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Abstract

User reviews on gaming platforms such as Steam have become a crucial source of information for potential players before
making purchasing decisions. Due to the varied nature of user opinions, sentiment analysis is essential for processing and
interpreting these reviews. This study investigates the application of sentiment analysis to RPG game reviews on Steam, aiming
to assist users by summarizing reviews through sentiment results and providing insights into the general perception of a
game. To achieve this, the study applies sentiment analysis using Word2Vec and Support Vector Machine (SVM). It focuses
on evaluating the impact of lemmatization during preprocessing and analyzing the performance of Word2Vec in sentiment
classification. Word2Vec transforms review text into vector representations that capture semantic relationships, enhancing the
model’s ability to understand context. Meanwhile, SVM is chosen as the classifier for its effectiveness in distinguishing between
positive and negative reviews and handling high-dimensional data. The system developed uses Word2Vec with 300-dimensional
vectors combined with an SVM Polynomial classifier, resulting in the best performance among the tested models. The final
model achieves a macro-average F1-score of 88.6%, indicating a strong capability in accurately classifying sentiments in user
reviews. These results highlight the potential of combining word embedding and machine learning techniques for analyzing
sentiment in gaming platforms.
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I. INTRODUCTION satisfaction [4]. The variety of expressions, vocabulary, and
tone found in such reviews presents a significant challenge
for manual analysis, highlighting the need for automated
sentiment classification methods that can interpret textual
content accurately and contextually. Review analysis supports
understanding user needs, identifying issues, and improving
applications [5]

A potential approach involves performing sentiment analysis

The growth of the digital gaming industry in recent years
has significantly increased the use of distribution platforms
such as Steam. Developed by Valve Corporation, Steam is
one of the largest digital game distribution services [1] [2].
It includes features such as review dashboards that help users
evaluate games through ratings and feedback [3]. More than
just a marketplace, Steam provides an interactive ecosystem

that allows users to publish reviews based on their gameplay
experiences. These user-generated reviews play a crucial role
in influencing the decisions of prospective players. In the case
of Role-Playing Games (RPGs), which are known for their
complex narratives and immersive gameplay, reviews tend to
be more detailed and opinion-rich, often reflecting a highly
personalized gaming experience.

However, these reviews are typically written in unstructured
text formats, making them difficult to process objectively and
efficiently—both for new users seeking quick insights and
for developers analyzing player sentiment. It is commonly
used to analyze user feedback on social media and measure

by integrating word embedding techniques like Word2Vec
with machine learning classifiers, particularly Support Vector
Machines (SVM). Word2Vec transforms words into vector
representations that capture semantic meaning based on con-
text [6] [7], while SVM has proven effective in classifying
data with high dimensionality, including sentiment polarity
[8] [9]. Together, these methods provide a robust framework
for building sentiment analysis systems without the need for
manual feature engineering.

Despite their popularity in domains like e-commerce and

social media, studies focusing on the application of Word2Vec
and SVM for analyzing sentiment in game reviews—especially
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within the RPG genre on Steam—remain scarce. Furthermore,
there has been limited investigation into how preprocessing
techniques such as lemmatization and different SVM kernel
types (Linear, RBF, and Polynomial) affect classification ac-
curacy in this domain. This lack of targeted research reveals
an important gap that this study seeks to address.

This research aims to explore the impact of lemmatization in
the preprocessing stage, compare the performance of different
Word2Vec vector dimensions (100 and 300), and evaluate the
effectiveness of various SVM kernels in classifying sentiments
of RPG game reviews on Steam. Using a dataset of 10,000
user-labeled reviews, this study is designed to identify the
most effective configurations for domain-specific sentiment
classification.

Over time, the outcomes of this research could support the
advancement of smarter systems for summarizing reviews,
building recommendation engines, and tracking user senti-
ments within the gaming sector. Additionally, the methodology
proposed here may serve as a foundation for future research
on sentiment analysis in other domains involving complex and
unstructured textual data.

Il. LITERATURE REVIEW

Research [10] raised the topic of sentiment analysis on
public policy using Twitter data and applied a feature ex-
pansion approach with Word2Vec to overcome vocabulary
mismatches in short text content. The study aimed to improve
sentiment classification performance by comparing feature
expansion using Word2Vec across three different corpora. Both
Support Vector Machine (SVM) and Logistic Regression were
employed for classification, where SVM obtained the best
accuracy at 78.99%. This research highlights the advantage
of using feature expansion combined with Word2Vec in en-
hancing the model’s performance for classifying Indonesian-
language tweets related to public policies.

In research [11], a sentiment analysis framework combining
Word2Vec and SVM was proposed for analyzing Amazon
product reviews. The study utilized the Amazon Fine Food
Reviews dataset, focused on preprocessing, and semantic
representation through Word2Vec. The results indicated the
Word2Vec and SVM combination performed with an accuracy
of 83.45%. This study demonstrated that integrating semantic
features through Word2Vec enhances the detection of complex
sentiment patterns in e-commerce review data. However, the
research lacks detailed reporting on the specific number of
samples used in each experimental configuration and does not
include a comparative analysis across multiple datasets, which
may limit the generalizability of the results.

Research [12] analyzed public sentiment toward the “Kam-
pus Merdeka” policy using Twitter data collected between
January 2020 and February 2023. The study used a lexicon-
based method for initial sentiment labeling and employed the
Support Vector Machine (SVM) algorithm for classification.
The model was evaluated with the highest accuracy of 91.18%.
Moreover, the study revealed that the majority of Twitter
users expressed positive rather than negative sentiments toward

the “Kampus Merdeka” program, indicating that the public
generally responded favorably to it.

I1l. METHODS
A. System Design

This research focuses on analyzing the sentiment of reviews
related to an RPG game available on Steam. An outline of the
system developed for this purpose is illustrated in Figure 1.

.—7/Dataset Review /L)

Evaluation [€—

Preprocessing Splitting Data

Testing Dataset

— Create SVM Model

Fig. 1. System Design Flowchart

B. Dataset

This study uses user reviews of role-playing games (RPG)
collected from the Steam platform via web scraping. Each
review was independently labeled by three human annotators
as 1 (positive) or 0 (negative), then validated using a pretrained
model to ensure consistency and reliability. Table | shows a
sample of the dataset prepared for further analysis.

TABLE |
DATASET

Label Sentence

1 Best game | ever played my whole life.
The entire experience of playing this game
is outstanding. The graphics are just clean
and incredible, the gameplay feels really
fluid and fun, every enemy in the game is
perfectly designed for the series. This game
is going to impress you from begin to the
end.

0 Bad game, not hard, not fun.

The data gathered consists of reviews or comments on the
application, with a total of 10,000 data points collected as
shown in Figure 2 below.

C. Preprocessing

The preprocessing stage is conducted to address issues
encountered during data processing. Data preprocessing has
a vital impact on the performance of traditional machine
learning [13]. The steps involved in this stage include Cleans-
ing, Case Folding, Stopword Removal, Lemmatization, and
Tokenization. Figure 3 below illustrates the flowchart of the
preprocessing steps applied.

1) Cleansing: The initial phase, known as Cleansing, serves
as a preprocessing step designed to remove unnecessary
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Distribusi Sentimen dalam Dataset

Folding, involves converting every uppercase character
in a word into its lowercase form. An illustration of this
i process is provided in Table I11.

TABLE 11
Case FoLDING

Label Sentimen

Negative Sentence Before Case Folding Sentence After Case Folding
From a fan of DSR this game is from a fan of dsr this game is fun
fun but not in a playable state due but not in a playable state due to a
0 1000 2000 3000 4000 5000

Jumiah

Fig. 2. Total Dataset

to a garbage port to PC Unstable
Crashing more frequently as |
progress Unfinished Some spells
have broken stats where a was left
off of a value Poorly Optimized
Performance Server Issues
connection error when trying to
play with others as of March DO
NOT PLAY WITH TWO
MONITORS

garbage port to pc unstable crash-
ing more frequently as i progress
unfinished some spells have bro-
ken stats where a was left off of
a value poorly optimized perfor-
mance server issues connection er-
ror when trying to play with others
as of march do not play with two
monitors

3) Stopword Removal: The third step, Stopword Removal,

involves eliminating less meaningful words that have
| minimal impact on the classification process. An illus-
tration of this process is presented in Table IV.

Cleansing

Case Folding

l TABLE IV
STOPWORD REMOVAL

Stopword Removal

Lemmatization

-

Sentence Before Stopword
Removal

Sentence After Stopword Removal

from a fan of dsr this game is fun
but not in a playable state due to
a garbage port to pc unstable
crashing more frequently as i
progress unfinished some spells

fan dsr game fun playable state due
garbage port pc unfinished spells
broken stats left value poorly op-
timized performance server issues
connection error trying play others

have broken stats where a was left
off of a value poorly optimized
performance server issues
connection error when trying to
play with others as of march do
not play with two monitors

march play two monitors
Tokenization

4) Lemmatization: The next step is Lemmatization, which
refers to the process of mapping various word forms
to their base form or lemma [14], taking into account
both context and part of speech. This ensures that the
resulting word is grammatically correct and semantically
appropriate within the sentence. Table V illustrates an

Fig. 3. Preprocessing Flowchart

TABLE Il
CLEANSING

Sentence Before Cleansing

Sentence After Cleansing

From a fan of DSR, this game is
fun but not in a playable state due
to a garbage port to PC. Unstable-
Crashing more frequently as |
progress. Unfinished- Some spells
have broken stats where a 0"
was left off of a value. Poorly
Optimized- Performance. Server
Issues- ’connection error””” when
trying to play with others as of 19
March. DO NOT PLAY WITH
TWO MONITORS.

From a fan of DSR this game is
fun but not in a playable state due
to a garbage port to PC Unsta-
ble Crashing more frequently as
| progress Unfinished Some spells
have broken stats where a was left
off of a value Poorly Optimized
Performance Server Issues connec-
tion error when trying to play with
others as of March DO NOT PLAY
WITH TWO MONITORS

example of its implementation.

TABLE V
LEMMATIZATION

Sentence Before Lemmatization

Sentence After Lemmatization

fan dsr game fun playable state
due garbage port pc unstable
crashing frequently progress
unfinished spells broken stats left
value poorly optimized
performance server issues
connection error trying play others
march play two monitors

fan dsr game fun playable state due
garbage port pc unstable crash fre-
quently progress unfinished spell
break stats leave value poorly opti-
mize performance server issue con-
nection error try play others march
play two monitor

terms and punctuation. Table 11 illustrates an example
of this procedure.
2) Case Folding: The second stage, referred to as Case

5) Tokenization: The last stage, Tokenization, is the process
of dividing a sentence into separate words. An example
of this step is shown in Table VI.
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TABLE VI
TOKENIZATION

Sentence Before Tokenization Sentence After Tokenization

fan dsr game fun playable state fan’,  ’dsr’, ’game’, fun’,
due garbage port pc unstable ’playable’, ’state’, *due’,
crashing frequently progress ’garbage’, ’port’, ’pc’, ’unstable’,
unfinished spells broken stats left ’crash’, ’frequently’, ’progress’,
value poorly optimized ‘unfinished’,  ’spell’,  ’break’,

performance server issues
connection error trying play others
march play two monitors

’stats’, ’leave’, ’value’, ’poorly’,
’optimize’, *performance’, ’server’,
’issue’, “connection’, “error’, ‘try’,
’play’, ’others’, ’march’, ’play’,
’two’, “monitor’

D. Data Splitting

Following preprocessing, the dataset is divided into two
parts: one designated for training the model and the other for
assessing its performance. In this study, 9,000 out of 10,000
game reviews (90%) are used for training and as the corpus
for Word2Vec, while the remaining 1,000 reviews (10%) are
reserved for testing the classification models.

Number of Class 1 and Class 0 Data for Training and Testing (10000 total data)
4508 4492

= Training
Testing

3000

Total Data

2000

1000

Fig. 4. Training and Testing Dataset

Figure 4 presents the distribution of Class 0 and Class 1
samples across the training and testing datasets. From a total
of 10,000 instances, 4,508 instances from Class 0 and 4,492
instances from Class 1 were allocated to the training set, while
the remaining 492 and 508 instances from Class 0 and Class
1, respectively, were assigned to the testing set. The relatively
balanced class distribution in both subsets ensures that the
model can be trained and evaluated without class bias, thereby
contributing to more robust and generalizable performance.

E. Word2Vec

Word2vec is well known and widely used in learning word
embedding from raw text introduced by Mikolov et al. [15]
to transform words in a text into vector representations. The
process works by using a text corpus as input and producing
vector representations for each word within it.

eXtXt+j
P (we+j|we) = (1)
= eXe Xery

j=-cj~=0

This formula represents the probability of a context word
we+; appearing given a target word w: in the Skip-Gram
model of Word2Vec. It uses the softmax function over the
dot product between the vector representations of the tar-
get and context words. A higher dot product indicates a
stronger semantic similarity, leading to a higher probability.
The denominator normalizes this value by summing over all
words within the context window (excluding the target itself),
ensuring the output is a valid probability distribution. The
primary objective is to develop word embeddings that reflect
the semantic connections among words in the text.

F. Support Vector Machine

Support Vector Machine (SVM) is a supervised learning
technique that can be applied to both classification and re-
gression problems. Compared to many other classification
methods, SVM offers a more structured and efficient ap-
proach, especially in modeling classification problems. SVM
is a discriminant technique, and, because it solves the con-
vex optimization problem analytically, it always returns the
same optimal hyperplane parameter [16]. This margin-based
optimization makes SVM particularly effective in handling
high-dimensional data. Figure 5 below illustrates a visual
representation of the SVM model used in this study.

sixe-A |

Fig. 5. VM Model Representation [17]

SVM offers three types of kernel functions that can be
utilized, namely Polynomial, RBF (Radial Basis Function),
and Linear kernels.

This study employs the Support Vector Machine (SVM) to
establish the most effective decision boundary for classifying
reviews as either positive or negative. Unlike many other
classification approaches, SVM is recognized for its precision
and efficiency in forming decision boundaries. Choosing the
appropriate kernel is essential for model performance, as its
effectiveness may differ depending on the dataset’s character-
istics.

G. Confusion Matrix
Model performance is analyzed using a confusion matrix,

a common statistical technique for classification assessment.
Confusion matrix is a statistical table used to summarize the
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predictions of the applied model [18]. The confusion matrix
is composed of four key components that represent prediction
results: True Positive (TP), True Negative (TN), False Pos-
itive (FP), and False Negative (FN). These metrics help in
understanding how well the model distinguishes between the
sentiment classes, and are essential for calculating precision,
recall, and other performance indicators. Table VII shows the
visualization of the confusion matrix.

TABLE VII
CONFUSION MATRIX

Positive | Negative
Positive TP FP
Negative FN TN

1) Recall:

TP

R:i
TP +FN

In performance evaluation, recall highlights the sensitiv-
ity of a model toward positive data. It is quantified by
comparing the number of true positives detected to the
total positives that actually exist in the dataset.

2) Precision:

TP
P:
TP + FP

As an evaluation indicator, precision reflects the correct-
ness of positive classifications by comparing correctly
predicted positives with all instances labeled positive by
the model.

3) F1-Score:

2 - Precision - Recall
"~ Precision + Recall

To achieve a comprehensive measure, the F1-score inte-
grates both recall and precision via their harmonic mean.
This metric is often applied to deliver a balanced eval-
uation of classification models, particularly in contexts
where one class significantly outweighs the other.

IV. RESULTS AND DISCUSSIONS

This study investigates three experimental scenarios to de-
termine the most effective way of handling preprocessing and
classification. In the initial scenario analyzes the impact of
lemmatization by comparing results obtained with and without
its application. The second scenario assesses differences in
performance between Word2Vec models trained with 100 and
300 dimensions. In the final scenario, the study evaluates SVM
classifiers by testing various kernels, namely RBF, Polynomial,
and Linear, with the aim of identifying the kernel that yields
the best classification performance.

A. Scenario 1 : Lemmatization and Without Lemmatiza-
tion
Scenario 1 involved experiments comparing text preprocess-
ing with lemmatization and without lemmatization, using 300-
dimensional and Polynomial Kernel Word2Vec for feature ex-
traction and SVM for classification. The results are presented
in Table VIII.

TABLE VI
PERFORMANCE COMPARISON OF LEMMATIZATION AND
NON-LEMMATIZATION

Preprocessing Precision | Recall | F1-Score
Lemmatization 88.7% 88.5% 88.6%0
Non-Lemmatization 80.9% 77.7% 79.3%

Lemmatization addresses morphological variations by con-
verting words into their base or dictionary form, referred to
as a lemma. This step is particularly beneficial in natural
language processing tasks, as it enhances consistency in textual
data representation. As for the language modeling techniques,
lemmatization produced better precision [19]

B. Scenario 2 : Word2Vec Dimensions

Following the completion of the first scenario, the second
scenario was conducted to perform additional experiments. In
this stage, the Polynomial kernel is still used, and lemmatiza-
tion is used in this scenario. The results obtained from this set
of experiments are presented in Table X below.

TABLE IX
PERFORMANCE COMPARISON FOR DIFFERENT WORD2VEC DIMENSIONS
Word2Vec Dimensions | Precision | Recall | F1-Score
100 73.2% 72% 72.6%
300 88.7% 88.5% 88.6%

Table 1X demonstrates that the larger 300-dimensional
Word2Vec model performs both more effectively and more
consistently than the smaller 100-dimensional version. A
larger vector space allows for richer representation of word
relationships within the language. The increase in dimen-
sionality contributes to stronger correlations between word
vectors. This is in line with the approach used in paper
[20], which conducted a comparable experiment achieved the
highest accuracy of 80,8% when utilizing Word2Vec with 300
dimensions.

C. Scenario 3 : SVM Kernel Linear, RBF, and Polynomial

In the final scenario, the focus is on comparing the kernel
presented in Table 1X with other kernel types, specifically
Polynomial, RBF, and Linear. This stage continues to use
lemmatization and the 300-dimensional Word2Vec model, as
both configurations demonstrated strong performance in the
preceding experiments. The outcomes of this comparison are
detailed in Table X below.

According to the results presented in Table X, the Poly-
nomial kernel surpassed both the RBF and Linear kernels in
classification performance. This superiority may result from its
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TABLE X
PERFORMANCE COMPARISON FOR DIFFERENT SVM KERNELS
SVM Kernel | Precision | Recall | F1-Score
Polynomial 88.7% 88.5% 88.6%
RBF 88.6% 87.7% 88.2%
Linear 88.1% 86.4% 87.2%

capability to expand the feature space into higher dimensions,
enabling clearer linear boundaries between classes. Contrary
to its typical dominance, the RBF kernel was marginally less
effective in this experiment, while the Linear kernel showed
moderate but still weaker results. These findings are in line
with the work of Muflikhah et al. [21], which concluded that
Polynomial kernels provide better performance than RBF for
product review analysis.

V. CONCLUSION

The results suggest that incorporating lemmatization pro-
vides substantial improvements, generating cleaner and more
context-aware word representations. This highlights that
lemmatization functions not only as a reduction process but
also as a way of preserving semantic meaning. Likewise,
300-dimensional Word2Vec embeddings outperform their 100-
dimensional counterparts by offering a broader representation
space and enhancing classification performance. Among the
kernel options, the Polynomial kernel stands out as the most
effective, especially when combined with lemmatization and
300-dimensional Word2Vec, achieving peak performance of
88.6%.

Based on the analysis of all scenarios, the Polynomial kernel
demonstrated the ability to adapt to different preprocessing
variations and efficiently leverage the detailed word vector
representations in high-dimensional space, making it the most
suitable kernel.

Future research is recommended to examine additional pre-
processing aspects—such as stemming, word normalization,
and data cleaning—that may impact classification outcomes.
These studies may provide a better understanding of text
classification model performance and contribute to the devel-
opment of more effective models.
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