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1. INTRODUCTION

In recent decades, technological developments have experienced a rapid surge, especially since the
emergence of the internet and personal computers in the 1980s. These technological advances have caused
major changes in various sectors, including information and communication [1], [2]. The significant increase
in internet technology has expanded the reach of information distribution. One aspect that supports this increase
is social media, where users not only function as recipients of information but also as creators of information.
The increase in the number of internet users in Indonesia is due to the various conveniences offered by social
media and the internet. Through social media, people can access information and communicate very quickly.

The use of data from social media is the latest innovative step that provides an alternative data source
outside of traditional data collection methods [3], [4]. Data collection via social media is considered to provide
efficiency in many ways. This efficiency includes the costs that must be incurred for data acquisition, being
able to obtain data in real time, and producing data that has more detailed information to describe the true
opinion of the community [5]. Activities such as those above that are related to analyzing and responding to
public opinion using data sourced from social media are called sentiment analysis [6], [7]-

Sentiment analysis, which is a subset of natural language processing (NLP), uses machine learning
methods to recognize and extract factual information from written text [8]. This analysis involves identifying
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emotional nuances and determining the overall sentiment—whether positive, neutral, or negative—expressed
by the author. Applying sentiment analysis to larger data sets allows for a more comprehensive and in-depth
level of analysis [9].

In NLP, computers do not have an innate understanding of textual language, so they need techniques
to convert words into vectors for easier understanding. The process of representing word vectors remains an
interesting area of research. This representation holds great significance as it profoundly influences the
accuracy and efficacy of the constructed learning models. This word representation technique is included in
the feature engineering section. Feature engineering in textual data has its own challenges due to the
characteristics of unstructured text. The feature engineering strategy for textual data that is popularly used is
known as the word embedding feature [10]-[12].

This word embedding feature is collaborated with several classification methods. There are many
types of classifiers that are commonly used to classify sentiment analysis. The methods that are often used are
machine learning methods [13], [14] and deep learning [15]. In this research, the types of methods used are
deep learning methods, namely conditional random field (CRF) [16], bidirectional long short term memory
(BLSTM) [17], and convolutional neural network (CNN) [18]. CRFs are used to build probabilistic models for
sequential data segmentation and labeling. Because it is conditional, CRF is also used to ensure that inference
is easy to do and also avoids the problem of label bias. BLSTM is used to find out the previous information
process and find out the information process afterward. Meanwhile, CNN is used to see processing capabilities
and evaluate classification performance on text data.

We evaluate the effectiveness of different classification methods by testing their performance using
several types of word representations, namely word to vector (Word2Vec) [19], global vectors for word
representation (GloVe) [20], and FastText [21]. The tests were conducted on a sentiment analysis dataset
consisting of Netflix user comments. Netflix was chosen as the object of study due to its high popularity as a
streaming platform, its large user base, and the variety of content it offers. This makes it a relevant topic for
understanding user preferences for digital entertainment services. Analysis of user sentiment, both positive and
negative, can provide valuable insights into their views on the quality of the service, interface, and content
provided.

Similar studies that have been discussed include by Al-Smadi et al. [22] using several deep learning
methods such as BLSTM-CRF combined with Word2Vec features and producing an F1-score of 66.32%. then
BLSTM CRF combined with FastText features producing an Fl-score of 69.98%. Then, Jang et al. [23]
proposed a hybrid model of Bi-LSTM+CNN with Word2Vec, the test results showed that the proposed model
produced more accurate classification results, as well as higher recall and F1 scores, than the multi-layer
perceptron (MLP) model, CNN or individual LSTM and hybrid models. Furthermore, Iftikhar et al. [24]
conducted experiments with several deep learning models combined with several word embedding features such
as CNN+Glove, CNN+Word2Vec, LSTM+Glove, and LSTM+Word2Vec. The results of their research stated
that the results of the combination of deep learning with the word embedding feature produced better
performance. Based on the problems, we conducted research as well as the contribution of this research, namely
to improve the evaluation value of the classification performance of deep learning methods, namely CRF,
BLSTM, and CNN by using word embedding features, namely Word2Vec, GloVe, and FastText as techniques
to improve the evaluation value of deep learning classification performance on machine learning datasets on
social media data from Netflix application user comments.

2. MATERIAL AND METHOD

In order for this research to achieve maximum results, we have compiled a series of important steps
that can produce the right model and not widen the direction in achieving the goal. The steps taken to obtain
results that are in accordance with expectations are compiled in the form of a research framework. The research
framework referred is presented in Figure 1.

2.1. Dataset

The dataset was obtained through a data collection process carried out by crawling. We utilize the
Google Play Scraper Python library. To crawl data, the 1D of the application from which data is to be retrieved
is first required. In this case, Netflix has the ID ‘com.netflix.mediaclient’. Furthermore, the selection of the
language in the review is an important step, where this study only considers reviews in Indonesian. After
selecting the language, the selection of reviews is based on the score. In this study, the reviews taken have a
score range of 1 to 5. Furthermore, the order of reviews used is most relevant. The amount of data to be taken
also needs to be determined. The data obtained has several attributes, including: reviewld, username,
userlmage, content, score, thumbsUpCount, reviewCreatedVersion, at, replyContent, answeredAt, and
appVersion. However, not all of these attributes are required for this study. Therefore, irrelevant or unused
attributes are removed to simplify the data. There are 4 attributes that will be used, namely username, score,
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date, and content. Figure 2 is a flow diagram of data collection. The data used is a raw dataset that will go
through several pre-processing processes before becoming a dataset that is ready to use.

Dataset Netflix
Analysis Sentiment

Preprocessing :
Data Cleaning
Case Folding
Tokenization

Stopword Removal

Stemming
Labeling
] TF-IDF
Word2Vec
GloVe
FastText
Conditional Random Fields Conditional Random Fields
Bidirectional Long-Short Term Memory Bidirectional Long-Short Term Memory
Convolutional Neural Network Convolutional Neural Network
Classification Classification
Performance Evaluation Performance Evaluation

v

Compare Evaluation Result

Evaluation and Analysis
Result Score

Figure 1. Research framework

2.2. Preprocessing

After getting the Netflix application user review data, the next step is to carry out the preprocessing
stage before entering the sentiment classification stage. This process is important to ensure that the data used
by sentiment classification models is clean, structured, and ready to use. The preprocessing stages carried out
are data cleaning, case folding, tokenization, stopword removal, stemming, and labeling.

2.3. Word embedding

Every word is depicted as a numerical low-dimensional vector. Word embedding enables the capture
of semantic details from extensive text corpora. These embeddings find application in diverse NLP tasks for
optimal word representation. Notably, several algorithms exist for word embedding, including GloVe,
Word2Vec, and FastText. For this research, we utilize pre-trained models encompassing all three features.

2.3.1. GloVe

GloVe is a co-occurrence matrix-based word representation learning technique that captures semantic
relationships between words in a corpus. GloVe combines global statistics-based approaches (such as
co-occurrence matrices) and local context-based methods (such as Word2Vec) to generate word embeddings
in a vector space, allowing for more effective modeling of linear relationships between words [20], [25].
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Figure 2. Data collection flow chart

2.3.2. Word2Vec

Word2Vec utilizes the occurrence of words in text to establish connections between them. For instance,
it might associate words like “female” and “male” because they frequently occur in comparable contexts.
Word2Vec operates through two architectural forms: context prediction, which forecasts the surrounding words
based on a given word, and context-based prediction (Bag-of-words), which predicts words given a context.
Essentially, Word2Vec takes a textual corpus as input and generates a word vector as output [19], [26].

2.3.3. FastText

Every word is depicted as a collection of n-gram characters, aiding in capturing the essence of shorter
words and facilitating the embedding’s understanding of word prefixes and suffixes. Each n-gram character is
linked with a vector representation, while words are depicted as the sum of these vector representations.
FastText demonstrates strong performance, enabling rapid model training on extensive datasets and offering
representations for words absent in the training data. In cases where a word is absent during model training, it
can be decomposed into n-grams to acquire its embedding vector [21], [27].

2.4. Deep learning
2.4.1. Conditional random fields

CRFs belong to a class of discriminative models ideally suited for classification tasks wherein the
current classification is impacted by contextual factors or adjacent states [28]. CRF finds application in named
entity recognition [29], part-of-speech tagging, gene prediction, noise reduction, and object detection tasks.
Discriminative models, also known as conditional models, are a subset of models commonly employed in
statistical classification, particularly in supervised machine learning. Discriminative classifiers aim to model
the observed data exclusively, learning classification from provided statistics. Approaches in supervised
learning are typically classified into discriminative models or generative models. Discriminative models, in
contrast to generative models, make fewer assumptions about distributions and place greater reliance on data
quality [30], [31].
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2.4.2. Bidirectional long short-term memory

Derived from the recurrent neural network (RNN), BLSTM [32] enhances the RNN architecture by
introducing a “gateway” mechanism to regulate the flow of data. Primarily, the long short-term memory
(LSTM) architecture comprises memory cells along with input gates, output gates, and forget gates. These
elements are structured into a chain-like arrangement composed of RNN modules, which enables the smooth
transfer of memory cells along the chain. Moreover, three separate gates are integrated to oversee and regulate
the inclusion or inhibition of information into the memory cell [33].

2.4.3. Convolutional neural netrwork

The CNN is a form of regulated feed-forward neural network that autonomously learns feature
engineering via the optimization of filters, also known as kernels. Unlike lower layer features, higher layer
features are extracted from a broader context window. CNNs are sometimes called shift invariant or space
invariant artificial neural networks (SIANN) because of their architecture, which involves convolution kernels
or filters with shared weights moving across input features. This movement produces a feature map that is
equivalent to translation. However, despite the terminology, many CNNs are not inherently translation
invariant, mainly because of the downsampling operation applied to the input [34]-[36].

3. RESULTS AND DISCUSSION

This section summarizes the results of the experiments conducted according to the previously planned
research flow. This experiment focuses on analyzing text data from social media using several deep learning
methods combined with word embedding features. Training and testing data are divided with an 80:20 division
scheme. This study tests deep learning methods with various variations of word embedding features. The deep
learning method is applied as an approach to sentiment classification on text data. The types of deep learning
methods used include CRF, BLSTM, and CNN. In addition, the word embedding features used include
Word2Vec, GloVe, and FastText.

Table 1 explains the confusion matrix of CRF with three word embedding features and one without
features. In CRF without features, the results are TP=406, FP=104, FN=91, and TN=299. This means that this
model has a fairly low number of TP compared to the use of Word2Vec, GloVe, and FastText features. In
addition, the FP value is quite high, indicating that the model tends to incorrectly identify negative data as
positive. Then CRF with Word2Vec produces TP=512, FP=98, FN=69, and TN=221. The addition of the
Word2Vec feature significantly increases TP (from 406 to 512), indicating that the model is better able to
recognize positive data correctly. However, FP is still quite high (98), and the number of TN decreases
compared to the model without features. This shows that Word2Vec improves the recognition of positive data
but slightly decreases the ability to recognize negative data. In the CRF with GloVe section, there are results
of TP 0=448, FP=91, FN=81, and TN=280. This indicates that GloVe provides more balanced results than
Word2Vec. TP is lower than Word2Vec, but FP is also lower (91), indicating that the model is better at
minimizing errors in classifying negative data. The number of TNs increases compared to Word2Vec. Then
CRF with FastText which produces TP=473, FP=79, FN=59, and TN=289. It can be seen that FastText
provides the best overall performance. TP and TN increase compared to GloVe, while FP and FN are the lowest
among all models. This shows that FastText is very effective in improving the recognition of positive and
negative data, with the least classification errors.

Table 1. Confusion matrix of CRF
Experiment TP FP FN TN
CRF without feature 406 104 91 299
CRF with Word2Vec 512 98 69 221
CRF with GloVe 448 91 81 280
CRF with FastText 473 79 59 289

Table 2 is a CRF test with 3 word embedding variants and one without word embedding. It can be
seen that the accuracy without using features is lower than the model that uses features. This shows the
importance of the embedding feature. In the CRF with Word2Vec section, there are the best results for Recall,
which means that this model is able to capture more actual positive cases. Meanwhile, CRF with GloVe
produces more stable performance in all metrics, although not the best. Then CRF with FastText gives the best
value in accuracy, precision, and F1-Score. This model is the most optimal in producing correct predictions
and maintaining a balance between precision and recall. These results show that the FastText feature provides
a significant increase in accuracy (8.09%) and recall (8.84%), making it an excellent choice for improving the
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model’s ability to capture true positives. Precision and F1-Score also increase quite significantly, supporting a
balance between correct positive predictions and the ability to capture positive cases. Focus on the F1-Score
metric, since F1-Score is a metric that combines precision and recall, it is very relevant for cases that require a
balance between the two metrics, especially in classification tasks involving data with an imbalanced class
distribution or cases where the balance between precision and recall is a priority. In these imbalanced datasets
where one class is very dominant, accuracy may appear high because the model can ignore the minority class.
F1-Score addresses this problem by taking the minority class into account. CRF with FastText has the highest
F1-Score, indicating that this feature is optimal for producing a good balance.

Table 2. Comparison of CRF evaluation values with word embedding
Experiment Accuracy Precission Recall F1-Score
CRF without feature ~ 78.33333333  79.60784  81.69014 80.63555
CRF with Word2Vec — 81.44444444 83.93443  88.12392 85.97817
CRF with GloVe 80.88888889  83.11688  84.68809  83.89513
CRF with FastText  84.66666667 85.68841  88.90977  87.26937

Table 3 explains the confusion matrix of BLSTM with three word embedding features and one without
features. In BLSTM without features, there are values of TP=481, FP=101, FN=83, and TN=235. This means
that the model without features produces quite good performance, with a TP of 481. However, the FP is quite
high (101), indicating that the model often misclassifies negative data as positive. In addition, the TN value is
lower than the model using features, indicating a weaker ability to recognize negative data. In the BLSTM with
Word2Vec section, there are values of TP=501, FP=97, FN=81, and TN=221. With the addition of the
Word2Vec feature, the number of TP increases to 501, indicating that the model is better able to recognize
positive data correctly than the model without features. However, the FP value is still quite high (97), meaning
that the misclassification of negative data as positive remains quite significant. The decrease in the number of
TN also indicates that negative data recognition is slightly impaired. Next, in BLSTM with GloVe, there are
values of TP=480, FP=99, FN=79, and TN=242. The GloVe feature produces a slightly lower number of TP
than Word2Vec (480 vs. 501), but the FN is also lower (79 vs. 81). In addition, the number of FP is smaller
than Word2Vec (99 vs. 97), and TN increases to 242, indicating that the model is better at recognizing negative
data than Word2Vec. Then BLSTM with FastText produces values of TP=505, FP=66, FN=50, and TN=279.
The FastText model gives the best results among all methods. With the highest TP (505) and the lowest FN
(50), this model is very effective in recognizing positive data. In addition, FP is the lowest (66), and TN is the
highest (279), indicating that this model is also very good at recognizing negative data. This confirms that
FastText improves overall performance.

Table 3. Confusion matrix of BLSTM
Experiment TP FP__FN TN
BLSTM without feature 481 101 83 235
BLSTM with Word2Vec 501 97 81 221
BLSTM with GloVe 480 99 79 242
BLSTM with FastText 505 66 50 279

Table 4 is a summary table of the experimental results of the BLSTM method with three variants of
word embedding features and one without features. In the BLSTM without feature section; this model serves
as a baseline, and its performance is relatively good without additional features, but it can still be further
improved by adding word embedding features. In the BLSTM with Word2Vec section, the model is slightly
better than the baseline, with small improvements in accuracy, precision, recall, and F1-Score. The use of
Word2Vec as an embedding feature improves the model’s understanding of word relationships. In the BLSTM
with GloVe section, the results are very similar to Word2Vec, but slightly lower in precision. This model shows
better performance in terms of Recall, but not as good as the model with Word2Vec. Then in the BLSTM with
FastText section: This is the best model, with significant improvements in all metrics. FastText provides clear
improvements in precision, recall, and F1-Score, making it a very effective model in this classification.

The use of embedding features such as Word2Vec, GloVe, and FastText affects the improvement of
model performance compared to the baseline model without features. The model with FastText shows the
greatest improvement, especially in recall and F1-Score. BLSTM with FastText has the highest F1-Score
(89.69%), indicating that this model is the best choice especially in the balance between accurate prediction
and the model’s ability to capture positive cases. The use of embedding features such as FastText can
significantly improve performance compared to not using features or using other features such as Word2Vec
and GloVe.
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Table 4. Comparison of BLSTM evaluation values with word embedding
Experiment Accuracy Precission Recall F1-Score
BLSTM without feature ~ 79.55555556  82.64605  85.28369  83.94415
BLSTM with Word2Vec ~ 80.22222222  83.77926  86.08247  84.91525
BLSTM with GloVe 80.22222222  82.90155  85.86762 84.35852
BLSTM with FastText 8711111111 88.44133  90.99099  89.69805

Table 5 explains the confusion matrix of CNN with three word embedding features and one without
features. In CNN without features, there are values of TP=404, FP=128, FN=119, and TN=249. Without word
embedding features, CNN produces the lowest performance. The number of TP is the lowest (404), while FP
and FN are the highest (128 and 119). This shows that the model has many errors in recognizing both positive
and negative data. In addition, the TN value is also quite low compared to the model with features. Next, the
CNN with Word2Vec section has TP=512, FP=98, FN=70, and TN=220. The addition of Word2Vec
significantly increases the number of TP to 512, indicating that the model is better able to recognize positive
data than without features. However, the FP (98) and FN (70) values are still quite high, which means there is
room for improvement in recognizing negative data. The decrease in the number of TNs compared to without
features also shows that the model is slightly less effective in recognizing negative data. In the CNN with
GloVe section, there are values of TP=446, FP=88, FN=87, and TN=279. This means that GloVe provides
more balanced results than Word2Vec. FP decreases to 88, while TN increases significantly to 279, indicating
a better ability to recognize negative data. However, TP is lower than Word2Vec (446 vs. 512), and FN is
slightly higher than Word2Vec. Furthermore, CNN with FastText produces values of TP=463, FP=76, FN=74,
and TN=287. FastText produces the best results among all methods. With high TP (463) and low FN (74), the
model is very effective in recognizing positive data. In addition, FP is the lowest (76), and TN is the highest
(287), indicating that this model is also very good at recognizing negative data.

Table 5. Confusion matrix of CNN
Experiment TP FP FN TN
CNN without feature 404 128 119 249
CNN with Word2Vec 512 98 70 220
CNN with GloVe 446 88 87 279
CNN with FastText 463 76 74 287

Table 6 is a summary table of the results of CNN experiments with three variants of word embedding
features and one without features. This model shows the best improvement compared to the baseline model.
FastText provides a very good balance between precision, recall, and F1-Score, with excellent results in all
metrics. The use of embedding features such as Word2Vec, GloVe, and FastText significantly improves model
performance compared to the baseline model that does not use additional features. The CNN with FastText
model has the highest F1-Score (86.06%), which shows an optimal balance between prediction accuracy and
the ability to capture positive cases, indicating that this model is very effective in balancing both aspects. The
use of F1-Score in this case is because we want to maintain a balance between accuracy and precision and the
model’s ability to find all positive classes. The CNN with FastText model is the best choice for this model,
with significant improvements in all metrics, especially in recall and precision. Thus, FastText provides better
results than other embedding features such as Word2Vec and GloVe in optimizing text classification
performance.

Table 6. Comparison of CNN evaluation values with word embedding
Experiment Accuracy Precission Recall F1-Score
CNN without feature ~ 72.55555556  75.93985  77.24665 76.58768
CNN with Word2Vec ~ 81.33333333  83.93443  87.97251  85.90604
CNN with GloVe 80.55555556  83.5206  83.6773  83.59888
CNN with FastText  83.33333333  85.89981  86.21974  86.05948

This study examines the impact of performance improvements, computationally BLSTM is very
efficient, this is because the BLSTM process occurs sequentially and regularly, making it suitable for
processing long texts and large datasets. With the word embedding feature, BLSTM can capture more
interactions between features that may be ignored by CRF and CNN. While previous studies have investigated
the impact of other features of the same method. the study did not explicitly discuss their effect on
computational performance.
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Based on the results of the three experiments, the BLSTM algorithm achieved the highest accuracy of
79.5%, while the CNN algorithm recorded the lowest accuracy of 72.5% before the word embedding feature
was applied. After combining word embedding, BLSTM with the Word2Vec feature achieved the highest
accuracy of 87.1%, while the lowest accuracy post-embedding was also seen in BLSTM using the GloVe and
FastText features. By reviewing all classification evaluation metrics—accuracy, precision, recall, and F1
score—BLSTM emerged as the best performing algorithm, consistently producing stable results across all
embeddings.

However, all tests still allow some false positives and false negatives, indicating potential areas for
further research, such as minimizing these errors. Additional accuracy improvements can be achieved by tuning
hyperparameters. An important observation is that, before embedding, CNN has the lowest performance, but
after applying embedding, especially Word2Vec with BLSTM, the performance improves significantly. This
may be due to the characteristics of CNN which are not well suited for text data, while BLSTM, which reads
sequences bidirectionally, shows a high ability to process text in detail, resulting in superior performance.

4. CONCLUSION

Our study has highlighted the efficacy of pre-trained word embedding models in sentiment analysis.
Through a series of experiments, we have demonstrated the ability of these models to achieve high levels of
accuracy across diverse textual datasets. In our evaluation, various deep learning methods with different word
embedding features were tested with CRF, BLSTM, and CNN algorithms. The use of word embedding features
such as FastText, Word2Vec, and GloVe consistently improved the performance of various text classification
models on CRF, BLSTM, and CNN compared to models without features. FastText was identified as the best
feature based on the table results as it produced the most balanced classification with minimal error. FastText
also produced highly accurate classification on both positive and negative data. Word2Vec excelled in
recognizing positive data but tended to be less accurate on negative data. For limited computational resources,
GloVe can be chosen as it provides balanced results with lower error compared to Word2Vec. GloVe offers a
good balance with lighter computational requirements, suitable for reducing errors on negative data. The choice
of word embedding features used can be tailored to the specific needs of the model and the classification
objectives.
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