro-F1
LLaMA 3.1-8B-Instruct | 0.81 | 0.78 0.79 0.64
Mistral-7B-Instruct-v0.3 | 0.79 | 0.78 0.78 0.63
Language Gemma-2-9B-it 0.81 | 0.77 0.78 0.64
Models Qwen 3-8B 0.82 | 0.73 0.76 0.58
BERT large 0.50 | 0.85 0.62 0.40
LLaMA 3.2 (Prompting) | 0.82 | 0.74 0.71 0.55
Random Forest 0.72 | 0.48 0.50 0.29
Traditional Decision Tree 0.50 | 0.53 0.51 0.32
ML Models | SVM 0.71 | 0.63 0.66 0.45
Logistic Regression 0.73 | 0.62 0.65 0.43
XGBoost 0.71 | 0.60 0.63 0.43

Table 3: Second Level Classification Performance.

second level (fine-grained subcategories) classifi-
cations. Table 2 and 3 summarize the weighted
average precision, recall, F1 and Macro-F1 scores
for each of the evaluated models.

Among the evaluated LLMs, LLaMA 3.1
achieves the highest performance, with weighted
F1 scores of 0.90 at the first level and 0.79 at sec-
ond level, indicating robust overall accuracy. This
is closely followed by Mistral and Gemma, both
attaining F1 scores of 0.89 (first level) and 0.78
(second level), and Qwen, which scores 0.88 and
0.76, respectively. Notably, Qwen exhibits the high-
est precision at both classification levels (0.93 and
0.82), reflecting its strong ability to minimize false
positives. However, its relatively lower recall sug-
gests a tendency to miss relevant instances com-
pared to its counterparts. Moreover, LLaMA3.2
(Prompting) delivers competitive results (0.72 and
0.71 at the first and second level, respectively).
This suggests that while prompting improves adapt-
ability, the observed gap relative to finetuning likely
stems from differences in both model size, variants
and training setup.

In contrast, traditional models such as SVM
and Logistic Regression perform moderately well
at the first level but exhibit a marked decline in
performance at the second level. This highlights
their limitations in capturing the nuanced, context-
dependent patterns present in informal app reviews.

These findings underscore the superior contex-
tual understanding of LLMs, particularly LLaMA
3.1, in distinguishing complex, multi-intent user
feedback, such as differentiating between bug re-
ports and feature requests within a single review
(e.g., "The app crashes when syncing data, please
add a backup option!"). At Level-2, macro-F1 is
notably lower than weighted F1, reflecting weaker
performance on minority feature-request subcate-
gories such as supportability, performance & sta-
bility, privacy & security, and others. This gap
highlights that fine-grained classification remains
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Levels | Classes LLaMA 3.1 Mistral Gemma2 Qwen3 BERT LLaMA 3.2 (Prompting)
P R F1 P R Fl1 P R F1 P R F1 P R Fl1 P R F1
App Satisfaction & Feedback 0.95(095|095|0.95|095]095|0.95]|097 | 096|096 | 093|094 | 047 | 0.80 | 0.59 | 0.72 | 0.99 0.83
Levell | Bug Report 0.92 | 0.87 | 0.89 | 0.91 | 0.87 | 0.89 | 0.92 | 0.85 | 0.89 | 0.93 | 0.80 | 0.86 | 0.92 | 0.77 | 0.84 | 0.98 | 0.45 0.62
Feature Request 0.85 [ 0.71 | 0.77 | 0.84 | 0.73 | 0.78 | 0.85 | 0.66 | 0.75 | 0.87 | 0.67 | 0.75 | 0.64 | 0.63 | 0.64 | 0.95 | 0.35 051
App Satisfaction & Feedback_Satisfied 0.95 | 0.80 | 0.87 | 0.93 | 0.82 | 0.87 | 0.90 | 0.89 | 0.90 | 0.93 | 0.80 | 0.86 | 0.77 | 0.91 | 0.84 | 0.85 | 0.91 0.88
App Satisfaction & Feedback_Unsatisfied | 0.93 | 0.97 | 0.95 | 0.93 | 0.96 | 0.94 | 0.92 | 0.96 | 0.94 | 0.94 | 0.93 | 0.93 | 0.59 | 0.97 | 0.73 | 0.72 | 0.93 0.80
Bug Report_Supportability 0.89 | 0.77 | 0.83 | 0.90 | 0.80 | 0.85 | 0.90 | 0.79 | 0.84 | 0.91 | 0.75 | 0.82 | 0.13 | 0.75 | 0.22 | 0.96 | 0.33 0.49
Bug Report_Performance & Stability 075 | 0.81 | 078 | 0.78 | 0.82 | 0.80 | 0.76 | 0.84 | 0.80 | 0.82 | 0.77 | 0.79 | 0.29 | 0.91 | 0.44 | 0.99 | 0.47 0.64
Bug Report_Usability 0.69 | 0.68 | 0.69 | 0.67 | 0.67 | 0.67 | 0.72 | 0.64 | 0.68 | 0.72 | 0.57 | 0.64 | 0.34 | 0.49 | 0.40 | 1.00 | 0.38 0.55
Bug Report_Privacy & Security 0.77 | 0.96 | 0.85 | 0.75 | 0.93 | 0.83 | 0.78 | 0.95 | 0.86 | 0.79 | 0.90 | 0.84 | 0.39 | 0.99 | 0.56 | 1.00 | 0.27 043
Level2 Bug Report_Sync & Compatibility 0.76 | 0.67 | 0.71 | 0.72 | 0.69 | 0.71 | 0.71 | 0.68 | 0.70 | 0.75 | 0.65 | 0.69 | 0.44 | 0.72 | 0.54 | 1.00 | 0.42 0.59
Bug Report_Others 0451024 | 032|043 ]033|037|052|023]|031|044|0.14|0.22 | 0.15 | 0.11 | 0.13 | 1.00 | 0.26 0.41
Feature Request_Supportability 0.36 | 0.04 | 0.06 | 0.50 | 0.03 | 0.05 | 0.69 | 0.08 | 0.14 | 1.00 | 0.04 | 0.08 | 0.00 | 0.00 | 0.00 | 1.00 | 0.25 0.40
Feature Request_Performance & Stability | 0.55 | 0.11 | 0.19 | 0.35 | 0.11 | 0.17 | 0.43 | 0.17 | 0.24 | 0.33 | 0.04 { 0.07 | 0.00 | 0.00 | 0.00 | 0.50 | 0.17 0.26
Feature Request_Usability 0.78 | 0.76 | 0.77 | 0.77 | 0.80 | 0.78 | 0.80 | 0.72 | 0.76 | 0.79 | 0.75 | 0.77 | 0.24 | 0.83 | 0.37 | 1.00 | 0.24 0.39
Feature Request_Privacy & Security 0.44 1 032 | 0.37 | 0.38 | 0.40 | 0.39 | 0.33 | 0.28 | 0.30 | 0.20 | 0.04 | 0.07 | 0.17 | 0.33 | 0.22 | 0.50 | 0.14 0.22
Feature Request_Sync & Compatibility 0.59 | 0.41 | 0.48 | 0.64 | 0.24 | 0.35 | 0.58 | 0.30 | 0.40 | 0.67 | 0.14 | 0.23 | 0.00 | 0.00 | 0.00 | 1.00 | 0.31 0.48
Feature Request_Others 0.53 1 026 | 0.35 | 043 | 0.24 | 0.31 | 0.53 | 0.25 | 0.34 | 0.60 | 0.22 | 0.32 | 0.00 | 0.00 | 0.00 | 1.00 | 0.34 0.51
Table 4: Detailed Class-wise Performance of Language Models at Level 1 and Level 2
Levels | Classes Random Forest Decision Tree Logistic Regression SVM XGBoost
P R| FI P R| F1 P R F1 P R| FI P R| FI
App Satisfaction & Feedback 092|097 | 094 092|092 092|093 |096 | 095|093 |0.98 | 095|093 |0.95 | 094
Levell | Bug Report 0.94 1 0.30 | 046 | 0.72 | 0.81 | 0.76 | 0.88 | 0.62 | 0.73 | 0.89 | 0.63 | 0.74 | 0.88 | 0.62 | 0.73
Feature Request 0.78 | 0.29 | 0.42 | 047 | 0.50 | 0.48 | 0.77 | 0.49 | 0.60 | 0.77 | 0.53 | 0.63 | 0.76 | 0.46 | 0.57
App Satisfaction & Feedback_Satisfied 0.88 | 0.27 | 0.41 | 0.43 | 0.44 | 0.44 | 0.83 | 0.64 | 0.72 | 0.83 | 0.63 | 0.72 | 0.79 | 0.59 | 0.68
App Satisfaction & Feedback_Unsatisfied | 0.80 | 0.98 | 0.88 | 0.81 | 0.81 | 0.81 | 0.87 | 0.96 | 0.91 | 0.86 | 0.97 | 0.91 | 0.86 | 0.95 | 0.90
Bug Report_Supportability 0.80 | 0.25 | 038 | 0.39 | 0.39 | 0.39 | 0.74 | 0.54 | 0.63 | 0.76 | 0.56 | 0.65 | 0.77 | 0.53 | 0.62
Bug Report_Performance & Stability 0.81 | 0.47 | 0.60 | 0.43 | 0.58 | 0.49 | 0.74 | 0.63 | 0.68 | 0.78 | 0.64 | 0.70 | 0.74 | 0.62 | 0.67
Bug Report_Usability 0.73 1 0.05 | 0.09 | 0.30 | 0.37 | 0.33 | 0.60 | 0.34 | 043 | 0.63 | 0.34 | 0.44 | 0.59 | 0.32 | 0.41
Bug Report_Privacy & Security 0.97 | 0.35 | 0.51 | 0.31 | 0.53 ] 039 |0.89 | 091 | 090 | 0.89 | 095|092 | 0.85| 0.88 | 0.86
Level2 Bug Report_Sync & Compatibility 0.94 | 0.04 | 0.08 | 0.30 | 0.32 | 0.31 | 0.76 | 0.38 | 0.51 | 0.81 | 0.38 | 0.52 | 0.69 | 0.35 | 0.47
Bug Report_Others 0.00 | 0.00 | 0.00 | 0.13 | 0.18 | 0.15 | 0.29 | 0.00 | 0.01 | 0.00 | 0.00 | 0.00 | 0.35 | 0.03 | 0.05
Feature Request_Supportability 0.00 | 0.00 | 0.00 | 0.04 | 0.04 | 0.04 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
Feature Request_Performance & Stability | 0.00 | 0.00 | 0.00 | 0.01 | 0.02 | 0.02 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00
Feature Request_Usability 0.74 1 0.35 | 048 | 0.43 | 0.47 | 045 | 0.70 | 0.58 | 0.63 | 0.71 | 0.63 | 0.67 | 0.70 | 0.54 | 0.61
Feature Request_Privacy & Security 0.00 | 0.00 | 0.00 | 0.02 | 0.08 | 0.04 | 1.00 | 0.04 | 0.08 | 1.00 | 0.04 | 0.08 | 0.20 | 0.04 | 0.07
Feature Request_Sync & Compatibility 0.00 | 0.00 | 0.00 | 0.08 | 0.07 | 0.08 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.33 | 0.01 | 0.02
Feature Request_Others 0.00 | 0.00 | 0.00 | 0.05 | 0.05 | 0.05 | 1.00 | 0.00 | 0.01 | 0.00 | 0.00 | 0.00 | 0.33 | 0.00 | 0.01

Table 5: Detailed Class-wise Performance of Traditional Machine Learning Models at Level 1 and Level 2

more challenging for rare labels. Tables 4 and 5
provide a detailed comparison of the class-wise
performance of language models (LMs) and tra-
ditional machine learning (ML) models at both
Level 1 and Level 2 categories. While weighted
F1 reflects overall performance, it is dominated
by frequent labels. Therefore, we report macro-F1
and per-label scores, which show that rare Level-2
categories remain harder to classify.

6 Error Analysis

Although our quantitative evaluation showed strong
performance across hierarchical levels, a deeper
qualitative analysis revealed several failure patterns.
We conducted this analysis on a curated subset of
misclassified reviews, comparing LL.Ms and tra-
ditional ML models. This analysis highlighted
the inherent challenges of fine-grained, multi-label
classification in informal app reviews.

A major source of error was overlapping seman-
tics, where common words like "issue", "problem",
or "update" appeared in multiple contexts such as
bug, dissatisfaction, usability, and feature related re-

views. For example, reviews mentioning "progress
becomes difficult after a year" were often misclas-
sified as performance related bugs instead of us-
ability issues. Similarly, monetization-related com-
plaints like "ads are annoying if you don’t pay for
Premium" frequently misclassified as bug report
instead of dissatisfaction or feature requests.

Another frequent challenge was multi-intent
phrasing, where a single review expressed mul-
tiple concerns such as usability, feature requests,
etc. within one statement. Instruction-tuned LLMs
like LLaMA 3.1, Gemma 2, etc. handled these
cases better than ML baselines but still produced
errors when intent cues were unevenly distributed.
Models using prompting often missed fine-grained
subcategories. They usually predicted the main
category correctly but failed to include specific sub-
categories like Performance & Stability. We also
found cases where the model focused too much on
the tone of the review instead of the actual problem
described. For example, a review that sounded pos-
itive but mentioned a serious bug was sometimes
classified as "Satisfied". In addition, there were
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errors where related subcategories were confused,
such as predicting Sync & Compatibility instead
of Usability. We performed this analysis with ex-
pert annotators, and it confirmed that overlapping
semantics, multi-intent phrasing, and subcategory
ambiguity accounted for most errors across both
LLMs and ML models. Performance is strongest at
Level-1 and frequent subcategories, while minority
feature-request labels remain less robust.

7 Conclusion and Future Work

In this study, we propose a two-level hierarchical
taxonomy for fine-grained app review classifica-
tion, enabling developers to distinguish between
high-level user intents (e.g. bug reports, feature
requests) and specific content themes (e.g., per-
formance, usability, privacy). Our experimental
results demonstrate that LLaMA 3.1 outperforms
traditional models and other LLMs, particularly in
achieving a balanced trade-off between precision
and recall across nuanced subcategories.

To support reproducibility and future research,
the two annotated datasets comprising a gold-
standard set of 10,400 manually labeled reviews
and a silver-standard set of 10,000 automatically
labeled reviews, are included in the supplementary
material. These resources form a strong foundation
for automated app review analysis.

Future work will explore three key directions.
First, we will build on the zero-shot prompting
results reported in this study by exploring diverse
prompt engineering strategies and additional LLMs.
Second, we plan to integrate our framework into
software development pipelines to enable real-time
feedback triage and task routing (e.g., directing us-
ability issues to UI/UX teams). Third, we aim to
extend the framework to support multilingual app
reviews, broadening its applicability across diverse
user groups. We also plan to explore explainable Al
methods to improve model transparency and foster
trust in automated classification systems. In ad-
dition, we will investigate label-specific threshold
tuning and validation-based calibration to improve
minority-class performance.

8 Limitations

As with any empirical research, our work has prac-
tical limitations: (1) The classification schema
was developed using data from ten app domains,
which may not adequately represent niche cate-
gories such as enterprise software or finance. This

limitation raises concerns about the schema’s adapt-
ability across diverse application areas; we will
expand the taxonomy in future work to include
additional domains. (2) While we achieved a sub-
stantial inter-annotator agreement, the absence of
post-calibration overlap sampling limits our abil-
ity to empirically assess annotation drift in the
long-tail. Although annotators followed shared
guidelines and benefited from recurring linguis-
tic patterns in app reviews, subtle inconsistencies
particularly for low-frequency or long-tail labels
cannot be fully ruled out. Ambiguous cases, partic-
ularly in distinguishing between usability related
bugs reports and feature requests, may lead to in-
consistencies in the classification process. (3) We
opted not to utilize advanced models like GPT-4
as the current token-based pricing model for GPT-
4 Turbo is prohibitively expensive for large-scale
experiments, rendering it unfeasible. However, we
plan to explore similar open-source models that are
comparable to GPT-4 in the future. (4) App reviews
often contain informal language, slang, and typo
errors, which complicate interpretation. While we
are using a refined dataset, some reviews may still
be difficult to understand, and the overall quality
of the refined reviews remains uncertain. We will
continue to improve our dataset to address these
challenges.
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A Dataset Statistics

In Appendix A, we display the distribution of re-
view lengths for the gold and silver corpora in Fig-
ure 3, ensuring clarity and conciseness while pre-
serving the key information.

Following this, we present the label co-
occurrence heatmap for the gold-standard cor-
pus in Figure 4. From Figure 4, it can be ob-
served that darker regions indicate frequent label
co-occurrences, such as App Satisfaction & Feed-
back_Unsatisfied with Bug Report subcategories,
highlighting the multi-faceted nature of user feed-
back where dissatisfaction often accompanies spe-
cific technical complaints.

Finally, we show the label cardinality distribu-
tion for both corpora in Figure 5. From Figure 5, it
is clear that approximately 60% of gold-standard
reviews receive 1-2 labels, while 30% have 3 la-
bels, demonstrating the prevalence of multi-label
cases and validating the need for a multi-label clas-
sification framework.

B Hyperparameters and Examples

In Appendix B, we report the results of the
cross-domain generalization evaluation. Specif-
ically, we assess the robustness of the proposed
framework by performing a domain-held-out evalu-
ation, where reviews from one application domain
are excluded during training and used exclusively
for testing, while the model is trained on the remain-
ing domains. All experiments are conducted using
our best-performing model, LLaMA-3.1-8B. The
performance of the domain-held-out experiments is
summarized in Table 7, which reports weighted-F1
scores at both Level-1 and Level-2 of the taxon-
omy. From Table 7, it can be observed that Level-1
weighted-F1 scores remain consistently high across
all eleven held-out domains (ranging from 0.85 to
0.93), while Level-2 scores remain stable (ranging
from 0.73 to 0.82) despite the increased granular-
ity of the classification. This suggests that perfor-
mance degradation under domain shift is modest,
indicating that the model captures generalizable
semantic patterns in app reviews rather than rely-
ing on domain-specific cues. Additionally, Table 9
illustrates representative examples of app reviews
from the dataset together with their correspond-
ing classifications. Next, the specifications of hy-
perparameters and configurations for LLMs are
given in Table 8. Finally, detailed category-wise
inter-annotator agreement statistics are reported in

6.

Level 1 Class Level 2 Class Agreement
Performance & Stability | 0.82
Supportability 0.76
Sync & Compatibility 0.71

Bug Report (0.75) Privacy & Security 0.73
Usability 0.77
Others 0.68
Performance & Stability | 0.73
Supportability 0.70

Feature Request Sync & Compatibility 0.72

(0.70) Privacy & Security 0.69
Usability 0.68
Others 0.67

App Satisfaction | Satisfied 0.82

& Feedback (0.84)| Unsatisfied 0.85

Overall Agreement: 0.76

Table 6: Classwise Fleiss’ Kappa Agreement by Level 1
and Level 2 Classes

Held-out Domain | Level-1 Weighted-F1 | Level-2 Weighted-F1
YouTube 0.92 0.81
WhatsApp 0.89 0.74
Uber 0.88 0.75
Twitter 0.92 0.78
Spotify 0.90 0.80
Privacy Reviews 0.87 0.76
Netflix 0.89 0.77
Google Fit 0.90 0.74
Duolingo 0.90 0.74
Candy Crush Saga 0.85 0.73
Amazon Shopping 0.93 0.82

Table 7: Cross-domain generalization results using
LLaMA-3.1-8B under a domain-held-out evaluation set-
ting.
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Model

Hyperparameters

LLaMA 3.1

per_device_train_batch_size=4

num_train_epochs=10

learning_rate=1e-5

weight_decay=0.01

save_steps=345

logging_steps=345

Mistral

per_device_train_batch_size=4

num_train_epochs=12

learning_rate=3e-4

weight_decay=0.01

save_steps=500

logging_steps=500

Gemma

num_train_epochs=10

per_device_train_batch_size=4

gradient_accumulation_steps=1

logging_steps=345

save_steps=345

learning_rate=1e-4

weight_decay=0.01

Qwen

per_device_train_batch_size=4

num_train_epochs=10

learning_rate=5e-5

weight_decay=0.01

save_steps=500

logging_steps=500

Bert

TRAIN_BATCH_SIZE = 16

TEST_BATCH_SIZE =16

EPOCHS = 65

LEARNING_RATE = le-5

THRESHOLD = 0.5

Random Forest

N_estimators=100

Criterion="gini’

Bootstrap=True

Random_state=42

Decision Tree

Criterion="gini’

Random_state=42

SVM

Kernel="rbf’

C=1

Gamma="scale’

Random_state=42

Logistic Regression

Penalty="12’

Solver="lbfgs’

Max_iter=1000

Random_state=42

XGBoost

Booster="gbtree’

Learning_rate=0.3

Max_depth=6

Random_state=42

Table 8: Hyperparameter Configurations of Fine-tuned

LLMs and Traditional Models

5179



Review

Classification

Generally satisfied with Amazon’s service, I primarily shop
on their website instead of using the app. However, upon
trying the Android app, I noticed its slowness and need
for optimization. Although the user interface is organized,
navigating between tabs and options feels sluggish. Compar-
atively, the website is faster and more responsive. Hoping
for improved app performance from Amazon.

App Satisfaction & Feedback: [Satis-
fied], Bug Report: [Performance & Sta-
bility], Feature Request: [Performance
& Stability]

Struggling to get it functioning properly. The step count
fails to initiate upon movement, causing frustration. The
setup process is cumbersome. Upon reviewing the workout,
no steps have been recorded. Disappointing experience,
another subpar app.

App Satisfaction & Feedback: [Unsat-
isfied], Bug Report: [Usability, Perfor-
mance & Stability]

Picture-in-picture isn’t functioning properly. When you exit
the app, the video stops, and there’s no pop-up window on
the home screen for Netflix with the video I was watching.
This is unlike my experience with Disney+, Amazon Prime,
Hulu, and HBO Max, where a pop-up window appears when
I hit the home button. I attempted to reach out to Netflix
about this issue, but the response I received via email was
to call customer service as if they either developed the app
or handle bug fixes.

App Satisfaction & Feedback: [Unsatis-
fied], Bug Report: [Usability, Supporta-
bility], Feature Request: [Usability]

Recently, the app has been experiencing glitches. Over the
past few months, my music randomly stops, and the app
crashes, clearing the queue. Additionally, the queue limit is
frustrating, lacking a "play next" option similar to Google
Play Music. Song radio often displays songs already in my
library, deviating from the intended purpose of discovering
new, similar music. The feature rarely introduces songs not
already in my collection.

App Satisfaction & Feedback: [Unsat-
isfied], Bug Report: [Performance &
Stability, Others], Feature Request: [Us-
ability]

The Spaces feature frequently crashes or distorts speak-
ers, requiring them to rejoin, particularly in regular users’
Spaces, not affecting those deemed important. Seeking help
seems futile; the help page appears ornamental. Notifica-
tions arrive extremely late, sometimes after 18 hours or
days, despite settings. Space hosts shouldn’t block listeners;
it’s unfair. If disliked, they can prevent you from speaking.

App Satisfaction & Feedback: [Unsat-
isfied], Bug Report: [Performance &
Stability, Supportability], Feature Re-
quest: [Usability]

Table 9: Examples of App Reviews with Assigned Classifications (Level 1 and Level 2)
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