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Abstract—Generative Al has provided real benefits in key sectors of the public sector. However, the rapid expansion of Al assistant
services also raises concerns about whether newly released products can consistently meet user expectations, especially as negative
experiences are increasingly expressed through public reviews. Its positive impacts encourage competitive rivalry among Al
assistant product developers, including xAl, which also participates by formulating the Grok Al application. As a relatively new
product with over 50 million downloads, GrokAl needs to perform an evaluation to maintain its competitiveness. This condition
leads to the research goal of analyzing user sentiment toward GrokAl application through reviews on Google Play Store and
comparing the performance of Machine Learning and Deep Learning classification models within the framework of Knowledge
Discovery in Databases (KDD). This study uses 11,108 review data classified using the VADER Lexicon method, resulting in
7,633 positive reviews and 3,475 negative reviews. The data is then tested on XGBoost (Extreme Gradient Boosting) and LSTM
(Long-Short Term Memory) models. The results show that the XGBoost model performs slightly better with an accuracy of
87.22%, compared to LSTM, which reaches 86.58%. However, both models exhibit significant performance disparities in
classifying negative classes due to the extreme difference in data quantity. The knowledge discovery process reveals that the
majority of positive sentiment appreciates the free access and general functions of the application. Meanwhile, negative sentiment
focuses on complaints related to response time, output quality, and specific features such as image and voice. The main
recommendation is to maintain the advantage of free access also improve features and processing logic to sustain loyalty and
service quality. Future research is suggested to test models with more balanced data and optimize dataset cleaning to improve
accuracy in minority classes.
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1. INTRODUCTION

The contribution of artificial intelligence nowadays is not only centered on the technology sector but has also touched
other critical lines within the public sector. This statement is proven by the emergence of artificial intelligence (AI)
innovations that also serve as virtual assistants in problem solving, one of which is Generative Al, which significantly
improves management decision accuracy through strong predictive capabilities and data analysis [1]. According to
research by Albashrawi in 2025, Generative Al also substantially increases decision-making accuracy in the business
and healthcare domains [2]. Furthermore, Generative Al has a considerable part in productivity. This is supported by
Noy and Zhang study in 2023, which states that the use of Generative Al, specifically ChatGPT, can enhance
productivity in writing tasks assigned to higher education professional staff [3]. Other research findings also indicate
that Al use can increase worker productivity in problem solving, with an average increase of 15% above usual levels
[4]. In addition to the lucrative results by its massive penetration, the dilemma arises to ensure that the innovations
offered by Generative Al adapt well in the hands of its users. Over time, users' expectations for the application will
also become more complex, so that if these expectations fail to be fulfilled, it can have an impact on reducing trust
and desire to adopt the service. This is in line with research revealed by Huynh and Aichner in 2025, that trust in
Generative Al is strongly driven by users' perceptions of fairness, social presence, and the interaction experience
provided [5]. So, when these expectations are not met, users will tend to list negative evaluations that are ultimately
reflected through app reviews.

The positive results brought by the existence of Generative Al in human life have driven software industry
players to compete in launching Al assistant services with the latest versions. This competitive rivalry is evident with
the emergence of similar products, such as ChatGPT developed by OpenAl, Gemini by Google, Perplexity, and other
Al assistant products that can produce outputs in various fields using images, sounds, text, and videos [6]. As part of
the evolution of Generative Al, Elon Musk's Al development company, xAl, also formulated Grok, a product initially
aimed at real time data processing and humorous conversations on social media X [7]. After its first release in
November 2023 [8], XAl officially expanded Grok's accessibility by launching a dedicated app for Android and iOS
users. The transformation of Grok into an app introduces a new dynamic, as its relatively young status offers an
important space for study within the context of Generative Al development. This hypothesis is supported by data
indicating that Grok Al has gained over 50 million downloads and more than 1.43 million reviews on the Google Play
Store since its initial release[9], making it an interesting object for further research.

The presence of these various products indicates that the trend of Al assistants based on chatbots and generative
Al can lead users to become more selective in choosing services that can become market leaders. This condition
indirectly encourages Grok Al, as a relatively new platform in the industry, to continuously evaluate its application
performance to maintain its value and competitiveness with other similar applications. Therefore, sentiment analysis
by grouping user comments and concerns about the application emerges as a concrete step to address this urgency. In
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line with what was stated by Vadla in their 2024 research, one of the important things that industry sectors can consider
recently is gathering user reviews to identify their expectations regarding product usage [10]. User and application
interaction data is unavoidable because when people use social media platforms to share their thoughts, opinions,
experiences, and feelings, a large portion of the data will be in unstructured text but it still contains insightful
information [11]. These user review data can be accumulated through the Google Play Store or Apple Store and then
processed using machine learning approaches to extract sentiments that represent users' feelings [12].

The user sentiment analysis approach based on review data has been applied in several previous studies. [13]
highlights user sentiment for the Digital Identity application through 5,000 reviews on the Google Play Store from
September 2022 to December 2023 using the K-Nearest Neighbors classification algorithm. The research results show
that the KNN algorithm successfully classified with good accuracy, and user perceptions of the application tend to
contain negative stigma. In the study conducted by Kulsum in the year 2022, the Support Vector Machine (SVM)
algorithm was applied to reviews of the streaming app WeTV, dividing the testing scenarios into four based on the
percentage of training and testing data. The third scenario produced the most excellent outcomes with 80% training
and 20% testing data ratio, where positive user sentiment focused on the diversity of available series, and negative
sentiment stemmed from user complaints about several app services [14]. Using two different methods and focusing
on comparing algorithm performance, research in 2024 by Damayanti analyzed sentiment toward 1,000 user
comments on the Alfagift app, a minimarket delivery service in Indonesia. In contrast to previous research, a lexicon-
based method was used for data labeling prior to classification using SVM and Long-Short Term Memory (LSTM)
algorithms. This experiment indicated that SVM's accuracy was slightly better than LSTM and suggested increasing
the amount of data for future research [15].

Research by Setiawan and Nastiti in 2024 compares the performance of the XGBoost, SVM, and Extra Trees
Classifier algorithms in classifying 50,000 user reviews of the DANA application. Equipped with the SMOTE
oversampling technique, XGBoost and SVM achieved superior results with an accuracy score of 93%. It is
recommended to gather a more diverse dataset and try other classification methods in future research [16]. Focusing
on a more specific object of study related to Generative Al applications, Prasetyo in his study in the year 2025, used
800 social media review samples to develop a hybrid deep learning procedure utilizing CNN and Bi-LSTM for
sentiment analysis of Indonesian language ChatGPT text. With preprocessing and Word2Vec CBOW word
embeddings, this hybrid model achieved an accuracy of 95.24%, precision of 95.09%, recall of 95.15%, and F1 score
0f 95.99%. It is suggested to explore larger datasets and transfer learning to improve generalization in the future [17].
On the other hand, in 2024 Widaad and Anggraini analyzed user sentiment toward the ChatGPT application by
comparing the performance of SVM and CNN algorithms. Based on an analysis of 155,529 reviews from the Google
Play Store, which involved preprocessing steps such as emoji removal, case folding, and stemming, the Support Vector
Machine (SVM) model achieved an accuracy of 85% (precision 0.83, recall 0.55, Fl-score 0.58). Meanwhile, the
Convolutional Neural Network (CNN) attained an accuracy of 84% (precision 0.68, recall 0.59, F1-score 0.62), with
75% of the reviews classified as positive. Future research is recommended to enhance application features based on
user feedback [18].

Unlike previous research that generally focused on the classification of application sentiment using machine
learning and deep learning models separately and focused on comparing algorithm performance only, this study will
combine the comparison of the two learning models and add a knowledge discovery context to find sentiments that
users often raise about applications. If the previous research focused on accuracy results, then knowledge discovery
was applied as the final result of knowledge from the dataset in this study in order to reveal whether there are certain
patterns based on words that appear that can be used as a basis for application improvement in the future. Although
there have been previous studies that have analyzed opinions on applications such as Generative Al, in fact direct
comparisons between XGBoost and LSTM in mobile-based Generative Al application objects are still rare, especially
in Grok AI which has just transformed from just a feature to a separate application. In addition, the research space to
utilize English-language reviews is also still open because it can capture universal perceptions from global users.

Based on this gap, this study is directed to apply the Knowledge Discovery in Database framework to Grok Al
user reviews collected through the Google Play Store by testing XGBoost and LSTM in the sentiment classification
process that has been categorized through the VADER (Valence Aware Dictionary and Sentiment Reasoning) Lexicon
method. In addition to comparing the accuracy of the algorithm model, this research also aims to uncover word patterns
that often appear as magic knowledge from the dataset so that it can be the basis for future application improvement.
Through this approach, this research is expected to provide an overview of user perception while contributing to
enriching the academic literature related to the comparative effectiveness of machine learning and deep learning
methods in the context of Al-based application sentiment analysis.

2. RESEARCH METHODOLOGY

2.1 Research Stages

The process in this study refers to the Knowledge Discovery in Database (KDD) framework. The KDD approach is
considered advantageous for processing data to produce valid, up-to-date information that potentially has meaning
based on patterns understood from large databases [19]. Additionally, it is stated that this research framework can
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help systematically translate user sentiment based on data, making it easier to gain a deeper understanding of the
impressions left [20]. Broadly speaking, the KDD stages are divided into several parts [21], namely the Extract,
Transform, Load (ETL) process, which comprises collecting, integrating, cleansing, reducing, and transforming the
data. These stages proceed to the main process, which is data mining, and end with data interpretation. In the context
of sentiment analysis experiments, the ETL stage involves data cleaning steps such as stopword removal, tokenization,
stemming, and data transformation into a format suitable for machine learning [22]. In previous research, the
preprocessing or ETL stages are described along with emoji removal, case folding, and data normalization [18].
Regarding the transformation or restructuring stage, it will be divided into two methods suitable for each machine
learning and deep learning algorithm. To illustrate more specifically, the KDD flow implemented in this study is as
follows in Figure 1.
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Figure 1. Research Flow Diagram
2.2 Data Collection

This research will focus on sentiment analysis of review data for the Grok Al application, totaling 11,245 user

perceptions. The data acquired originates from the Google Play Store, comprising reviews written in English. The

collection of reviews was conducted through data scraping performed on the Google Colaboratory platform utilizing

Python as the programming language. The criteria applied during the review scraping process are as follows:

a. Reviews selected are in English.

b. Data retrieval was conducted randomly per rating with the “Newest” filter over a six month period, from April
2025 to October 2025.

c. The features or columns extracted for raw data are ‘score,” representing the user rating of the application, and
‘content,” which contains the review text expressed by the user.

The choice of an English reviews dataset is due to the limited number of Indonesian reviews, which only
amounts to 2,463 reviews. In contrast, English language reviews are more diverse. Several studies mentioned in the
previous chapter indicate that to achieve more stable model accuracy, a varied dataset is necessary during model
training. Additionally, the decision to use English reviews is expected to yield sentiment outputs that reflect Grok Al
users globally. The data preview is shown in Table 1 below.

Table 1. Data Collection Results

Content Score
bad app &) & 1
worst 1
Extremely resource intensive. It's somewhat understandable because I am using a low end device. So it 1

is to be somewhat expected, however, I still find it to be beyond excessively laggy and nearly unusable.
I can't even type without grok temporarily freezing and gboard freezing after I type just a few words. In
short, It works, just not very well.

very nice /B 5
the best one out there ...no filters !!! 5
Fantastic app. I'm able to bring to life old photos of loved ones. 5

2.3 Data Preprocessing

Preprocessing is an important step that needs to be carried out in machine learning based experiments in general. Data
that has been collected from certain sources is still partly raw, so it is considered necessary to go through quality

Copyright © 2025 Author, Page 1639
This Journal is licensed under a Creative Commons Attribution 4.0 International License


https://ejurnal.seminar-id.com/index.php/bits
https://doi.org/10.47065/bits.v7i3.8651
https://creativecommons.org/licenses/by/4.0/

Building of Informatics, Technology and Science (BITS)
Volume 7, No 3, December 2025 Page: 1637-1648

ISSN 2684-8910 (media cetak)

ISSN 2685-3310 (media online)

DOI 10.47065/bits.v7i3.8651

enhancement stages by adjusting structure and format [23]. This stems from the reality that low data quality has a

crucial impression on the performance of learning and data mining conducted by algorithm models, as said by

Ramirez-Gallego in [23]. Therefore, this study will implement a preprocessing phase as described below.

a. Emoji Removal
The first step in the preprocessing process in this study is emoji removal, which is the stage of deleting emoticons
or emojis found in review sentences. This aims to ensure that during data transformation, review data can be
processed properly and focus on extracting meaning from the review sentences written by users.

b. Case Folding
Case folding, also known as converting text to lowercase, is one of the basic preprocessing methods that functions
to unify the representation of words. This process consolidates variations of identical words with different
spellings, thereby reducing the number of features that need to be processed [24]. This approach has become a
common practice in various Natural Language Processing (NLP) studies. In this research, words containing capital
letters will be transformed into uniform lowercase format to improve the quality of the processed data.

c. Punctuation Removal
Punctuation removal is a step aimed at minimizing data noise because most punctuation marks do not contribute
to sentiment analysis [24]. Punctuation marks that are removed include exclamation marks (!), periods (.), commas
(,), slashes (), question marks (?), and others.

d. Stopword Removal
After the sentence is cleaned of punctuation, the text will undergo stopword removal, where common functional
words that do not provide relevant information in the main process will be eliminated. This removal aims to reduce
data dimensionality because these words do not affect the sentiment polarity of reviews [25]. The stopwords to be
removed include words like “which,” “and,” “in,” “is,” “the,” and similar words, leaving only words that are
meaningful for sentiment analysis [26].

e. Stemming
The final stage of data cleaning is stemming, also often called lemmatization, which is a method to reduce words
to their root form by cutting affixes according to certain rules or utilizing a lexical database to find the base form
of a word [27]. For instance, the root word "search" will be extracted from the term "searching”. This is done to
maximize results when the data enters the data mining process.

f. Normalization
The text that has gone through the previous six simplification stages will undergo normalization, which
consolidates it into a format aligned with subsequent analysis processes. In this case, the final results of the
stemming process will be combined with review score features in CSV format as before.

In addition to going through the above stages, review data also experience changes in the number of reviews
across each score category. The decrease in the number of reviews across all scores is caused by the process of
removing null (empty) values in columns. Overall, the total number of reviews before preprocessing was recorded at
11,245 data points, while after preprocessing it became 11,108 reviews. This indicates a reduction of 137 rows, which
are considered anomalies. The results and stages of preprocessing that have been described will be presented in Table
2 below.

Table 2. Data Preprocessing Results

Preprocessing Stages Results
Raw Data It's very bad. After searching 3-5 message then I seen a pop-up indicator in my phone
whenever I searched any messages? (<)
Emoji Removal It's very bad. After searching 3-5 message then I seen a pop-up indicator in my phone
whenever I searched any messages?
Case Folding it's very bad. after searching 3-5 message then i seen a pop-up indicator in my phone

whenever i searched any messages?
Punctuation Removal its very bad after searching 35 message then i seen a popup indicator in my phone
whenever i searched any messages

Stopword Removal bad searching 35 message seen popup indicator phone whenever searched messages
Stemming /' bad search 35 message see popup indicator phone whenever search message
Lemmatization

2.4 Data Labelling

In line with the ultimate goal of this research, which is to map perceptions based on reviews provided by users using
sentiment analysis methods, a data labeling stage is necessary so that machine learning algorithm models can
recognize reviews effectively. Data classification labeling is divided into two groups: ternary, which categorizes
reviews as positive, negative, and neutral; and binary, which includes only positive and negative reviews [28]. The
tendency to use one over the other depends on the analysis objectives of the study. For example, binary classification
is often preferred because the presence of a neutral class is considered to reduce model accuracy. As stated by Valdivia
in 2025 study by Tzimiris, neutral reviews are often discarded because they are considered to have ambiguous
meaning, thus acting as noise that can lower the accuracy of binary based classification [29]. Therefore, this study
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chooses to label reviews as positive and negative to produce more clearly segmented knowledge, which can provide
more targeted input for application development and improvement. Based on these considerations, this experiment
applies the VADER (Valence Aware Dictionary and Sentiment Reasoning) method, whose efficiency in automatically
labeling data has been recognized [30]. VADER works with a lexicon-based approach that captures words in reviews
and determines their polarity based on predefined values. Generally, VADER has a threshold that classifies data into
positive, negative, and neutral labels, which is a score calculated based on the valence of each word in the lexicon,
further called the compound score. If the score exceeds 0.05, it is categorized as positive, less than -0.05 it is classified
as negative, and if the compound score falls between 0.05 and -0.05 it is considered neutral [31]. Since VADER adopts
a ternary labeling as its default classification, but the research aims to focus on positive and negative reviews, this
study will re-validate reviews labeled as neutral based on Google Play Store ratings. Neutral reviews with scores from
1 to 3 will be categorized as negative, while ratings of 4 and 5 will be considered positive reviews [32]

2.5 Data Transformation

Before being tested on the XGBoost and LSTM models, data that has undergone the labeling stage will move on to
the preparation stage. For the XGBoost algorithm, the sentiment labels are first converted into numerical form, with
1 for positive and O for negative. Next, the ‘cleaned content’ column containing review texts will be defined as
features (X), and the 'label numeric' sentiment column as the target (y) to be used for training the model. The model
will then be trained and evaluated on the complete dataset that has been divided, with this study employing an 80:20
split, which means 80% training data and 20% testing data. Since machine learning cannot classify text-based data
directly, the TF-IDF (Term Frequency-Inverse Document Frequency) approach will be used to convert the reviews
into numerical representations, with training and testing data separated. The parameters used in TF-IDF are
max_features = 5000, which means retaining the 5,000 most unique words with the highest TF-IDF values for machine
learning model training. TF-IDF is a method implemented to recognize the most important word sequences in a dataset
[33]. The TF-IDF weighting can be measured using the following techniques, using the overall amount of documents
in the document compilation (N) and the number of documents containing the target word (n).

(number of occurrences of a word in a document)

TF =

(1)

(number of words in a document)
IDF = log™ ©)

For the deep learning algorithm LSTM, the steps involved have slight differences in their procedures. The
‘cleaned_content’ and ‘label vader’ columns from the labeling process will be converted into string data types and
transformed into lists. This aims to ensure that the data can be properly converted into token form. Next, tokenization
is performed using the Tokenizer() function from the Keras library. Tokenization is a typical method for breaking
down a text into little components known as tokens. One of the simplest methods is word-based tokenization, where
separation is done based on spaces. In this approach, each token generally represents a single word, although without
additional preprocessing steps, tokens may still contain punctuation or irrelevant characters [34]. This process allows
each word to be converted into a unique numerical index according to its order of appearance in the text dataset, so it
can be processed by the LSTM model. After the tokenization step, the text is converted into a sequence of numbers
using the text to_sequence () function and standardized in length using pad_sequences (), adding zeros to shorter
texts. Similar to XGBoost, the processed data is divided into training and testing sets with an 80:20 ratio to assess the
model's performance.

2.6 Data Mining

XGBoost is an algorithm with a complexity exceeding that of gradient boosting, which combines decision tree-based
model learning with linear model splitting. XGBoost has an advantage in speed because it can perform parallel
processing on a single processor. Additionally, XGBoost is equipped with cross-validation features and the ability to
detect the most influential variables[35]. The formulation of the XGBoost algorithm model can be seen in equation
(3) below [16]

LO = Z Wy, ™7+ fix)) + Q0D ¥

Unlike XGBoost, which is a conventional machine learning approach, LSTM is a derivative architecture
adopted from recurrent neural networks or RNNGs in the field of deep learning[36]. The reason for choosing the LSTM
model is based on its ability to capture and analyze information over long periods, so it is expected to perform tracking
of sentiment patterns within review texts [37]. Previous study mention that RNN-derived algorithms like LSTM tend
to be designed to learn the sequential context of words within a text [38]. This is quite relevant because it can maximize
the contextual understanding of sentences to be classified. LSTM cells store information from the past through three
main gates, which are the input, forget, and output. Sutskever, in their research stated that these three gates control the
distribution of information within the cell, allowing the cell to control how much past information should be retained,
deleted, or passed on to the next process [39]. Mathematically, each gate stage in Long-Short Term Memory namely
the forget gate, input gate, output gate, candidate memory cell, representation of the current cell state, and the final

Copyright © 2025 Author, Page 1641
This Journal is licensed under a Creative Commons Attribution 4.0 International License


https://ejurnal.seminar-id.com/index.php/bits
https://doi.org/10.47065/bits.v7i3.8651
https://creativecommons.org/licenses/by/4.0/

Building of Informatics, Technology and Science (BITS)
Volume 7, No 3, December 2025 Page: 1637-1648

ISSN 2684-8910 (media cetak)

ISSN 2685-3310 (media online)

DOI 10.47065/bits.v7i3.8651

output in the form of the current hidden state [40], are sequentially described in equations (4), (5), (6), (7), (8), and
(9) as follows.

fi = 8(Welhe—1, X1 + by) 4)
ir = S(Wilhe—y, X1+ by) O]
0r = §(Wplhe—1, X¢] + bo) (6)
L; = tanh(W, [h,_1, X;] + b.) @)
Cc=F X Coqy Xiy XL, (8)
hs = 0, X tanh (C;) 9)

2.7 Data Evaluation

When both models that have been built are trained and tested using training data and testing data, it is vital to assess
the model’s performance in classifying and predicting data. This evaluation stage can be measured using classification
report parameters, including Accuracy, Recall, Precision, and F-1 Score. Calculating these parameters involves using
values from the confusion matrix, which displays the model's prediction outcomes on both the test and training data.
The value produced by the confusion matrix includes the amount of positive reviews accurately classified by the
model (true positive), positive reviews misclassified by the model (false positive), the amount of negative reviews
successfully categorized by the model (true negative), and also negative reviews misclassified by the model (false
negative). Each of these parameters has its own calculation formula, which are explained as follows [41]

TP+TN

Accuracy = ——"— (10)
Precision = TPTfFP x 100% (11
Recall = ———x 100% (12)
F1 — Score = ———x 100% (13)

2.8. Knowledge Presentation

The knowledge presentation stage is a manifestation of the knowledge discovery process aimed at visually presenting
the information from dataset analysis results. Knowledge discovery, which in this context is commonly produced
through text mining since the past, can be represented in the form of calculating how often a word appears, grouping
words, sentiment analysis, and topic extraction from a collection of texts[42]. Several previous studies have
successfully applied knowledge discovery across various sectors as a basis for decision-making, such as Pratiwi in
2025 who successfully clustered topics in GoPartner reviews as an application in the transportation sector [43], study
by Sofiah in 2024 which reached the environmental sector by comparing the performance of SARIMA and LSTM to
extract knowledge related to the Gurugram district quality index [44], and Putri in 2025 which ventured into the fintech
sector by comparing topics in BCA Mobile and MyBCA reviews [45]. Through this method, the research will display
knowledge from reviews that have been extracted and undergo sentiment identification processes using the VADER
technique and Rating to serve as knowledge for application improvement. The information is presented in the form of
a Word Cloud Visualization that contains review words with high frequency in a graphical visual form[46]. The
visualization results will be analyzed in such a way that they become a useful knowledge representation for the GrokAl
application developers to conduct data-driven evaluations, as well as serve as a basis for providing more targeted and
evidence-based development recommendations.

3. RESULT AND DISCUSSION
3.1 Data Labelling Results

For the total of 11,108 data entries, labeling and grouping of reviews were carried out by implementing the VADER
method. VADER assigns weights to each word in the review so that each line receives positive, negative, neutral, and
compound scores. The compound score is calculated based on the sentiment content of the review sentence as the
basis for determining the final label. As referenced in the previous chapter's theory, a compound score > 0.05 is
grouped as positive, a score < —0.05 is sorted as negative, and scores among these two thresholds are recognized as
neutral. As shown in the preview in Table 3, reviews with the phrase “bad app” have a compound score of -0.5423
and are labeled negative, while reviews like “best one filter” with a compound score of 0.6369 are labeled positive.
Reviews with a compound score of 0.0000 are categorized as Neutral.
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Table 3. VADER Labelling Score Results

cleaned content Positive Negative Neutral Compound label vader
bad app 0.000 0.778 0.222 -0.543 Negative
app waste dont download app time want 0.143 0.308 0.549 -0.3612 Negative
prompt response near professional accurate 0.00 0.000 1.000 0.0000 Neutral
direct answer 0.00 0.000 1.000 0.0000 Neutral
best one filter 0.677 0.000 0.323 0.6369 Positive
amaze 1.000 0.000 0.000 0.5423 Positive

Next, 2,174 data points labeled Neutral by VADER were revalidated using the original rating scores obtained
during the scraping stage. Validation was carried out by combining neutral data with rating scores of 1, 2, and 3 into
the Negative category, while scores of 4 and 5 were grouped into the Positive category. This step was taken because
the study focused only on the two main labels, Positive and Negative, so the Neutral labels assigned by VADER were
not included in the further analysis.
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Figure 2. Distribution of Reviews Before and After Neutral Validation

Based on Figure 2, before validation using ratings, the VADER label data showed a distribution of 6.902
positive reviews, 2.032 negative reviews, and 2.174 neutral reviews. After the validation process, which involved
combining the original ratings with the neutral data, the number of positive reviews increased to 7.633, while negative
reviews also rose to 3.475. The neutral category was no longer found because all data had been adjusted to the two
main classifications. This change in distribution indicates that the validation process successfully strengthened the
representation of positive and negative sentiments more clearly, while also eliminating potential ambiguity in the data
previously labeled as neutral. Therefore, the validated dataset aligns with the research objectives and has a better
balance for use in the next sentiment analysis stage.

3.2 Data Mining Results

The data processing for both algorithms starts by transforming sentiment labels into numerical values, with Positive
as 1 and Negative as 0. To assess the algorithm’s generalization capacity, the dataset is then divide into 80% training
data totaling 8.886 samples, and 20% testing data comprising 2.222 samples. In the XGBoost algorithm, the review
content functions as the feature, while the label column serves as the target. These text features are transformed by
applying the TF-IDF method with “max_features=5000", ensuring only the 5.000 words with the highest TF-IDF
weights are employed as features. The transformation results confirm that the feature dimensions for both training and
testing data align with these parameters. In contrast, for the LSTM algorithm, the review content column is converted
into a list of strings so that it can be processed by the model using the Tokenizer() function from Keras. Subsequently,
the text is transformed into sequences of numbers and standardized in length by adding zeros to shorter texts before
being used as input to the model.

Entering the core of the classification process, the XGBoost model training stage begins with defining the
XGBoost algorithm using predetermined parameters tailored to the research needs. The parameters used include
objective = 'binary:logistic' to handle binary classification problems, the number of decision trees built with the
n_estimators parameter set to 300, learning_rate = 0.1 to control the model's learning speed, and the random state
value set to the default number 42. After initializing the parameters, the training data resulting from TF-IDF
transformation is applied along with numerical sentiment labels. This training process produces a model capable of
learning the pattern of relationships between text feature representations and the pre-determined sentiment labels,
which can then be used to predict sentiment on test data.

After conducting prediction tests based on the training data, the XGBoost algorithm model showed a confusion
matrix as displayed in Figure 3. This indicates that the model successfully classified 601 negative test data and 1,319
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positive test data correctly. There were 94 positive data misclassified as negative and 208 negative data misclassified
as positive. Compared to LSTM, the XGBoost model has a higher number of true negatives, indicating better
performance in detecting negative classes. However, the larger number of false positives suggests that this model still
often misidentifies negative data as positive.

Confusion Matrix
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Figure 3. Confusion Matrix XGBoost

On the other hand, the confusion matrix in Figure 4 shows that the LSTM model successfully classified 562
negative data points and 1.362 positive data points correctly. Meanwhile, there are 153 positive data points wrongly
classified as negative (false negatives) and 145 negative data points misclassified as positive (false positives). These
findings show that the LSTM model has a rather decent capacity to distinguish both classes., although there are still
some misclassifications, especially with negative cases being predicted as positive.
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Figure 4. Confusion Matrix LSTM

In the next stage, the four values in the confusion matrix for each model are calculated to produce the
classification report percentages. As shown in Table 4, specifically, the performance of both models is similarly lower
for the negative class. This condition may be caused by data imbalance, where the number of negatives is fewer than
positives, leading to difficulty in prediction. For the negative class, the LSTM model records balanced evaluation
values of 79%, which suggests consistent detection ability but still making errors in distinguishing negative reviews
from positive ones. Meanwhile, XGBoost shows a higher recall, meaning this model has better sensitivity to negative
reviews compared to the LSTM model, although accompanied by a decrease in precision. For the positive class, LSTM
demonstrates very stable performance with precision, recall, and F1-score each at 90%, while XGBoost achieves
higher precision with slightly lower recall. This indicates that XGBoost is more accurate in identifying positive
reviews with fewer prediction errors but has lower sensitivity compared to LSTM in capturing all positive reviews.

Table 4. Comparison of XGBoost and LSTM Classification Report

LSTM XGBoost
Precision Recall F1-Score  Precision Recall F1-Score
Negative 79% 79% 79% 76% 86% 81%
Positive 90% 90% 90% 90%
Accuracy 86% 87%
Macro Avg. 84% 84% 84% 85% 87% 86%
Weighted Avg. 86% 86% 86% 88% 87% 88%
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Overall, the LSTM model reached an accuracy of 86.58%, showing that the majority of the test data was
correctly classified. An average precision of 85% shows that the model is quite effective at correctly identifying
positive classes. Meanwhile, a recall of 84% signifies that the model is capable of identifying the majority of actual
positive data. The F1-Score result of 85% shows a rather good balance between precision and recall. Overall, the
LSTM's performance is relatively stable with a low classification error rate. Meanwhile, the XGBoost model achieved
an accuracy of 87.22%, which is slightly higher than the LSTM model. The average precision value of 85% shows
the model's correctness value in identifying positive data, while the recall of 87% indicates a better ability to capture
all positive data compared to LSTM. With an average F1-Score of 86%, the XGBoost model is considered to have
consistent performance in classifying both classes. Therefore, it can be broadly concluded that XGBoost shows
slightly superior performance compared to LSTM, especially in terms of recall and accuracy, showing that this
algorithm is more effective at finding positive data without sacrificing prediction accuracy in the GrokAl review
dataset.

3.3 Knowledge Presentation

After comparing the performance of both models, the most crucial stage of the entire study was the analysis of the
words with the highest frequency of occurrence from the review classification results in order to find representative
opinions from users regarding the application's performance. The distribution of words was illustrated with word cloud
visualization, meaning that the bigger the size of the word that appears, the more dominant its presence in the review
dataset. In this context, positive sentiment still outweighs negative sentiment in terms of quantity. As show in Figure
5, the word distribution in the word cloud is dominated by the four largest words, namely “grok,” “app,” “good,” and
“ai.” The presence of these four words explains that the opinions written by users are related to the pos1t1ve aspects of
GrokAl's performance as Generative Al as a whole. To capture the context further, the words that follow are traced,
namely “great,” “use,” “nice,” “free,” “amaze,” “feature,” “like,” and “work.” This indicates that users appreciate and
have a positive emotional view of the features in the GrokAl application and free access, as indicated by the keywords
“use,” “feature,” and “free.” This assumption is in line with the reference study by Widaad and Anggraini in 2024
which states that phrases such as “good,” “use,” and “work” in a positive context describe assessments related to the
performance and functionality of the application [18].
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Figure 5. Word Cloud Visualization of Postive Sentiment

On the other hand, the word cloud visualization for the negative review group displays several dominant words
that are not much different. Referring to Figure 6, the phrases “grok,” “ai,” and “app” reappear in the word cloud, but
are accompanied by the word “bad,” which has a high frequency of occurrence, representing expressions of user
dissatisfaction directly related to the core performance within the application. The subsequent word forms do not show
significant differences in frequency because their sizes are almost the same. These words are “work,” “use,” “time,”
“give,” and “get,” which directly suggest that some users face difficulties when trying to use the main features of the
application. Referring to Lobo in 2023, the phrase “work™ in a negative context falls under the usable dimension,
which tends to contribute to user frustration regarding the application's usability [47]. This frustration can be linked
to the context of other words appearing, such as the phrase “use,” related to the usage process, “time” representing
response time from the application also “give” and “get,” related to the input and output aspects provided to and by
the Al model within the GrokAl application. Besides the dominant words, there are also words that appear with smaller
frequencies. These include “image” and “voice,” which more specifically represent features within the GrokAl
application. To better understand the complaint patterns from these three phrases, the following paragraphs will show
examples of negative reviews containing these words.
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Based on an analysis of negative review examples containing those words, several main complaint patterns
were identified. The word “image” is often associated with the system’s inability to generate or download images
correctly, such as in reviews like “I can’t download images...” and “poor quality image creation.” This indicates issues
with GrokATI’s visual output function. Meanwhile, the appearance of the word “voice” suggests problems with the
voice interaction feature (voice mode). Some users complain about limited access to voice features on Android devices
and functional disruptions like “voice mode is not working.” Additionally, the review “you sometimes can’t interrupt
it while it’s answering...” shows that users expect the system to improve the smoothness of two-way interactions.

The knowledge findings extracted based on keywords that appear in both parts of the word cloud visualization
classification lead to all points that should be considered by GrokAlI for the continuity of performance and user
experience. These points include:

a. Positive statements from users can serve as a reference to maintain the application's competitive advantage,
especially regarding free access to the application. If possible, developers can expand free access to other essential
features as a strategy to retain user loyalty. Additionally, it is important to provide services with added value
comparable to users who subscribe to paid access.

b. The complaint regarding the “image” point can be interpreted as a basis for a thorough review of the prompts that
generate images and the section for downloading images. If a critical issue with the model is identified after the
review, developers can optimize the Al model to produce more accurate and higher-quality images, as well as
simplify the download workflow to ensure the process functions stably across various operating systems.

c. Conducting tests related to voice mode performance in various compatible device versions to ensure users can stop
or redirect Al responses without having to wait for the answer to be completed.

d. Developers are also advised to focus on simplifying the back end to speed up the application's response time, as
latency issues (marked by the word "time") have emerged as one of the complaints. Additionally, it is important
to streamline the interaction process by improving the input processing logic. This aims to ensure that the Al
model's output is more accurate and relevant to user input, which is currently a concern related to the words "give"
and "get" in negative reviews.

4. CONCLUSION

The data collection results that have gone through the preprocessing process show a total of 11,108 review data points,
classified as 7,633 positive reviews and 3,475 negative reviews using the VADER Lexicon method. The data was then
trained and tested on the XGBoost and LSTM models, which showed a relatively small difference in accuracy. This
research highlights that the XGBoost algorithm model is considered to have a more optimal capability compared to
the LSTM model, with an accuracy of 87.22% compared to LSTM's 86.58%. Although the overall accuracy results
are quite optimal, there is an imbalance in the model's ability in segmentating negative and positive classes. The
negative class shows significantly lower precision, recall, and F1-score percentages compared to the positive class,
likely due to the substantial difference in the amount of data points between the two classes, making it difficult for the
model to predict reviews labeled as negative. In addition to testing the capability of the XGBoost and LSTM models,
this study also conducted knowledge mining based on the frequency of phrase appearances in positive and negative
reviews to explore users' opinions about the GrokAlI application on the Google Play Store platform. Over a six month
period, users more frequently provided positive responses regarding the app. The word cloud visualization shows that
most users reflect positive appreciation with words of praise for free access and the general functionality of the
application. However, the presence of word representations with negative meanings cannot be avoided, even though
their frequency is lower compared to positive reviews. Findings indicate that complaints are generally based on
performance issues related to response time, output, and some specific features of GrokAl. Therefore, several data-
driven recommendations are offered to help developers maximize app improvements in the future. These
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recommendations include maintaining the advantage of free access and expanding essential features to retain user
loyalty. Furthermore, developers can improve the image and voice features to achieve more accurate and stable results
across various compatible devices, as well as speed up response times and refine processing logic to maximize the
relevance of output and input. In addition to the results and insights gained, this study has several limitations.
Therefore, as a contribution to scientific development, future research can test models with more balanced datasets of
negative and positive classes, optimize preprocessing to ensure the dataset is free from anomalies, use datasets in other
languages, combine machine learning, deep learning algorithms, and other labeling methods to generate more diverse
perspectives on GrokAl review classification and prediction models, or implement topic modeling methods to produce
more precise knowledge patterns about GrokAl application’s evolution.
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