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1. Introduction

ABSTRACT

Purpose: This study compares the performance of conventional machine
learning algorithms for multiclass emotion prediction in reviews of Large
Language Model (LLM)-powered applications using a unified TF-IDF
representation.

Research Method: User reviews were collected from the Google Play Store
for eight popular LLM applications through web scraping. After text
preprocessing, reviews were labeled into five emotion categories (Happy,
Sadness, Anger, Fear, and Surprise). Ten machine learning algorithms,
namely Perceptron, KNN, Naive Bayes, Logistic Regression, MLP, SVM
(Linear and RBF), Random Forest, XGBoost, and LightGBM, were evaluated
using Accuracy, Balanced Accuracy, Precision, F1-score, MCC, and ROC-AUC.
Results and Discussion: XGBoost achieved the best performance, with
87.30% Accuracy, 77.84% Balanced Accuracy, 64.28% F1-score, and 0.5626
MCC. ROC-AUC values between 0.91 and 0.96 demonstrate excellent
discrimination across all emotion classes. The superior performance of
XGBoost indicates that gradient boosting effectively captures informative
patterns from sparse TF-IDF features.

Implications: The findings provide practical guidance for selecting efficient
machine learning models for emotion analysis of LLM application reviews
and support Al application improvement through user emotion
understanding.

Originality: This study presents a comprehensive benchmark of ten
conventional machine learning algorithms using a large-scale multi-
application LLM review dataset and a unified five-emotion classification
framework.

Keywords: Emotion prediction; Large language models; Machine learning;
Text classification; TF-IDF.

The rapid advancement of Artificial Intelligence (Al), particularly Large Language Models (LLMs), has

fundamentally transformed human-computer interaction by enabling users to perform a wide range of

cognitive tasks, including information retrieval, content generation, programming assistance, language

translation, and decision support. Consequently, LLM-powered applications such as ChatGPT (Wu et al.,
2023), Gemini (Saeidnia, 2023), Claude (Liu et al., 2026), DeepSeek (Zhang et al., 2025), Grok (Adinath &
IS, 2025), Microsoft Copilot (Stratton, 2024), Kimi (Gibney, 2025), and Qwen (Ahmed et al., 2025) have
experienced substantial growth in global adoption. As their popularity continues to increase, digital
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application platforms such as the Google Play Store have accumulated millions of user reviews reflecting
users' experiences, perceptions, and emotional responses toward application quality, usability, response
accuracy, reliability, and overall user satisfaction. These reviews provide an important source of user-
generated content for evaluating Al-powered services.

Previous studies have predominantly analyzed user reviews using sentiment analysis, which
classifies opinions into positive, negative, or neutral categories (Cui et al., 2023; Mantyla et al., 2018;
Naseem et al., 2021; Nanli et al, 2012; Yue et al., 2019). Although sentiment analysis effectively
summarizes general opinion polarity, it cannot adequately capture the diversity and intensity of users'
emotional experiences. Emotion prediction offers a more fine-grained perspective by identifying
discrete emotional states such as happiness, sadness, anger, fear, and surprise, thereby providing deeper
insights into users' affective reactions toward Al systems (Chatterjee et al., 2019; Deng & Ren, 2021).
Such information enables developers to better understand the underlying causes of user satisfaction
and dissatisfaction, facilitating more effective improvements in Al application quality and user
experience (Fu et al., 2013; Zhai et al., 2022).

Recent advances in text-based emotion recognition have led to the adoption of numerous
machine learning algorithms, including Naive Bayes, K-Nearest Neighbors (KNN), Logistic Regression,
Support Vector Machine (SVM), Random Forest, XGBoost, and LightGBM (Acheampong et al., 2020; Al
Maruf et al., 2024; Ali et al., 2023; Berrar, 2018; Deng & Ren, 2021; Jakkula, 2006; Ke et al., 2017; Liu et
al, 2012; Nusinovici et al,, 2020; Zhang, 2016). These algorithms represent different learning paradigms,
including probabilistic, linear, distance-based, ensemble, boosting, and neural network approaches.
Their predictive capabilities vary substantially because of differences in model assumptions, decision
boundaries, and their ability to learn from high-dimensional sparse textual features. In particular, TF-IDF
remains one of the most widely adopted feature extraction techniques because it produces
computationally efficient sparse vector representations while preserving discriminative lexical
information for conventional machine learning algorithms (Al-Obaydy et al., 2022; Chen et al,, 2021;
Christian et al., 2016). Consequently, the interaction between TF-IDF representations and different
classification algorithms warrants systematic investigation.

Despite the growing body of research on sentiment analysis and emotion recognition (Alam et
al, 2025; Sharma et al., 2025; Tan et al., 2023), existing studies generally focus on sentiment polarity or
evaluate only a limited number of classification algorithms (Vinodhini & Chandrasekaran, 2016).
Furthermore, user reviews of LLM-powered applications exhibit linguistic characteristics that differ from
those of conventional mobile applications because users frequently evaluate reasoning capability,
contextual understanding, factual accuracy, privacy, safety, and response reliability. These distinctive
characteristics may influence the effectiveness of different machine learning algorithms, yet
comprehensive benchmarking studies within this emerging application domain remain scarce.
Therefore, a systematic comparison is required to identify the most suitable conventional machine
learning model for multiclass emotion prediction in LLM-powered application reviews.

To address this gap, this study collected user reviews from eight popular LLM-powered
applications through Google Play Store web scraping (Chen et al,, 2021; Latif et al., 2019). After text
preprocessing, reviews were represented using TF-IDF and classified into five emotion categories:
Happy, Sadness, Anger, Fear, and Surprise. The resulting feature vectors were used to evaluate ten
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machine learning algorithms, namely Perceptron, KNN, Naive Bayes, Logistic Regression, Multi-Layer
Perceptron (MLP), SVM with Linear and RBF kernels, Random Forest, XGBoost, and LightGBM. Model
performance was assessed using Accuracy, Balanced Accuracy, Sensitivity, Specificity, Precision, F1-
score, Matthews Correlation Coefficient (MCC), and ROC-AUC to provide a comprehensive evaluation
of classification performance.

The contributions of this study are threefold. First, it constructs a large-scale dataset of user
reviews collected from multiple LLM-powered applications available on the Google Play Store. Second,
it develops a unified multiclass emotion prediction framework based on five discrete emotion categories
using a consistent TF-IDF feature representation. Third, it provides a comprehensive benchmark of ten
conventional machine learning algorithms using standardized evaluation metrics, thereby offering
practical guidance for selecting computationally efficient emotion classification models and establishing
a benchmark for future studies on emotion analysis in LLM-powered applications.

The remainder of this paper is organized as follows. Section 2 provides literature review. Section
3 presents research method. Section 4 presents discussion. Section 5 wrap up the paper.

2. Literature Review and Hypothesis Development
2.1 Emotion Prediction in User-Generated Reviews

User-generated reviews have become one of the most valuable sources of information for
understanding users' experiences, perceptions, and behavioral intentions toward digital products and
services. The rapid growth of online platforms has enabled users to express their opinions through
textual reviews, providing organizations with abundant unstructured data that can be utilized to
evaluate product quality, identify user concerns, and support decision-making processes (Fu et al,, 2013;
Zhai et al,, 2022). Consequently, analyzing user-generated reviews has become an important research
topic in natural language processing (NLP), text mining, and artificial intelligence.

Most previous studies have focused on sentiment analysis, which categorizes textual opinions
into positive, negative, or neutral polarity (Cui et al., 2023; Méantyla et al., 2018; Tan et al., 2023). Although
sentiment analysis is effective for identifying general opinion trends, it provides only coarse-grained
information regarding users' affective responses. Human emotions are inherently multidimensional, and
reviews expressing the same sentiment polarity may represent substantially different emotional states.
For example, two negative reviews may reflect disappointment, frustration, or anxiety, each implying
different underlying user concerns and requiring different improvement strategies. Therefore, sentiment
polarity alone is often insufficient for understanding the complexity of user experiences.

To address this limitation, recent studies have increasingly adopted emotion prediction, which
aims to identify discrete emotional categories expressed in textual data, such as happiness, sadness,
anger, fear, and surprise (Acheampong et al.,, 2020; Al Maruf et al., 2024; Chatterjee et al,, 2019; Deng &
Ren, 2021). Compared with sentiment analysis, emotion prediction provides a more fine-grained
representation of users' psychological responses because it captures both the type and intensity of
emotional expressions. This richer emotional information enables researchers and practitioners to better
understand the motivations underlying user satisfaction, dissatisfaction, trust, anxiety, and engagement,
thereby facilitating more targeted service improvements and user-centered system development.

The importance of emotion prediction becomes even more pronounced in the context of Large
Language Model (LLM)-powered applications. Unlike conventional mobile applications, users of LLM
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systems evaluate not only interface usability and system performance but also the quality of generated
responses, reasoning capability, contextual understanding, factual accuracy, privacy protection, safety,
and reliability. These unique interaction characteristics often evoke complex emotional responses that
cannot be adequately represented using simple positive-negative sentiment classification.
Consequently, multiclass emotion prediction provides a more appropriate analytical framework for
understanding users' affective experiences when interacting with generative Al systems.

Despite the increasing attention devoted to emotion recognition, empirical studies
investigating emotion prediction specifically in reviews of LLM-powered applications remain limited.
Existing research has predominantly examined sentiment analysis or focused on general social media
and product review datasets, leaving the rapidly growing domain of LLM application reviews largely
unexplored. This gap highlights the need for systematic research that investigates emotion prediction
models capable of accurately identifying diverse emotional responses within user reviews of modern
Al-powered applications.

2.2 Machine Learning for Text-based Emotion Classification

Machine learning has become one of the most widely adopted approaches for text-based emotion
classification because of its ability to automatically learn discriminative patterns from textual data. Unlike
rule-based methods, machine learning algorithms can model complex relationships between textual
features and emotion categories, making them suitable for large-scale text mining applications
(Acheampong et al,, 2020; Deng & Ren, 2021). However, their predictive performance depends not only
on the quality of feature representation but also on the underlying learning mechanism of each
algorithm. Since textual features generated by methods such as Term Frequency-Inverse Document
Frequency (TF-IDF) are typically high-dimensional and sparse, different machine learning paradigms
exhibit different strengths and limitations when processing such representations.

Probabilistic classifiers, particularly Naive Bayes, estimate the probability of each class based on
Bayes' theorem while assuming conditional independence among input features (Berrar, 2018). This
assumption enables efficient computation and fast model training but often oversimplifies the
relationships among textual features. Consequently, Naive Bayes may experience performance
degradation when important emotional expressions depend on interactions among multiple words
rather than independent term occurrences.

Linear classifiers, including Logistic Regression and Support Vector Machine (SVM), have
consistently demonstrated strong performance in text classification tasks because they are well suited
for sparse and high-dimensional feature spaces (Jakkula, 2006; Nusinovici et al., 2020). These algorithms
construct linear decision boundaries that maximize class separability while reducing the risk of
overfitting. Their computational efficiency and robustness make them widely adopted baselines for
document classification using TF-IDF representations.

Distance-based methods such as K-Nearest Neighbors (KNN) classify documents according to
the similarity between feature vectors (Zhang, 2016). Although KNN is conceptually simple and requires
minimal model assumptions, its effectiveness often decreases in high-dimensional text spaces due to
the curse of dimensionality, where distance measurements become less discriminative. Consequently,
KNN generally performs less effectively than linear classifiers on sparse textual datasets.

Neural network models, such as the Multi-Layer Perceptron (MLP), are capable of learning
nonlinear relationships among textual features through multiple hidden layers (Chatterjee et al,, 2019).
While MLP offers greater representational flexibility than linear models, its performance depends heavily
on the availability of sufficient training data and appropriate hyperparameter configuration. Without
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adequate optimization, neural networks may not fully exploit sparse lexical representations generated
by TF-IDF.

Ensemble learning methods improve predictive performance by combining multiple decision
trees. Random Forest employs a bagging strategy that constructs independent decision trees using
bootstrap sampling and feature randomness, thereby reducing model variance and improving
generalization (Liu et al., 2012). In contrast, gradient boosting algorithms, including XGBoost and
LightGBM, sequentially construct decision trees in which each new tree focuses on correcting the
prediction errors made by previous trees (Ali et al., 2023; Bentéjac et al,, 2019; Ke et al,, 2017). This
iterative learning process enables boosting algorithms to capture complex nonlinear feature
interactions and improve classification accuracy, particularly in high-dimensional datasets containing
sparse yet informative lexical features.

Given these fundamental differences in learning mechanisms, machine learning algorithms are
expected to exhibit different predictive capabilities when applied to TF-IDF-based emotion classification.
Therefore, a comprehensive comparison across probabilistic, linear, distance-based, neural network,
bagging, and boosting approaches is essential to identify the most appropriate classifier for multiclass
emotion prediction in reviews of LLM-powered applications.

2.3 TF-IDF Representation for Sparse Text Classification

Feature representation plays a fundamental role in text classification because the predictive
performance of machine learning algorithms largely depends on how textual information is transformed
into numerical features. Since machine learning models cannot directly process unstructured textual
data, an effective feature extraction technique is required to preserve discriminative information while
maintaining computational efficiency. Among various text representation methods, Term Frequency—
Inverse Document Frequency (TF-IDF) remains one of the most widely adopted approaches because of
its simplicity, interpretability, and competitive performance in document classification tasks (Al-Obaydy
et al., 2022; Christian et al., 2016).

TF-IDF assigns a numerical weight to each term according to its frequency within a document
and its rarity across the entire corpus. Terms that frequently appear in a particular document but rarely
occur in other documents receive higher weights because they provide greater discriminative power,
whereas common words appearing in most documents receive lower weights (Christian et al., 2016).
Consequently, TF-IDF emphasizes informative lexical features while reducing the influence of less
meaningful terms, producing a document-term matrix that effectively represents textual content for
supervised learning algorithms.

Despite its effectiveness, TF-IDF generates high-dimensional and sparse feature
representations, in which each document contains only a small proportion of the vocabulary. This
sparsity has important implications for classifier performance because different machine learning
algorithms exploit sparse representations in different ways. Linear models such as Logistic Regression
and Support Vector Machine are generally well suited to sparse feature spaces because they estimate
decision boundaries directly from informative weighted features. Probabilistic methods such as Naive
Bayes benefit from computational efficiency but may be constrained by their conditional independence
assumption. In contrast, ensemble boosting methods such as XGBoost and LightGBM are capable of
identifying complex nonlinear interactions among informative features by sequentially correcting
classification errors, making them particularly effective when discriminative terms are unevenly
distributed across documents (Ali et al., 2023; Bentéjac et al,, 2019; Ke et al., 2017).
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Although recent transformer-based language models provide contextual semantic
embeddings, TF-IDF continues to offer several practical advantages for conventional machine learning
research. It requires substantially lower computational resources, provides highly interpretable feature
weights, and enables fair comparisons across different classification algorithms because all models are
trained using an identical feature representation (Chen et al., 2021). For benchmarking studies involving
multiple conventional classifiers, TF-IDF therefore remains an appropriate and widely accepted baseline
for evaluating algorithmic behavior under consistent experimental conditions.

Given these characteristics, this study employs TF-IDF as a unified feature extraction method to
ensure that differences in predictive performance primarily reflect the learning mechanisms of the
evaluated machine learning algorithms rather than differences in feature representation. This approach
enables a systematic and objective comparison of classification performance for multiclass emotion
prediction in reviews of LLM-powered applications.

3. Research Method

3.1. Research Framework
This study uses a text mining approach to predict emotions in user reviews of a Large Language Model
(LLM)-based Al Chat application. The research stages consist of data collection, text preprocessing,
feature extraction using TF-IDF, machine learning model training, and model performance evaluation.
The research flow is shown in Figure 1.

Google

Reviews

Google Play Store
Reviews

——

Data Text
Collections Preprocessing

1. Drop missing values.
ChatGPT, 2. Remove numbers from string terms
Google Gemini, Claude, 3. Change strings to lowercase
DeepSeek, Grok, 4. Remove punctuations
Play Microsoft 5. Remove repeated characters (duplicate)
Scraper Copilot, Kimi, 6. Remove emojis
dan Qwen 7. Filtering (Stopword Removal)
8. Stemming (WordNetLemmatizer)

.

TF-IDF Feature
Extraction Technique

-

Machine Emotion Performance

Learning

L Prediction Evaluation
Classification

Figure 1. Research Framework

3.1.1. Data Collection

In this study, the dataset was obtained through a web scraping process using the Google Play Scraper
library called google-play-scraper [36] in the Python programming language. Data was taken from user
reviews of LLM-based applications available on the Google Play Store, such as ChatGPT, Gemini, Claude,
DeepSeek, Grok, Microsoft Copilot, Kimi and Qwen. The information collected includes: reviewld,
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content, score, thumbsUpCount, reviewCreatedVersion, at, replyContent, repliedAt and appVersion. Data
retrieval was carried out automatically using language parameters (English), country (United States),
number of reviews according to research needs, and certain rating categories if necessary. Table 1 shows
the distribution of the dataset used in this study. The dataset consists of 32563 user reviews collected
from eight LLM-based Al Chat applications available on the Google Play Store, namely ChatGPT, Claude,
Microsoft Copilot, DeepSeek, Gemini, Grok, Kimi, and Qwen. Most of the review data from each
downloaded application has 5000 reviews, while Kimi and Qwen have a smaller number of reviews due
to the limited data available at the time of the web scraping process.

Table 1.

Summary of the Collected Review Dataset Across LLM Applications

Application Original Reviews | After Pre-Processing | Coverage (%)
ChatGPT 5,000 Reviews 2,413 48.26
Claude 5,000 Reviews 2,123 42.46
Microsoft Copilot 5,000 Reviews 2,365 473
DeepSeek 5,000 Reviews 1,935 38.7
Gemini 5,000 Reviews 2,754 55.08
Grok 5,000 Reviews 2,048 40.96
Kimi 2,207 Reviews 693 314
QWen 356 Reviews 31 8.71

After text preprocessing, each review was classified into five emotion categories: Happy, Sadness, Anger,
Fear, and Surprise using a keyword-based emotion labeling approach. The keyword list was compiled
based on common emotional expressions used in English-language reviews. Each review was examined
for the presence of words or phrases representing one of the emotion categories.

If a review contained a matching keyword, it was assigned to the corresponding emotion
category. The labeling process showed that the Surprise category had the largest number of reviews,
with 3,996 unique reviews (27.82%), followed by Happy with 3,591 reviews (25.01%), and Sadness with
3,200 reviews (22.28%). Meanwhile, the Anger category consisted of 2,274 reviews (15.83%), while the
Fear category had the smallest number of reviews, with 1,301 reviews (9.06%). Overall, 14,362 unique
reviews were obtained, which were used as the dataset for the training and evaluation of the Machine
Learning model. The dataset was divided into training and testing sets using an 80:20 ratio, where 80%
of the data were used for model training and the remaining 20% were used for performance evaluation.

3.1.2. Emotion Labeling

This study formulates emotion prediction as a multiclass classification problem with five emotion
categories used such as Happy category is a review that shows satisfaction, joy, or appreciation for the
application. Sadness category is a review that shows disappointment, loss, or sadness. Anger category
is a review that contains anger, frustration, or strong criticism. Fear category is a review that shows
worry, anxiety, or fear regarding the use of the application. Surprise category is a review that shows
surprise, admiration, or surprise regarding the features or results of the application. Each review is

2026. The Author(s). This open-access article is distributed under a Creative Commons Page | 410
BT Attribution 4.0 International License.



https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://issn.brin.go.id/terbit/detail/20230131031607209
https://doi.org/10.60079/ahrmr.v4i3.1008

Advances in Human Resource Management Research

Volume 4, Issue 3 (2026). 404-422 e-ISSN: 2985-7570
DOI: https://doi.org/10.60079/ahrmr.v4i3.1008

labeled with an emotion before the model training process so that it can be used as multiclass
classification data.

3.1.3. Text Preprocessing

The text preprocessing is carried out to improve the quality of text data before the feature
extraction and classification process. This process aims to reduce noise, standardize text format, and
remove irrelevant information so as to improve the performance of the classification model. In this
study, the preprocessing stages consist of case folding, cleaning, tokenization, stopword removal, and
lemmatization. The first stage is case folding, which is to clean letters from capital letters to lowercase
and also remove numbers and existing punctuation. Some steps carried out are (1) Drop missing values,
(2) Remove numbers from string terms, (3) Change strings to lowercase, (4) Remove punctuations
(annotation removal), (5) Remove repeated characters (duplicate) characters from a string and (6)
Remove emojis. By following these initial stages, all characters become lowercase and can also eliminate
the difference between capital and lowercase letters. Next, the cleaning process is carried out to remove
elements that do not contribute to the classification process, such as URLs, HTML tags, email addresses,
numbers, punctuation, emojis and special characters. This stage aims to produce cleaner and more
consistent text. After the cleaning process, tokenization is performed to break each sentence into a
collection of words (tokens). These tokens are then processed using stopword removal to remove
common words that have a high frequency of occurrence but do not provide significant information to
the sentence's meaning, such as the, is, are, a, an, and of. The Natural Language Toolkit (NLTK) library is
used to obtain a collection of stopwords. The final stage is lemmatization, which converts each word to
its base form (lemma) based on linguistic rules so that variations of word forms, such as running, runs,
and ran, are represented as the base word run. The NLTK library is also utilized in this process with the
WordNetLemmatizer function used to transform each word. This process helps reduce the
dimensionality of features while increasing the consistency of word representation. The result of all text
preprocessing stages is a collection of cleaned and normalized text documents. The preprocessed
dataset is then used as input for the feature extraction stage using the TF-IDF method before the
classification process using various Machine Learning algorithms.

3.2. Feature Extraction

Text feature representation is built using the Term Frequency-Inverse Document Frequency (TF-
IDF) method. In this study, researchers hope this method can transform unstructured text data into a
numeric representation that can be processed by Machine Learning algorithms. TF-IDF works by
assigning weights to each word based on its level of importance in a document relative to the entire
document collection (corpus). Words that appear frequently in a document but rarely appear in other
documents will receive a higher weight because they are considered to have better discriminatory
ability. Conversely, words that appear in almost all documents will receive a lower weight because they
have a small contribution in distinguishing document classes. This method is divided into two terms,
where TF measures how often a word appears in a document or means the more frequently the word
appears, the higher the TF value. Meanwhile, IDF measures how important or rare a word is in the entire
document collection (corpus). If a word appears in almost all documents, then the word is not more
important. IDF will give a low weight to common words and a high weight to unique words. Thus, TF-
IDF is able to produce a more informative feature representation than using term frequency alone.
Mathematically, the TF-IDF weight is obtained from the multiplication of the Term Frequency (TF) and
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Inverse Document Frequency (IDF) values. The TF value indicates the frequency of a word's appearance
in a document, while the IDF value measures the word's rarity across all documents in the corpus. The
TF-IDF weight is calculated using Equation (1), while the TF value is calculated using Equation (2) and
the IDF value is calculated using Equation (3).

Term Frequency—-Inverse Document Frequency (TF-IDF):

TF-IDF = TF x IDF M

Term Frequency (TF):

Number of occurrences of termt in document d (2)

TF(t, d) =

Total number of words in document d

Inverse Document Frequency (IDF):

IDF(t,D) = log (=) 3)

DF(t)

As shown in the TF-IDF formulation (Equation 1, Equation 2 and Equation 3), t represents the term (word)
whose frequency or weight is being measured, while d represents the document in which the term
appears. D represents the collection of all documents (corpus), and N is the total number of documents
within the corpus. DF(t) or Document Frequency represents the number of documents that contain the
term t. Finally, log refers to the logarithmic function, which is applied to reduce the scale of the resulting
values. The result of the TF-IDF transformation is a high-dimensional feature matrix (document-term
matrix), where each row represents a document and each column represents a term along with its TF-
IDF weight. This matrix is then used as input for all Machine Learning algorithms compared in this study,
namely Perceptron, KNN, MLP, Naive Bayes, Support Vector Machine (Linear and RBF), Random Forest,
Logistic Regression, XGBoost, and LightGBM. The use of the same feature representation in this study
across all algorithms aims to ensure that the differences in performance obtained come from the
characteristics of each classification algorithm, so that the comparison results can be carried out fairly
(fair comparison) and objectively.

3.2.1. Machine Learning Classification

A comparative analysis of several Machine Learning algorithms was conducted to identify the most
effective model in predicting emotions in LLM-based Al Chat application reviews. The feature
representation generated using the TF-IDF method was then used as input for each classification
algorithm. The algorithms evaluated included Naive Bayes, K-Nearest Neighbor (KNN), Multi-Layer
Perceptron (MLP), Perceptron, Support Vector Machine (SVM) with Linear and Radial Basis Function
(RBF) kernels, Random Forest, XGBoost and LightGBM. The selection of these algorithms was based on
their characteristics that represent various classification approaches, ranging from probabilistic,
distance-based, linear, ensemble learning, to gradient boosting models. To ensure that the comparison
was conducted fairly and produced reproducible experiments, each algorithm was implemented using
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the same parameter configuration throughout the entire experimental process. Most parameters use
the default values provided by the Scikit-learn, XGBoost, and LightGBM libraries, while some parameters
are adjusted, such as the number of neighbors in KNN, the number of estimators in Random Forest,
XGBoost, and LightGBM, as well as certain parameters in Perceptron, MLP, and SVM to maintain the
consistency of the training process. Details of the parameter configuration for each algorithm are
presented in Table 2.

Table 2.

Hyperparameter Settings of the Machine Learning Models Used for Emotion Prediction

No Algorithms Parameters

1 Naive Bayes default

2 | KNN n_neighbors=300

3 | LightGBM n_estimators=100, random_state=0

4 | MLP hidden_layer_sizes=(100,), max_iter=500,

random_state=0

5 | Perceptron max_iter=100, eta0=0.9, random_state=0

6 | XGBoost n_estimators=100, random_state=0

7 | Random Forest n_estimators=100, max_depth=10, random_state=0

8 | SVM (Linear) kernel='"linear', gamma=0.1, C=1.0, probability=False

9 | SVM (RBF) kernel="rbf', gamma=0.1, C=1.0, probability=False

10 | Logistic random_state=0, max_iter=1000
Regression

Table 2 shows the parameter configurations used in each Machine Learning algorithm. Naive Bayes was
implemented using default parameters. KNN used n_neighbors = 300 to determine the number of
nearest neighbors in the classification process. MLP was configured with hidden_layer sizes = 100,
max_iter = 500, and random_state = 0, while Perceptron used max_iter = 100, eta0 = 0.9, and
random_state = 0. Random Forest, XGBoost and LightGBM each used 100 estimators, while Random
Forest was also limited to max_depth = 10 to reduce model complexity. In the SVM algorithm, the Linear
kernel used the parameter C = 1.0, while the RBF kernel used C = 1.0 and gamma = 0.1. In addition, all
models that supported the random_state setting used the value 0 to ensure reproducible experimental
results.
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3.2.2. Performance Evaluation

Model performance was evaluated using several classification metrics calculated based on True Positive
(TP), True Negative (TN), False Positive (FP), and False Negative (FN) values obtained from the confusion
matrix. The evaluation metrics used include Sensitivity (Recall), Specificity, Accuracy, Balanced Accuracy,
Precision, F1-Score, and Matthews Correlation Coefficient (MCC). Sensitivity ( Recall) measures the
model's ability to correctly identify positive data. Specificity measures the model's ability to correctly
identify negative data. Accuracy indicates the proportion of all predictions that are correctly classified.
Balanced Accuracy is the average of Sensitivity and Specificity, making it more suitable for use in
imbalanced datasets. Precision measures the proportion of correct positive predictions. F1-Score is the
harmonic mean between Precision and Recall. Matthews Correlation Coefficient (MCC) is an evaluation
metric that considers all elements in the confusion matrix, making it more representative for evaluating
models on imbalanced datasets. MCC values range from -1 to 1, with MCC = 1 indicating perfect
classification. MCC = 0 indicates performance equivalent to random prediction. MCC = -1 indicates a
completely incorrect classification. Since this study is a multi-class classification consisting of five
emotion categories (Happy, Sadness, Anger, Fear, and Surprise), the evaluation metrics are calculated
for each class and averaged, so that each emotion category contributes equally to the overall evaluation
result.

Sensitivity (Sens) = % @
. . . TN

Specificity (Spec) = ———— o

TP+TN

Accuracy (Acc) = m X

Balanced Accuracy (BalAcc) = %(TP:PFN T,\,Tivpp) ")
o TP

Precision (Prec) = —— ?

F1 —Score (FS) = % ©

Matthews Correlation Coef ficient (MCC) = T 1o

J(TP+FP)(TP+FN)(TN+FP)(TN+FN)
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4. Results and Discussion

4.1. Distribution of Review Categories Across LLM Applications

Distribution of Review Keyword Categories Across LLM Applications
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Figure 2.

Comparative distribution of review categories Large Language Model (LLM) applications

Figure 2 shows the comparative distribution of review keyword categories for eight LLM-based Al Chat
applications such as ChatGPT, Claude, Microsoft Copilot, DeepSeek, Gemini, Grok, Kimi, and Qwen.
Overall, the Quality category dominated discussions across all applications, with ChatGPT having the
highest number of keywords (6,674 keywords), followed by Gemini (5,880 keywords), Copilot (5,757
keywords), Grok (5,648 keywords), Claude (5,647 keywords), and DeepSeek (5,630 keywords). These
results indicate that users pay more attention to the quality of the application's output, such as accuracy,
relevance, and reliability of responses. The Service category was the most discussed aspect after Quality,
reflecting users' attention to the application's services, features, and functionality.

Meanwhile, the Performance and User Experience categories also received a relatively high
number of keywords, indicating that response speed, system stability, ease of use, and interface comfort
also influence user experience. Conversely, the Recommendation category had the lowest frequency
across all apps, indicating that users tended to share their experiences and assessments of the app's
quality and functionality rather than explicitly recommending it to others. Overall, these results indicate
that response quality is a key factor influencing users' perceptions and evaluations of LLM-based apps.

4.1.1. Performance Comparison of Machine Learning Models

Table 3 presents a comparison of the performance of nine Machine Learning algorithms for emotion
prediction using TF-IDF feature representation. Based on the test results, XGBoost provides the best
performance with an Accuracy of 87.30%, Balanced Accuracy of 77.84%, Sensitivity of 63.84%, Specificity
of 91.82%, Precision of 65.04%, F1-Score of 64.28%, and MCC of 0.5626. This performance is followed
by SVM Linear and SVM RBF which each obtained an Accuracy of 87.28% with an MCC of 0.5564, while
Logistic Regression also showed competitive results with an Accuracy of 87.62% and an MCC of 0.5623.
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In contrast, Naive Bayes produced the lowest performance with an Accuracy of 66.18%, an F1-Score of
15.88%, and a negative MCC (-0.0064), indicating the model's low ability to distinguish emotion
categories. In general, these results indicate that gradient boosting-based algorithms and linear models,
such as XGBoost, SVM, and Logistic Regression, are more effective in handling high-dimensional and
sparse TF-IDF feature representations, thus producing better classification performance than other
algorithms.

Table 3.

Performance Evaluation Results of Machine Learning Models for Emotion Classification

Algorithms Acc BalAcc Sens Spec Prec FS MCC
Naive Bayes 66.18% | 49.1% 18.3% | 79.92% | 20.08% 15.88% | -0.0064
KNN 81.8% | 6576% | 43.82% | 87.74% 67.44% 39.3% 0.3438
Logistic Regression | 87.62% | 77.24% | 62.52% | 91.94% | 66.68% | 63.36% | 0.5623
Perceptron 82.92% | 71.46% | 53.82% | 89.16% 54.26% 52.86% | 0.4294
MLP 82.04% | 69.48% | 50.46% | 88.5% 50.94% 50.64% 0.392
SVM Linear 87.28% | 7713% 62.8% | 91.76% 65.02% | 63.46% | 0.5564
SVM RBF 87.28% | 773% 62.8% | 91.76% | 65.02% | 63.46% | 0.5564
Random Forest 81.1% | 64.04% | 41.02% | 87.08% | 41.22% 35.9% 0.2892
XGBoost 873% | 77.84% | 63.84% | 91.82% | 65.04% | 64.28% | 0.5626
LightGBM 86.26% | 76.02% | 60.88% | 91.22% 61.64% | 61.18% | 0.5248

Table 4 presents the best model performance for each emotion category. The evaluation results show
that the model has the best ability to identify the Happy emotion, as indicated by a Sensitivity value of
81.60%, Precision of 79.90%, F1-Score of 80.70%, Balanced Accuracy of 87.40%, and MCC of 0.742.
Conversely, the Fear category obtained the lowest Sensitivity value (40.60%) despite having the highest
Specificity (96.10%), indicating that the model is quite good at distinguishing reviews that do not belong
to the Fear category, but still has difficulty in recognizing reviews that actually contain this emotion.

The Sadness and Surprise categories showed relatively balanced performance with F1-Score
values of 68.70% and 69.00%, respectively, while the Anger category obtained an F1-Score of 57.80%.
Overall, the high Specificity value in all emotion categories (86.70%-96.10%) indicates that the model is
able to reduce classification errors against the negative class, while variations in Sensitivity values
indicate that the model's ability to recognize each emotion category is still influenced by linguistic
characteristics and data distribution in each class.

Table 4.

Class-wise Performance of the Best Machine Learning Model for Emotion Prediction

Emotion Class Acc BalAcc Sens Spec Prec FS MCC
Anger 86.90% | 74.60% | 56.70% | 92.60% | 59.00% | 57.80% | 0.501
Fear 91.10% | 68.40% | 40.60% | 96.10% | 51.00% | 45.20% | 0.407
Happy 90.30% | 87.40% | 81.60% | 93.10% | 79.90% | 80.70% | 0.742
Sadness 85.90% | 80.00% | 69.50% | 90.60% | 68.00% | 68.70% | 0.597
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Surprise 82.30% | 78.80% | 70.80% | 86.70% | 67.30% | 69.00% | 0.566 |

4.1.2. ROC Curves

Figure 3 shows the Receiver Operating Characteristic (ROC) curves for each emotion category generated
by the XGBoost model. It can be seen that all ROC curves are well above the diagonal line (random
classifier line), indicating that the model has excellent discriminatory ability in distinguishing each
emotion category compared to random classification. Based on the Area Under the Curve (AUC) value,
the Happy category obtained the best performance with an AUC value of 0.96, indicating that the model
is able to distinguish reviews containing the Happy emotion.

Meanwhile, the Sadness, Surprise, Anger, and Fear categories obtained AUC values of 0.93, 0.92,
0.91, and 0.91, respectively, which are also included in the excellent classification performance category
(AUC > 0.90). The difference in AUC values between categories is relatively small, indicating that the
model has consistent classification ability across all emotion classes. Overall, the ROC evaluation results
confirm that the XGBoost model is able to provide good class separability in text-based emotion
prediction tasks.

Receiver Operating Characteristic (ROC) Curve for Multi-class
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Figure 3.

Multi-class ROC curves of the XGBoost model for emotion prediction across five emotion
categories
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4.1.3. Feature Importance of XGBoost Model

Figure 4 displays the 20 most important TF-IDF features identified by the XGBoost model based on the
F-score value, which indicates the relative contribution of each feature to the model's decision-making
process. Based on the results obtained, the word "helpful" has the highest level of importance, followed
by "privacy", "accurate", "love", and "dark". The dominance of these words indicates that user
perceptions of usability, privacy, response accuracy, and user experience are the main factors influencing
emotion prediction in this LLM-based Al Chat application review. Furthermore, the presence of words

such as "wonderful", "incredible", "terrible", "garbage", "unreliable", and "dangerous" indicates that the
model also utilizes evaluative expressions representing positive and negative emotions in distinguishing
emotion categories. Information regarding the importance of each of these features can be the basis
for the feature engineering process and the development of more effective emotion prediction models
in future research.

Top 20 Feature Impertances from XGBoost Model
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Figure 4.

Top 20 most important TF-IDF features identified by the XGBoost model for emotion prediction

5. Concluding Remarks and Recommendation

This study has analyzed nine Machine Learning algorithms for emotion prediction tasks in LLM-based
Al Chat app reviews using TF-IDF feature representation. The research dataset was collected from user
reviews of eight most popular LLM Al apps on the Google Play Store and classified into five emotion
categories, namely Happy, Sadness, Anger, Fear, and Surprise. The experimental results show that
XGBoost is the best performing model, which obtained an Accuracy of 87.30%, Balanced Accuracy of
77.84%, Precision of 65.04%, F1-Score of 64.28%, and MCC of 0.5626. In addition, the Receiver Operating
Characteristic (ROC) analysis shows a high Area Under the Curve (AUC) value across all emotion
categories (0.91-0.96), which indicates that the model has good discrimination ability in distinguishing
each emotion class.
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Feature importance analysis also shows that words such as helpful, privacy, accurate, and love
are the most contributing features in the emotion prediction process, thus providing insight into the
aspects that users pay most attention to when evaluating LLM-based Al Chat applications. Overall, the
results of this study indicate that gradient boosting-based algorithms, specifically XGBoost, are more
effective than other Machine Learning algorithms in handling high-dimensional and sparse TF-IDF
feature representations. It can be seen that these findings contribute to the selection of Machine
Learning algorithms for the task of emotion prediction in LLM-based application reviews and can be a
reference for application developers in understanding user perceptions and emotional responses more
deeply. In future research, model performance can be improved through the application of
hyperparameter tuning, the use of transformer-based feature extraction techniques such as BERT,
RoBERTa, DeBERTa, or Sentence-BERT, and evaluation on larger and more diverse datasets to improve
the model's generalization ability.

Statement of Use of Generative Al

During the preparation of this work, the author used generative artificial intelligence tools to support
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