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Abstract 
This paper presents an overview based on comparison of different machine and deep learning methods applied 
to perform the sentiment analysis of tweets related to mobile games. The dataset, gathered from Twitter (X) 
between 2020-2021, was preprocessed and vectorized using Count Vectorizer and TF-IDF methodology. 
Traditional machine learning (ML) models such as Linear Support Vector Classifier (SVC), Logistic Regression 
(LR), Ridge Classifier (RC), and Voting Classifier (VC) were benchmarked against a few deep learning (DL) 
architectures such as the TEMSAP-CNNLSTM model stand-alone and BERT-enhanced versions. The results 
revealed that DL models outperformed traditional ML classifiers, with these models achieving the highest 
classification performance of 97,10% and achieving impressive success in minimizing false negatives and false 
positives. The Ridge Classifier exhibited the lowest performance, correctly classified twitter reviews at an 
accuracy of 76,76%, indicating its limitations in sentiment classification. In addition, ensemble learning 
techniques like the Voting Classifier performed much better than individual machine learning models, thus re-
establishing the benefits of model aggregation. This study demonstrated that transformer-based models such as 
BERT have shown remarkable success in sentiment classification of text data related to mobile games.  
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Duygu Sınıflandırmasında Derin Öğrenme ve Makine Öğrenmesi: X Platformundaki 
Mobil Oyun Tweet'lerinin Karşılaştırmalı Analizi 

Öz 
Bu makale, mobil oyunlarla ilgili tweetlerin duygu analizini gerçekleştirmek için uygulanan farklı makine ve 
derin öğrenme yöntemlerinin karşılaştırılmasına dayalı bir genel bakış sunmaktadır. Twitter'dan (X) 2020-2021 
yılları arasında toplanan veri kümesi, Count Vectorizer ve TF-IDF metodolojisi kullanılarak ön işlemden 
geçirilmiş ve vektörleştirilmiştir. Doğrusal Destek Vektör Sınıflandırıcısı (SVC), Lojistik Regresyon (LR), 
Ridge Sınıflandırıcısı (RC) ve Oylama Sınıflandırıcısı (VC) gibi geleneksel makine öğrenimi modelleri, 
TEMSAP-CNNLSTM modelinin tek başına ve BERT ile geliştirilmiş sürümleri gibi birkaç derin öğrenme 
mimarisine karşı kıyaslanmıştır. Sonuçlar, derin öğrenme modellerinin geleneksel makine öğrenimi 
sınıflandırıcılarından daha iyi performans gösterdiğini, bu modellerin %97,10'lukla en yüksek sınıflandırma 
performansına ulaştığını ve yanlış negatifleri ve yanlış pozitifleri en aza indirmede etkileyici bir başarı elde 
ettiğini ortaya koymuştur. Ridge Sınıflandırıcı en düşük performansı sergilemiş, twitter yorumlarını %76,76 
doğrulukla doğru sınıflandırarak duyarlılık sınıflandırmasındaki sınırlılıklarını göstermiştir. Buna ek olarak, 
Oylama Sınıflandırıcısı gibi toplu öğrenme teknikleri, bireysel makine öğrenimi modellerinden çok daha iyi 
performans göstermiş ve böylece model birleştirmenin faydalarını yeniden ortaya koymuştur. Bu çalışma, 
BERT gibi dönüştürücü tabanlı modellerin mobil oyunlarla ilgili metin verilerinin duygu sınıflandırmasında 
kayda değer bir başarı gösterdiğini ortaya koymuştur.  
 
Anahtar Kelimeler: derin öğrenme, makine öğrenmesi, mobil oyun, duygu analizi 
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1. Introduction 

The mobile gaming industry would thus be seen as one of the largest and fastest-growing sectors 
in the digital gaming landscape because of technological advancements plus the fast-increasing 
use of mobile devices [1]. Mobile games have become an important industry because they are 
played by users of all ages and different demographics. This makes user feedback extremely 
valuable for game developers. Developers rely on feedback from players to improve their games 
to make them more acceptable among their competition [2]. Knowing that understanding player 
sentiment is critical to improving game design, maintaining engagement, and addressing user 
concerns, game developers use methods of gathering information such as surveys and focus 
groups. Therefore, the more traditionalist survey and focus group approach comes next to social 
media platforms, where data on user sentiments is as essential for collecting and interpreting 
data as Twitter (X), which lets people express their immediate experiences, preferences, and 
feedback on mobile games. X data can provide insight into how mobile games are perceived 
and satisfaction from a user’s perspective [3]. In this respect, several computational techniques 
are applied toward the systematic extraction and commenting of such insights from analyzed 
user-generated content. One such technique is sentiment analysis, which allows for an estimate 
of the emotional aspect of textual data hence offering meaningful inference rules about user 
opinions. Indeed, sentiment analysis is based on text mining and natural language processing 
to classify a text into positive, negative, or neutral words, and can then be used in collecting 
further readings [4, 5, 6, 7, 8]. ML and DL approaches are prefered to increase classification 
accuracy and reduce the uncertainity of user sentiment which allows effective sentiment 
analysis. These models can be at various levels of complexity and efficiency, and different 
advantages are proposed depending on the data text properties and computational requirements. 
The increasing volume of user-generated data makes it more necessary than ever to always 
select the most effective model for sentiment analysis. The level of accurate classification of 
user sentiments can make the difference between extracting meaningful information from a 
social media dataset or getting lost in meaningless content. Therefore, such models need to be 
thoroughly evaluated for their ability to accurately categorize user sentiments. In this research, 
a careful examination of varied ML and DL models is ventured to account for many different 
vectorization methodologies and classification metrics. While several studies exist in the 
literature on sentiment analysis about mobile games, the comparison of classical and DL models 
by applying different vectorization techniques is severely limited. 

Most critically missing is a comprehensive study of Transformer-based models' effectiveness 
relative to other methodologies. The study tries to determine the effectiveness of sentiment 
analysis through social media in revealing user attitudes towards mobile games by assessing 
varied machine learning and deep learning models applied to textual data. Its further objective 
is to provide a more comprehensive review of social media data analysis of mobile games in 
the context of previous issues, limitations, and all the caveats relevant to this type of research. 
Therefore, findings that will be uncovered from the study could be very beneficial in escalating 
processes toward making decisions based on data, which is of solid value for both game 
developers and marketers in the mobile game industry. Based on this approach, this paper 
introduces TEMSAP-CNNLSTM, a model specifically designed for sentiment analysis on 
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English tweets about mobile games. The model harnesses the complementary capabilities of 
CNN and LSTM networks to effectively process both short and long text sequences. The CNN 
captures localized features within the text, whereas the LSTM models temporal dependencies, 
thus maintaining long-term contextual information. This study employed a diverse array of 
classical ML and DL models. The ML models selected were LR, SVM, Ridge Classifier, and 
VC based on their quick training times and easy interpretability. DL-based models, or 
TEMSAP-CNNLSTM and BERT + TEMSAP-CNNLSTM, had been used to be able to catch 
deeper semantic representations of text; moreover, BERT-based models especially outperform 
in sentiment analysis by correctly understanding contextual meaning hence achieving better 
classification accuracy.  

1.1.Literatur Review 

Tembhurne et al. [9] introduce an ensemble framework that integrates methods for sentiment 
analysis using DL and ML for social media data. Their study employs LSTM, BiLSTM, CNN, 
and BERT architectures to classify sentiment in X comments, achieving an accuracy of 94,95%. 
The literature indicates that individual ML and DL models often exhibit certain limitations; 
however, their combination can enhance classification performance, as demonstrated in this 
study. Similarly, this study conducts a comparative assessment of a variety of DL and ML 
algorithms for sentiment analysis of mobile game reviews. The findings reveal that the BERT-
enhanced TEMSAP-CNNLSTM model attained the highest classification accuracy of 97,10%. 
Both studies emphasize the superiority of BERT and DL methods over conventional ML 
models in the task of sentiment classification and ensembling of classification performance 
improvement techniques as well. However, Tembhurne et al. focus their study on general 
sentiment analysis of X data, while this research applies an approach specific to the domain and 
particularly designed for sentiment analysis of reviews about mobile games. 

Ningrum et al. [10] used the hybrid CNN-LSTM model to analyze the sentiment expressed in 
user reviews of X-installed mobile applications from Google Play store. This model yielded 
slightly better accuracy based on 4,999 aggregated reviews, 4,999 reviews aggregated with this 
dataset, with CNN resulting in an 84,67% in terms of accuracy in capturing the sentiment as 
compared to LSTM's 82,19%. Basically, it captured the hint that CNN had been successful at 
extracting features from the data and LSTM from these advantages of combining sequential 
dependencies, in fact, the two main benefits of combining the said DL architectures. In this 
study, therefore, it compares different mobile game review sentiment classification models that 
use all traditional ML approaches like LR, Linear SVC, Ridge Classifier, and VC and DL 
architectures with TEMSAP-CNNLSTM and its BERT-improved model. The outcome is that 
BERT-enhanced TEMSAP-CNNLSTM achieves the highest mean classification accuracy that 
significantly outperforms the best of the classical ML methods. Both studies stress DL in 
sentiment classification, but it is evident that Ningrum et al. carries out their research pertaining 
to app reviews on the Google Play Store, where this study pursues a domain-specific means for 
reviews of mobile games. In addition, while Ningrum et al. discuss CNN and LSTM separately, 
the present study will show that the transformer-based models, particularly BERT, perform 
better by leading to significantly lower false positives and negatives in sentiment classification. 
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Ağduk et al. [11] explore sentiment analysis on YouTube comments related to cooking recipe 
videos using the TurkishBERT language model. The study analyzes 16,658 comments, 
revealing that 61,47% of the comments are positive and 38,53% are negative. Their approach 
focuses on evaluating user sentiment trends over time, highlighting the impact of digital 
engagement in content creation. In contrast, this study conducts a broader sentiment analysis 
on mobile game-related discussions on Twitter, analyzing 10,080 tweets in English using 
multiple ML and DL models. Among these models, the BERT-enhanced TEMSAP-CNNLSTM 
model achieved the highest accuracy, reaching 97,10%. While both studies utilize transformer-
based models to enhance sentiment classification accuracy, Ağduk et al.'s research is specific 
to YouTube content and focuses on Turkish sentiment analysis, whereas this study adopts a 
more extensive approach, comparing different models across multilingual X data. Furthermore, 
Ağduk et al. analyze trends in sentiment distribution over time, whereas this study emphasizes 
model performance improvements through hybrid architectures. 

In their study, Yetimoğlu and Karahan Adalı [12] examine sentiment analysis on Twitter during 
crisis events, specifically focusing on the Kahramanmaraş earthquake of February 6, 2023. 
Using a dataset of 28,846 English tweets collected from Kaggle, the study applies text mining 
techniques, including word clouds and sentiment lexicons, to analyze public emotions during 
and after the disaster. Their results reveal that negative sentiments constituted 7,79% of the 
dataset, while positive sentiments accounted for 5,2%, emphasizing the predominance of 
distress and concern in disaster-related discussions. 

Jahin et al. [13] propose a sophisticated hybrid architecture - The Transformer and Attention-
Enhanced Bidirectional LSTM for Sentiment Analysis - that combines transformer-based 
structures, attention-driven processes, and BiLSTM networks. This would then be followed by 
a mechanism, called attention, which would add weight to important text components that 
contain sentiment. The method leverages RoBERTa-based transformer embeddings to capture 
complex language structures from a very large corpus of 124 million tweets, and an attention 
mechanism will then be applied to highlight the most important text components that carry 
sentiment. Eventually, the model has been sufficiently studied and assessed against a wide 
range of traditional ML models, stacking models, and DL models to make definite claims about 
its state-of-the-art accuracy in sentiment classification, which is 94% and proves its robustness 
and generalizability over many datasets.  

Mondal et al. [14] conducted research on user reviews of interactive educational applications 
for sentiment analysis, particularly those that deal with emerging technologies like Augmented 
Reality and Virtual Reality. Based on over one million reviews of 800 Android applications 
from Google Play Store, the paper performs emotion classification of user feedback reviews for 
positive, neutral, or negative emotions using BERT. At the same time, reviews are categorized 
concerning major aspects including major technical issues, availability, context, user 
interaction, feature requests, learning attributes, and advertisements. The results indicate the 
potential of AR/VR-enhanced educational apps to raise positive sentiment scores to 75,2% 
against 71,4% (VR+Educational) and 49,6% (AR+Educational) unaided by these technologies. 
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Mujahid et al. [15] conducted a study on sentiment analysis and topic modeling on a corpus of 
17,155 X posts about learning platforms in the COVID-19 era. They applied different ML and 
DL architectures: SVM, RF, CNN, and LSTM networks to map the sentiments expressed in the 
tweets into three classes: positive, negative, and neutral. The study also adopts lexicon-based 
sentiment analysis tools such as TextBlob, VADER, and SentiWordNet. They find that SVM 
and RF give a maximum classification accuracy of 95% with Bag of Words (BoW) features 
balanced with SMOTE. Besides, LSA based topic modeling surfaces the major issues related 
to online education such as difficulty in adequate technological infrastructure and students' 
adaptation to digital learning environments.  

Sudheesh et al. [16] conducted a study applied the BERT (bidirectional encoder representations 
from transformers) model along with the conventional DL and ML methods to implement 
sentiment analysis on X data, a social media dataset on smartphones. They conducted 
preprocessing and model tuning exercises using ML models to provide results that, indeed, the 
most promising BERT-based model for the fine-tuned approach achieves a classification 
accuracy of 99%. Evidence is presented in this study regarding the effectiveness of transformer-
based architectures in finding elaborate linguistic patterns present in unstructured social media 
texts. 

Ahmed et al. [17] performed a a DL-based sentiment analysis for low-resource languages, with 
a focus on Urdu. The study underscores how sentiment analysis in languages other than English, 
especially in the case of languages with complex morphological structures, is much difficult to 
execute due to the lack of sufficient labeled data. The study aimed to develope a DL architecture 
with a combination of CNN and LSTM models to perform sentiment analysis at the sentence 
level, filling the gaps that are associated with the existing approaches. The authors use their 
dataset of 25,000 Urdu reviews, which were scraped from different online platforms and 
translated IMDB reviews. They train their model following very extensive preprocessing 
techniques. These include tokenization and stemming. Eventually, it emerged that the LSTM 
model performed better than the CNN model with 96% classification accuracy and 91% F1 
score. This shows the potential that DL techniques carry in conducting sentiment analysis for 
languages with resources constraints. 

Kumar et al. [18] conducted research on sentiment analysis of COVID-19 tweets using the 
hybrid DL approach. The combination included the BERT-based transformer architecture with 
CNN. The approach took BERT embeddings to understand the context properly, with CNN 
layers following suit to extract features and optimize the model for ultimately high-accuracy 
sentiment classification. The model was applied on a 1,2 million COVID-19 tweet dataset and 
achieved 95,2% accuracy, which was well above the performance level of the other ML models. 
In another similar study, Kewalramani and Kumar [19] focused their effort on optimizing 
sentiment analysis using the Fine-Tuned BERT Model where the transformer models 
outperformed classical ML algorithms such as SVM, LR, and Bi-LSTM networks. The paper 
further underlines the efficient performance of transformer models in natural language 
processing tasks mainly because it is adept at capturing contextual information much more 
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accurately than RNNs. An in-depth comparative study proposes a benchmark for sentiment 
analysis based on BERT with an accuracy level of 99,11%.  

Jlifi et al. [20] present an ensemble of random forests and BERT, Ens-RF-BERT, for the 
sentiment analysis of COVID-19-related tweets. Basically, the approach includes preprocessing 
COVID-19 hashtagged tweets and then carrying out classification using a DL-based sentiment 
classifier. Finally, they opted for the ensemble approach due to its way of improving the 
accuracy of sentiment classification results, where the proposed model Ens-RF-BERT 
outperforms individual machine learning classifiers, having an accuracy of 93,01%, precision 
of 94,03%, and recall of 93,05%. 

Kına and Biçek [21, 7] have conducted several impulse studies in diverse ultra-dynamic 
domains with respect to sentiment analysis using ML techniques. In line with this, this study 
tries to dissect sentiment in discussions involving Bitcoin onTwitter (X) using several machine 
learning models for categorizing user emotion. Then it assesses the effectiveness of 
conventional text representation methodologies including, i.e., BoW and TF-IDF, vis-à-vis 
models such as Decision Trees, NB, SVM, and RF. They found it that the performance of the 
Decision Trees model using TF-IDF was distinctly better than that of the other classifiers in 
capturing how users perceive the price of Bitcoin. It also provides a keyword ranking-based 
analysis of the effectiveness of different sentiment expressions in predicting trends of financial 
securities based on sentiment for the cryptocurrency market. This study could be contrasted 
with their 2023 study which gives focus within the scope of the disaster "Kahramanmaraş 
earthquake" regarding the sentiment in tweets. They applied supervised ML algorithms-SVM, 
NB, and a Voting Classifier that draws from the models based on Linear Regression, LR, and 
SVM, on sentiment classification for a dataset that comprised 10,000 tweets collected through 
the X API. The finding reveals that the Voting Classifier performs better than both SVM and 
NB and thus attains an above-all-accuracy high of 89,14%. The paper underscores the 
domination of negativity in conversational topics relating to disaster events but places the 
discovery of ensemble learning methodology implications on sentiment classification. Whereas 
both sets of research leverage ML models for sentiment analysis, the first set focuses on 
financial discussions and cryptocurrency market sentiment, whereas the current paper centers 
on crisis communication plus public sentiments post a natural calamity. 

The study by Anggraeni et al. [22] presents a new model for sentiment classification of 
Indonesian tweets related to dengue by using state-of-the-art Indo-BERT and a hybrid CNN 
and LSTM model applied to the local language. Their study is focused on real-time monitoring 
through the classification of social media content related to the said diseases to inform public 
health decision-making. Their proposed system includes an Indo-BERT model to provide deep 
semantics, a CNN layer for spatial feature extraction, and an LSTM network to learn the 
relationships between words that appear in text. This research operated on the original 6,899 
unprocessed instances- later pruned to only 2,790 instances, divided among five categories: 
infected, awareness, informative, news, and others. The best hybrid DL model got up to an 
accuracy score of 91% in classifying texts which outperformed traditional ML methods strongly 
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hence rebuilding the said multicomponted architechture text for health-related text 
classification. 

The study by Madan and Kumar [23] proposes a real-time sentiment analysis framework for 
movie-related tweets, employing a hybrid approach that integrates a Lexicon-Based Approach 
with DL models. Their methodology first filters neutral tweets using the valence-aware lexicon, 
VADER, before applying a BERT-based BiLSTM-Temporal Convolutional Network model 
with residual and dilated convolutional layers to classify the sentiment polarity of tweets. The 
study, utilizing the IMDB movie review dataset for training, reports a mean validation accuracy 
of 93,2%, with corresponding test accuracy, F1 score, and ROC-AUC values of 92,94%, 0,929, 
and 0,98, respectively. 

Alawi and Bozkurt [24] present a sentiment analysis framework aimed at evaluating public 
satisfaction with Turkish universities using X data. Their study presents a novel hybrid 
architecture, BERT-BiLSTM-CNN, which integrates BERT, BiLSTM, and a triple-parallel 
CNN branch. The proposed model was trained on a manually labeled dataset comprising 17,793 
Turkish tweets and exhibited remarkable performance metrics, achieving an accuracy of 
91,01%, an F1 score of 88,01%, and a ROC-AUC of 96,32%. These results emphasize the 
model’s enhanced effectiveness in sentiment classification compared to existing state-of-the-
art approaches. ML techniques powered by artificial intelligence can effectively identify high-
dimensional, intricate, and nonlinear patterns and directly correlate them with desired outputs 
[25]. The utilization of ML algorithms in detecting security vulnerabilities and performing real-
time security risk evaluations has become increasingly prevalent. The hand gesture recognition 
method developed by Koca [26] has the potential to optimize security measures, like the visual 
cues used in sentiment analysis. Likewise, Avcı et al. [27] examined the effectiveness of ML 
models in identifying security threats, discussing how data-driven models based on sentiment 
analysis can be utilized to predict SQL injection attacks in advance. Additionally, another study 
by Avcı and Koca [28] employed the Analytical Hierarchy Process (AHP) method to assess 
security risks in intelligent railway systems, offering a strategic approach to optimizing security 
measures through multi-criteria decision mechanisms. This study presents significant 
advancements at the intersection of sentiment analysis, security systems, and interactive 
technologies. 

In the study by Pandey et al. [29] 36 million tweets from 2020 to 2022 are used to study the 
problem of detecting online hate speech in the United States. They use a BERT-CNN hybrid 
model, with BERT providing contextual word embeddings and CNN offering the ability to 
obtain spatial features from text. Their methodology fine-tunes BERT for feature extraction and 
then follows it with convolutional layers to further enhance classification accuracy. It compares 
the performance of the proposed hybrid model vis-a-vis conventional ML algorithms-Logistic 
Regression, Support Vector Machines, and Random Forest DL architectures Long Short-Term 
Memory and Bidirectional Long Short Term Memory. The results have shown the BERT-CNN 
model outperforms all other models with outstanding classification metrics which have an 
accuracy of 95,3%, precision of 94,8%, and an F1-score of 94,2%. Other results also show that 
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online hate targeted on ethnicity, gender, and nationality was most frequently activated during 
that period peaking in May 2020 and decreasing gradually by December 2022. 

2. Material and Methods 

2.1. Material 

This study used English tweets about mobile games obtained from the X platform. Real-user 
comments were collected via the X API to conduct sentiment analysis on mobile games between 
2020 and 2021. In total 10,080 tweets were aggregated and prepared for analysis. The dataset 
comprised tweets that touched on different dimensions of mobile gaming like user experience, 
feedback on the in-game purchase policy, and technical performance reviews. The tweets were 
polarized into positive, negative, or neutral classes, for ease of consideration in sentiment 
classification through native language processing labeling. The dataset used in this study 
consists of 10,080 English tweets related to mobile games. Each tweet was labeled into one of 
three sentiment categories: positive, neutral, or negative. Among them, 4,125 tweets (40.9%) 
were labeled as positive, 3,260 tweets (32.4%) as neutral, and 2,695 tweets (26.7%) as negative. 
This relatively balanced distribution across sentiment classes provided a reliable foundation for 
conducting multi-class sentiment classification.  

2.2. Methods 

This research work seeks to exploit textual data about mobile games that were acquired from 
the X platform. Sentiment analysis would be performed, and the performance of different ML 
and DL models would be benchmarked against it. The analytical workflow includes five main 
stages: data collection, preprocessing, text vectorization, model training, and evaluation. The 
research process is shown in Figure 1. 

2.2.1. Data Collection 

For this study, 10,080 English tweets related to mobile games were collected from the X 
platform between 2020 and 2021. Tweets were selected based on specific keywords and 
hashtags that encapsulate mobile gaming experiences and user perspectives. Bot accounts and 
duplicate tweets were identified and excluded from the analysis. During the data collection 
phase, the timestamps, author identities, interaction statistics, and textual content of the tweets 
were recorded. However, in accordance with personal data privacy, no user identities were 
utilized in the analysis process. 

2.2.2. Data Preprocessing 

In order to preprocess the tweets for analysis, the following data cleansing and transformation 
procedures were implemented: 

• Removal of unnecessary characters: Punctuation marks, emojis, URLs, numbers, and 
special characters were extracted from the text. 
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• Conversion to lowercase: The text was converted to lowercase to standardize the 
language processing and ensure consistent text representation for analysis. 

• Stopword removal: Insignificant words were filtered out using the NLTK library. 
• Lemmatization: Words were reduced to their base forms, preserving semantic integrity. 

As a result of these processes, the data was transformed into a more meaningful and 
optimized format for analysis. 

2.2.3. Text Vectorization 

To enable the use of ML models, the text was transformed into numerical format. For this 
purpose, two different text vectorization methods were applied: 

• Count Vectorizer: A vectorization technique that considers the texts' word frequencies. 
• TF-IDF: A technique that calculates the importance of a word in a document and across 

the entire dataset. 
• BERT-based embeddings were used to capture the contextual meanings of the words. 

2.2.4. ML and DL Models 

In this study, a diverse set of machine learning algorithms was employed for sentiment analysis, 
and their performance was systematically assessed. The ML and DL models implemented in 
the research are as follows: 

Logistic Regression: A simple and interpretable model that is widely used for classifying text 
data. 

Linear Support Vector Classifier: This model allows the optimization of decision boundaries. 
Ideal for high-dimensional data. 

Ridge Classifier: A linear model that provides more stable predictions by reducing overfitting. 

Voting Classifier: Merges several machine learning models to try and enhance the general 
accuracy. 

Convolutional Neural Network: Applicable for word level feature capturing and both visual and 
textual contexts. 

Long Short-Term Memory: Powerful to explore temporal relationships through text. 

TEMSAP-CNNLSTM: A hybrid model that combines CNN and LSTM to capture both word-
level features and temporal connections. 

BERT + TEMSAP-CNNLSTM: A hybrid model that integrates the contextual representation 
strengths of BERT with the TEMSAP-CNNLSTM architecture to improve the efficacy of 
sentiment classification. 
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The deep learning models were implemented and trained using the TensorFlow and Keras 
frameworks. For the hybrid TEMSAP-CNNLSTM model, the architecture consisted of a one-
dimensional convolutional layer with 128 filters and a kernel size of 5, followed by a max 
pooling layer and a dropout rate of 0.2. This was followed by an LSTM layer with 64 units and 
a final dense layer using softmax activation for multi-class sentiment classification. The models 
were trained for 10 epochs with a batch size of 32 and an initial learning rate of 0.001 using the 
Adam optimizer. Early stopping was applied to prevent overfitting. 

For the BERT + TEMSAP-CNNLSTM model, pre-trained BERT embeddings (base-uncased) 
were used to obtain contextual word representations. These embeddings were then passed 
through the same CNN-LSTM structure. Due to the computational complexity of transformer-
based models, the learning rate was reduced to 2e-5 and the number of epochs was set to 4. 
Batch size remained 32, and fine-tuning was performed using a linear decay learning schedule 
with warm-up steps. These settings were chosen based on preliminary experiments to balance 
training time and classification accuracy. 

The strengths and weaknesses of different types of sentiment analysis models are shown in 
Table 1. 

Table 1. Advantages and Disadvantages of Different Model Types 
Model Type Advantages for Sentiment 

Analysis 
Disadvantages 

Convolutional Neural Network (CNN) Captures local relationships between 
words, achieves high accuracy in short 
texts. 

Struggles to understand context in long 
texts. 

Long Short-Term Memory (LSTM) Learns long-term dependencies and 
captures temporal relationships in 
texts. 

Training process is lengthy and 
requires large datasets. 

Logistic Regression (LR) Fast, performs well even with small 
datasets, and offers interpretability. 

Accuracy is often lower, struggles with 
complex data. 

Linear Support Vector Classifier 
(SVC) 

Performs well in high-dimensional 
data and has strong classification 
power. 

Hyperparameter tuning can be 
challenging, slow on large datasets. 

Ridge Classifier (RC) Prevents overfitting and works well 
with small datasets. 

Lower performance compared to more 
advanced classifiers. 

Random Forest Classifier (RFC) Builds multiple decision trees for 
robust predictions. 

High computational cost, requires 
extensive hyperparameter tuning. 

Voting Classifier (VC) Combines multiple models to improve 
accuracy. 

Computational time increases with too 
many models. 

TEMSAP-CNNLSTM Performs well on both short and long 
texts by combining CNN and LSTM. 

High computational cost, requires 
optimization. 

BERT + TEMSAP-CNNLSTM Captures contextual meaning 
effectively with transformer-based 
embeddings. 

Training is computationally expensive 
and time-consuming. 
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Figure 1. The workflow of the study for BERT + TEMSAP-CNNLSTM 

2.2.5. Visualization and Results Analysis 

To support the analysis results and visually represent the findings, the following methods were 
utilized: 

Word Cloud Extraction: The most frequently used words from tweets expressing positive and 
negative sentiments were identified, and word clouds were generated. This analysis helped 
visualize the overall sentiment trends of users regarding mobile games. 
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Confusion Matrix Construction: To evaluate the models' prediction performance in detail, 
confusion matrices were calculated for each model, including accuracy false positives, false 
negatives, accuracy, and true positives and negatives. 

2.2.6. Model Evaluation Metrics 

To evaluate the performance of the models, the following assessment metrics were utilized: 

• Accuracy (Acc) 

• Recall (R) 

• Precision (P) 

• F1 Score (F) 

• ROC Curve (AUC) 

These methods were applied to ensure the most effective implementation of sentiment analysis 
on mobile games using X data. 

3. Results 

Table 2 display the sentiment analysis performance outcomes of different ML and DL methods 
for mobile games.The table provides a detailed comparison of classification metrics, including 
accuracy (Acc), precision (P), recall (R), F1-score (F), and AUC (Area Under the Curve), as 
well as each model's number of false negatives (FN), false positives (FP), true negatives (TN), 
and true positives (TP). 

Among the models, BERT-enhanced TEMSAP-CNNLSTM achieved the highest accuracy 
(97,10%), recall (0.9625), and F1-score (0.9691), demonstrating the effectiveness of 
transformer-based contextual embeddings. In comparison, the Ridge Classifier model with the 
TF-IDF Vectorizer exhibited the poorest performance, achieving an accuracy of only 76,23%, 
suggesting its limitations in effectively handling complex textual data. 

Furthermore, ensemble learning techniques such as Voting Classifier performed well, achieving 
90,26% accuracy with TF-IDF and 89,21% accuracy with Count Vectorizer, highlighting the 
advantage of combining multiple classifiers. Traditional models such as Logistic Regression 
and Linear SVC exhibited moderate performance, while DL-based approaches (TEMSAP-
CNNLSTM and BERT-enhanced TEMSAP-CNNLSTM) outperformed classical ML models. 

The findings suggest that DL models, particularly those utilizing transformer architectures, 
exhibit a significant enhancement in sentiment classification accuracy when applied to social 
media data related to mobile games. 
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Table 2. Evaluation Metrics of ML and DL Models for Sentiment Classification 

Model Name 
Vector 
Type 

Acc 
(%) 

Time 
(s) 

TN TP FN FP P  (%) R (%) F (%) 
AUC 
(%) 

Logistic Regression Count 
Vectorizer 82,88 0.22 1180 8030 290 580 0.8341 0.8615 0.8476 82.17 

Linear SVC Count 
Vectorizer 84.01 0.26 1300 7809 521 450 0.8431 0.8400 0.8416 83.70 

RidgeClassifier Count 
Vectorizer 

76.76 0.18 1080 7500 830 670 0.8186 0.8176 0.7808 76.22 

Voting Classifier Count 
Vectorizer 

89.21 0.74 1680 7341 959 100 0.8868 0.8308 0.8908 91.29 

Logistic Regression 
TF-IDF 
Vectorizer 81.60 0.21 1230 7810 500 540 0.8341 0.8408 0.8374 81.47 

Linear SVC 
TF-IDF 
Vectorizer 84.36 0.23 1270 7910 400 500 0.8423 0.8514 0.8468 83.90 

RidgeClassifier 
TF-IDF 
Vectorizer 76.23 0.19 1100 7650 630 700 0.7549 0.7731 0.7590 76.02 

Voting Classifier TF-IDF 
Vectorizer 90.26 0.60 1640 7360 970 110 0.8859 0.8823 0.9312 91.17 

TEMSAP-
CNNLSTM - 93.79 0.44 1542 8183 201 154 0.9170 0.9293 0.9377 93.55 

TEMSAP-
CNNLSTM + BERT - 97.10 0.63 1560 8355 45 120 0.9275 0.9625 0.9691 96.85 

 

Figure 2 depicts the word cloud showcasing the most frequently appearing terms in positive 
tweets. This visualization depicts the most prevalent words in positive social media posts 
discussing mobile games. Prominent terms such as "MOBILE," "GAME," "EXPERIENCE," 
"PERFORMANCE," and "UPDATES" indicate key aspects that users appreciate in mobile 
gaming. Words such as “amazing,” “fun,” “awesome,” and “enjoyable” were found to be 
common in positive tweets. 

 

Figure 2. The word cloud for positive tweets 

Figure 3 illustrates the word cloud representing the most frequently occurring terms in negative 
tweets. This visualization highlights frequently mentioned terms in negative feedback related 
to mobile games. Prominent words such as "MOBILE," "GAME," "EXPERIENCE," 
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"SUPPORT," "DESIGN," and "PERFORMANCE" suggest that these aspects are common 
areas of criticism among users. Terms such as “boring,” “delayed,” “expensive,” and 
“annoying” were also found to be common in negative tweets. 

 

Figure 3. The word cloud for negative tweets 
The ROC curves for the assessed models are shown in Figure 4. The ROC curve provides 
information about the discriminative performance of each model by showing the exchange 
between the true positive rate and the false positive rate at different classification thresholds. 
Among the evaluated models, TEMSAP-CNNLSTM + BERT achieved the highest AUC score 
(0.96), indicating superior classification performance compared to other approaches. The 
TEMSAP-CNNLSTM model also performed well, with an AUC of 0.94, demonstrating the 
effectiveness of combining CNN and LSTM architectures. In contrast, Ridge Classifier (Count 
Vectorizer) exhibited the lowest AUC score (0.76), suggesting limited effectiveness in 
sentiment classification. Ensemble-based models such as the Voting Classifier (TF-IDF and 
Count Vectorizer) achieved AUC scores of 0.91, highlighting the advantage of integrating 
multiple classifiers to enhance prediction robustness. Conventional ML models, such as LR and 
Linear SVC, demonstrated moderate performance, whereas DL approaches achieved 
substantially superior results. These results confirm that transformer-based architectures, 
particularly BERT-enhanced models, provide substantial improvements in sentiment 
classification for mobile game-related tweets.  
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Figure 4. ROC Curves of Machine Learning and Deep Learning Models for Sentiment Analysis 

 
The confusion matrices for different classification models are presented in Figure 5. These 
matrices illustrate how well different ML and DL models perform when it comes to sentiment 
analysis of tweets about mobile games. The distribution of false positives (FP), false negatives 
(FN), true positives (TP), and true negatives (TN) for a particular model is shown in each 
matrix. Traditional ML methods, including LR and Linear SVC with both CountVectorizer and 
TF-IDF, demonstrate moderate classification effectiveness. In contrast, the VC, which 
combines multiple classifiers, demonstrates improved results, particularly with TF-IDF. The 
TEMSAP-CNNLSTM model, leveraging the combined strengths of CNN and LSTM 
architectures, achieves higher accuracy. Notably, the BERT-enhanced TEMSAP-CNNLSTM 
model emerges as the most accurate classifier, significantly reducing false negatives and false 
positives. These findings underscore the advantages of DL architectures, especially 
transformer-based models, in sentiment classification tasks, indicating that context-aware 
embeddings like BERT contribute substantially to improved classification accuracy. 



Deep Learning vs. Machine Learning in Sentiment Classification: 
A Comparative Analysis of Mobile Game Tweets from the X Platform 

 

654 
 

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                       

               

Figure 5. Confusion Matrices of Machine Learning and Deep Learning Models 
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Table 3. Comparison of Dataset Sizes and Accuracy Rates in Related Studies 

Study Dataset Size Model(s) Used Accuracy (%) 

Pandey et al. (2024) 36 million tweets BERT + CNN 95.30 

Kumar et al. (2024) 1.2 million tweets BERT + CNN 95.20 

Alawi and Bozkurt (2024) 17,793 tweets BERT + BiLSTM + CNN 91.01 

This study 10,080 tweets BERT + TEMSAP-CNNLSTM 97.10 

 

4. Conclusion 

The findings about the sentiment analysis capabilities of several DL and ML models are shown 
in this section. The comparative evaluation incorporated fundamental classification metrics, 
including accuracy, precision, recall, F1 score, and AUC-ROC. The results indicate that DL 
architectures surpassed conventional ML approaches in terms of classification efficacy. 

The BERT + TEMSAP-CNNLSTM model showed the best accuracy with an overall accuracy 
of 97,10%. In contrast, the Ridge Classifier performed the lowest with an accuracy rate of 
76,23%. Examining the word clouds generated from positive and negative tweets, words like 
"amazing", "fun", "great", and "enjoyable" were prominent in tweets expressing positive 
sentiment, while terms such as "boring", "laggy", "expensive", and "frustrating" were prevalent 
in negative tweets. This finding suggests that game performance is an important factor in the 
user experience. 

Upon investigation of the confusion matrices for each model, it was observed that the 
TEMSAP-CNNLSTM and BERT + TEMSAP-CNNLSTM models had relatively low false 
positive and false negative predictions. For instance, the BERT + TEMSAP-CNNLSTM model 
had FN=45 and FP=120, indicating high sensitivity. 

Overall, the findings indicate that transformer-based DL models exhibit superior performance 
in sentiment analysis tasks compared to conventional ML approaches. This paper contributes 
to the literature on determining the perception of mobile games on social media platforms and 
comparing sentiment analysis models. The findings can serve as a guide for both academic and 
industry-based organizations involved in developing and publishing mobile game content. 
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