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 In this study, we apply various deep learning methods incorporating word 

embedding features to evaluate their impact on improving classification 

performance in sentiment analysis. The methods employed include 

conditional random field (CRF), bidirectional long short term memory 

(BLSTM), and convolutional neural network (CNN). Our experiments utilize 

social media data from restaurant review. By testing different iterations of 

these deep learning techniques with various word embedding features, we 

found that the BLSTM algorithm achieved the highest accuracy of 80.00% 

before integrating word embedding features. After incorporating word 

embeddings, the BLSTM with the word2vec feature achieved an accuracy of 

87.00%. Notably, the CNN showed a significant improvement with the 

FastText feature. Considering all evaluation metrics—accuracy, precision, 

recall, and F1-score—the BLSTM algorithm consistently demonstrated the 

best performance across different word embeddings. 
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1. INTRODUCTION 

A recent development that offers an alternative to conventional data collection methods is the 

inclusion of social media data [1], [2]. Social media data collection is seen to be efficient in a number of ways. 

This efficiency includes lower data gathering costs, real-time data availability, and the production of precise 

information that more closely represents public opinion [3], [4]. The process of examining public responses 

and opinions using social media data is known as sentiment analysis [5], [6]. 

In this increasingly technologically advanced condition, computer-based text data is also increasing and 

mushrooming and flooding our social media pages. Every second we get and witness the emergence of many new 

web pages, along with the emergence of news articles, magazines, and scientific papers that continue without 

stopping, especially on social media platforms. This surge has certainly resulted in a lot of textual content available 

in digital form and is very easy to get and access [7], [8]. With the large number of digital texts that can be 

accessed freely and the demand for flexible access continues to increase, the task of classifying texts becomes 

very important and very necessary [9]. However, there are several things that need to be studied, that one of the 

main challenges in such a task lies in the large dimensionality of the feature space [10]. Most of these features 

have proven to be no longer appropriate or can be detrimental to classification accuracy, which requires the 

identification and combination of more relevant features to improve performance [11]. 

Given the vast amount of unstructured information available on the web, collecting and organizing 

data is a challenging task. It necessitates the use of automated methods to assist researchers in gathering and 

https://creativecommons.org/licenses/by-sa/4.0/
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analyzing sentiment-related information [12]. The object of sentiment analysis can be speech, text and images. 

Here we use a restaurant review dataset which is usually presented in text form, so sentiment analysis in most 

papers focuses on text-based sentiment analysis. 

Sentiment analysis, a branch of natural language processing (NLP), utilizes machine learning 

techniques to detect and extract factual information from text [13]. This involves recognizing emotional 

subtleties and assessing the overall sentiment—positive, neutral, or negative—expressed by the author. 

Applying sentiment analysis to large text datasets, like social media posts or user comments, enables thorough 

examination [14]-[16]. 

In NLP, computers do not naturally understand textual language, so methods for transforming words 

into vectors are essential for interpretation. The development of word vector representation continues to be a 

significant research focus. This representation is crucial because it greatly impacts the precision and 

effectiveness of the resulting learning models. Word representation techniques fall under the category of feature 

engineering. Due to the unstructured nature of text, feature engineering in textual data presents unique 

challenges. One widely adopted strategy for this is the word embedding feature [17], [18]. 

This word embedding feature is combined with various classification methods. Numerous classifiers 

are commonly employed for sentiment analysis, with machine learning [19], [20] and deep learning [21], [22] 

being frequently utilized. In this research, deep learning methods such as conditional random field (CRF) [23], 

bidirectional long short term memory (BLSTM) [24] and convolutional neural network (CNN) [25] are used. 

CRFs are used to construct probabilistic models for sequential data segmentation and labeling. Being 

conditional, CRFs facilitate easy inference and help avoid label bias issues. BLSTM is utilized to capture 

information from both past and future contexts. CNN, on the other hand, is employed to assess processing 

capabilities and evaluate classification performance on text data. 

We assessed the effectiveness of various deep learning methods by evaluating their performance with 

different word embedding features. The word embedding features tested include Word2Vec [26], global 

vectors for word representation (GloVe) [27], and FastText [28]. Experiments were conducted on a sentiment 

analysis dataset derived from review restorant data. 

Subha et al. [29] conducted a study highlighting the importance of a deeper understanding of how 

information technology (IT) investments provide value to companies, given that many studies still focus on the 

correlation between IT spending and financial returns. To address this challenge, a methodology based on three 

main stages was developed: data preparation, feature selection, and model training. In the data preparation 

stage, irrelevant and less valuable features were cleaned. Feature selection was performed using optimized 

principal component analysis (PCA), while model training utilized a combination of CRF-BiLSTM-CNN. 

Compared to CNN and BiLSTM models separately, this approach showed superior performance with a success 

rate of 98.87%. Meanwhile, Khalid et al. [30] conducted a study developing an RNN-BiLSTM-CRF ensemble 

model to improve the accuracy of electricity theft detection, overcoming the limitations of conventional 

approaches that only rely on one-dimensional (1-D) data. This model utilizes a combination of 1-D and 2-D 

electricity consumption data, and integrates the strengths of RNN and BiLSTM architectures to capture 

complex consumption patterns. Experimental results show that this approach achieves an accuracy of 93.05%, 

outperforming previous methods and showing great potential in a more reliable electricity theft detection 

system. Gupta et al. [31] conducted a study proposing a hybrid CNN-LSTM model for fake news detection in 

Hindi, using FastText embedding and a combination of Conv1D and LSTM. The model achieved 97% accuracy 

on newly collected data and 89% F1-score on CONSTRAINT2021 data. The study also introduced a new 

dataset and pioneered the field of fake news detection in Hindi. 

Luo and Xu [32] have conducted similar research, namely the use of deep learning methods on 

restaurant reviews during the COVID-19 era using BLSTM and simple embedding + average pooling, but have 

not specifically discussed the significant increase in value. This study examines changes in restaurant review 

trends on Yelp during the COVID-19 pandemic, but has several limitations related to data without visit dates, 

limited location coverage, the use of black-box deep learning models, and a short observation period. They 

recommend conducting further studies by expanding the observation period and location coverage, and 

evaluating the model on various platforms. 

Referring to the above studies, and seeing the many opportunities and challenges in research on the 

use of word embedding features to improve the evaluation value of classification performance, we continue 

the research by using word embedding features that can improve the evaluation value of text classification 

performance for several deep learning methods which are also contributions to this research. This research uses 

a sentiment analysis dataset on restaurant reviews. 
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2. METHOD 

To achieve research results that are in accordance with the research objectives, a series of important 

steps are prepared to develop this model to be better. The steps in question are presented in Figure 1. The 

process starts from collecting datasets taken from the kaggle.com site, then entering the preprocessing stage. 

After the preprocessing stage, we conducted 2 experiments, the first experiment, the process of entering the 

deep learning stage and the classification performance evaluation stage. The second experiment, before the 

deep learning stage, this process passes through the word embedding feature and is continued to the 

classification performance evaluation stage, at the end is to compare the results of the two experiments. 
 

 

 
 

Figure 1. Research framework 

 

 

2.1.  Dataset 

The selection of a dataset is determined by the type of data to be processed, which involves searching 

for existing data and obtaining any additional necessary data. Once collected, the data is integrated into the 

dataset. For this research, a restaurant review dataset was chosen. This dataset comprises 200 reviews, with an 

equal split of 100 positive reviews and 100 negative reviews [33]. 

 

2.2.  Preprocessing 

After getting data from restaurant reviews, the data is cleaned and transformed into the desired form 

before modeling. This step is important to ensure that the data used by the sentiment classification model is 

clean, structured, and ready for analysis. The dataset used consists of only 100 positive reviews and 100 

negative reviews. This dataset undergoes preprocessing through three different processes: tokenization, 

stopwords removal, and stemming. 

 

2.3.  Word embedding 

Each word is represented as a low-dimensional numerical vector. Word embedding allows for 

capturing semantic nuances from large text corpora, making it essential for various NLP tasks to achieve 

optimal word representation. Several algorithms are available for word embedding, including GloVe, 

Word2Vec, and FastText. In this research, we employ pre-trained models that incorporate all three features. 

 

2.3.1. Global vectors for word representation 

GloVe utilizes co-occurrence and matrix factorization to generate its vectors. It focuses on identifying 

statistical relationships between words. Initially, GloVe creates a large matrix of words and contexts, capturing 

information about their co-occurrence [34], [35]. In this case, once the co-occurrence matrix is formed, GloVe 

calculates the co-occurrence proportion to capture the contextual relationships between words. GloVe relies on 

the probability distribution of co-occurrence between words to understand the strength of semantic 

associations. 
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2.3.2. Word2Vec 

Word2Vec leverages word occurrences in text to identify connections between them. Word2Vec 

operates in two ways: context prediction, which predicts surrounding words based on a given word, and 

context-based prediction (Bag-of-Words), which predicts words given a context. Essentially, Word2Vec takes 

a text corpus as input and produces word vectors as output [36], [37]. The process begins with a text corpus, 

where Word2Vec forms relationships between words within a given context window. The context window 

determines the number of words around a central word that will be considered for learning the word 

relationships. Next, the model is trained using the skip-gram or continuous bag of words (CBOW) algorithm. 

Both of these algorithms produce word vector representations that maximize the probability of relationships 

between words based on context. After training, Word2Vec produces a fixed-dimensional vector for each word. 

These vectors capture semantic relationships between words, where words that frequently appear together in 

the same context will have similar vector representations. 

 

2.3.3. FastText 

Similar to Word2Vec, FastText starts by forming a text corpus and defining a context window for 

each word. The context window determines how many words around the center word will be considered during 

training [27], [38]. FastText uses character n-grams to represent words. This means that each word is 

considered as a collection of several character n-grams. In this way, FastText can capture morphological 

information and the internal structure of words. After forming the n-grams, FastText trains the model using the 

skip-gram or CBOW approach, similar to Word2Vec. The model tries to predict the context word based on the 

center word (or vice versa), but taking into account the n-grams that make up each word. After training, 

FastText generates word vector representations based on a combination of character n-gram vectors. This 

provides the advantage of capturing the meaning of words that have similar suffixes or prefixes, as well as 

capturing more subtle patterns in the text. 

 

2.4.  Deep learning 

To test this research, we used several deep learning methods. The deep learning methods we use are 

CRF, BiLSTM, and CNN. Information about each method can be seen in the following section. 

 

2.4.1. Conditional random fields 

CRF belong to a class of discriminative models ideally suited for classification tasks wherein the 

current classification is impacted by contextual factors or adjacent states [39], [40]. CRF finds application in 

named entity recognition [41], 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 [42], [43]. 

 

2.4.2. Bidirectional long short-term memory 

Derived from the recurrent neural network (RNN), BLSTM enhances the RNN architecture by 

introducing a "gateway" mechanism to regulate the flow of data [44], [45]. Primarily, the LSTM architecture 

comprises memory cells along with input, output, 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 [46], [47]. 

 

2.4.3. Convolutional neural network 

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 down sampling operation applied to the input [48], [49]. 
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3. RESULTS AND DISCUSSION 

This section summarizes the results and discussions from experiments conducted based on the 

research framework described earlier. The experiments focus on analyzing social media text data using various 

deep learning methods combined with word embedding features, following an 80:20 validation split. The 

research involved testing deep learning models with different word embedding variations. The deep learning 

methods employed for sentiment classification in this study include CRF, BLSTM, and CNN. Three types of 

word embeddings were utilized: Word2Vec, GloVe, and FastText. 

Table 1 explains the CRF confusion matrix with three word embedding features and one without 

features. In CRF without features, the results obtained are TP=82, FP=25, FN=20, and TN=73. The TP value 

is quite high, indicating the model's ability to detect positive data is relatively good. However, on the other 

hand, the FP value is quite high, indicating the model often incorrectly detects negative data as positive. FN is 

still quite a lot, meaning the model loses some positive data. Then CRF with Word2Vec, the results obtained 

are TP=84, FP=20, FN=23, and TN=73. Word2Vec as a feature representation can improve the accuracy of 

positive detection compared to without features. The FP value can be seen to decrease from 25 to 20, meaning 

the ability to distinguish negative data increases. While on the other hand, FN increases to 23, indicating more 

positive data loss than without features. Furthermore, CRF with GloVe has a value of TP=81, FP=20, FN=19, 

and TN=80. The model performance is more balanced in detecting positive and negative data. This can be seen 

in the FN value decreasing to 19, indicating an increase in the ability to detect positive data, the TN value 

increasing to 80, and the TP value slightly lower than Word2Vec (81 vs. 84), this means the ability to 

distinguish negative data is better. Then CRF with FastText obtained a value of TP=80, FP=18, FN=15, and 

TN=87. With this value, FastText produces the best results in reducing classification errors. The FN value is 

the lowest, meaning the model is better at capturing positive data. The FP value is also the lowest, indicating 

the model's ability to distinguish negative data very well. And the highest TN, confirming that there is an 

increase in accuracy for negative data. In this section, FastText is proven to be superior to other features because 

of its ability to capture better semantic relationships of words in classification. 

 

 

Table 1. Confusion matrix of CRF 
Experiment TP FP FN TN 

CRF without feature 82 25 20 73 

CRF with Word2Vec 84 20 23 73 
CRF with GloVe 81 20 19 80 

CRF with FastText 80 18 15 87 

 

 

Figure 2 shows the performance evaluation of the CRF method with various word embedding and non 

feature features. The evaluation was carried out using the accuracy, precision, recall, and F1-score metrics. In 

non feature (without word embedding) accuracy=77.5% was obtained, this shows the basic performance of 

CRF without the help of features. Precision=76.64%, indicating the level of accuracy of the model in 

classifying positive data. Recall=80.39%, higher than precision, indicating that the model is better at capturing 

all positive data even though not all of its classifications are correct. F1-score=78.47%, illustrates the balance 

between precision and recall. In Word2Vec accuracy increases to=78.5%, indicating a positive contribution of 

Word2Vec to performance. Precision=80.77%, indicating that Word2Vec improves the model's ability to 

classify positive data more accurately than non feature. Recall=78.50%, slightly lower than non feature, 

indicating a slight decrease in model sensitivity. F1-score=79.62%, showing an improvement in the balance of 

precision and recall. Word2Vec improves the overall performance of CRF especially in precision and F1-score, 

although recall decreases slightly. In GloVe accuracy increases more significantly to 80.5%. 

Precision=80.20%, slightly lower than Word2Vec, but still better than non feature. Recall=81.00%, the highest 

compared to non feature and Word2Vec. F1-score=80.60%, better than Word2Vec and non feature. GloVe 

provides improvements in all metrics, especially recall, indicating that the model is better at capturing positive 

data without significantly reducing precision. In FastText accuracy reaches the highest value=83.5%, showing 

the best performance compared to other methods. Precision=82.86%, showing a high level of accuracy in 

classifying positive data. Recall=85.29%, also the highest, showing the best sensitivity in detecting positive 

data. F1-score=84.06%, the best value, indicating the most optimal balance of precision and recall. 

In general, the word embedding feature is able to provide a more meaningful text representation, 

thereby improving the performance of CRF. However, FastText has the advantage of capturing word 

information, including words not found in the vocabulary, through the subword embedding approach. This 

helps the CRF model improve all evaluation metrics significantly. FastText provides the best balance between 

precision and recall, making it an optimal choice for CRF-based classification tasks. 
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Figure 2. Comparison graph of CRF evaluation values with word embedding 

 

 

Table 2 shows the experimental results using the BLSTM method with and without various word 

embedding features. In BLSTM without feature, the values TP=82, FP=18, FN=22, and TN=78 are obtained. 

This model does not use special feature representation (only utilizes word tokenization), so its performance 

depends on the ability to understand word sequences without semantic context. On the other hand, FP and FN 

are quite high, this indicates that the model often makes mistakes in recognizing classes, and has difficulty 

understanding the relationship between words because there is no context representation feature. In BLSTM 

with Word2Vec, the values TP=92, FP=14, FN=12, and TN=82 are obtained. Using Word2Vec for vector-

based word representation, which captures semantic and contextual relationships between words. TP and FN 

show the best model in detecting positive classes compared to other methods. The decrease in FP also indicates 

that the model is more accurate in classification. Word2Vec provides an effective word representation for text 

data with clear context. In BLSTM with GloVe, the values obtained are TP=84, FP=15, FN=23, and TN=78. 

Using GloVe for word representation based on co-occurrence matrix, focuses more on global relationships 

between words. On the other hand, the FN results are higher than Word2Vec, indicating that the model is less 

than optimal in detecting positive classes. Its performance is slightly better than without features, but still 

inferior to Word2Vec and FastText. Furthermore, in BLSTM with FastText, TP=84, FP=14, FN=17, and 

TN=85 are obtained. FastText captures morphological features (prefixes, suffixes) so that it is able to recognize 

words that are rare or absent in the training data. TN is the highest, indicating that the model is better at 

detecting negative classes. The combination of TP, FP, FN, and TN results is quite balanced, making FastText 

a competitive choice. Overall, Word2Vec gives the best results because it has the highest TP and the lowest 

FN, indicating excellent positive detection. This indicates that Word2Vec semantic representation is very 

effective for understanding word context. The featureless model shows the worst performance, proving the 

importance of word representation for improving model accuracy. 
 
 

Table 2. Confusion matrix of BLSTM 
Experiment TP FP FN TN 

BLSTM without feature 82 18 22 78 

BLSTM with Word2Vec 92 14 12 82 
BLSTM with GloVe 84 15 23 78 

BLSTM with FastText 84 14 17 85 

 
 

Figure 3 shows the evaluation of BLSTM performance in classification with and without using word 

embedding features. In BLSTM without features, accuracy=80% is obtained. Accuracy shows that only 80% 

of predictions are correct. This model does not use special feature representation, so it only utilizes word 

tokenization and linear relationships between words. Precision=82%: the model is quite accurate in predicting 

the positive class, but there is a significant error rate in FP predictions. Recall=78.85%: the ability to detect 

positive classes is quite limited, with many positive samples that fail to be recognized (high false negative). 

F1-score=80.39%: the combination of precision and recall shows adequate overall performance, but is less than 

optimal compared to the model with embedding. In BLSTM with Word2Vec, accuracy=87.00%. The highest 

accuracy, indicating that this model is very reliable in making correct predictions. Precision=86.79%: 
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Word2Vec is able to capture semantic relationships between words, thereby reducing FP predictions. A high 

precision value indicates that the model is very accurate in recognizing positive classes. Recall=88.46%: the 

highest recall among all methods, indicating that Word2Vec is very effective in detecting positive samples, 

with the least FN. F1-score=87.62%: the combination of precision and recall produces the highest F1-score, 

confirming that Word2Vec provides the best overall performance. In BLSTM with GloVe, accuracy=81% is 

obtained. Accuracy is slightly better than the model without features, but far behind Word2Vec and FastText. 

Precision=84.85%: GloVe is able to produce competitive precision, but is not as good as Word2Vec in reducing 

false positive predictions. Recall=78.50: low recall indicates that the model often fails to recognize positive 

samples, with a fairly high number of FNs. F1-score=81.55: the medium F1-score value indicates that although 

Precision is quite good, overall performance is hampered by low recall. In BLSTM with FastText, 

accuracy=84.50% is obtained. FastText provides the second highest accuracy, indicating solid overall 

performance. Precision=85.71: FastText precision shows very good accuracy in recognizing positive class, 

almost close to Word2Vec. Recall=83.17: FastText recall is better than GloVe and non feature, but still lower 

than Word2Vec. F1-score=84.42%: the combination of precision and recall produces a fairly high F1-score, 

close to the performance of Word2Vec. 

 

 

 
 

Figure 3. Comparison graph of BLSTM evaluation values with word embedding 

 

 

Overall Word2Vec gives the best results in all evaluation metrics: strong local semantic representation 

improves accuracy, precision, recall, and F1-score. Non-feature models perform the lowest: limitations in 

understanding word relationships lead to significantly lower performance compared to embedding methods. 

Table 3 shows the results of CNN evaluation with and without using word embedding features. CNN 

without features produces a value of TP=70, FP=31, FN=22, and TN=77. Has adequate baseline performance 

without additional features. Able to recognize 70 positive samples correctly. However, the number of FP is 

high, indicating that many negative samples are misclassified as positive. The number of FN is significant, 

indicating that the model often fails to recognize positive samples. CNN without features has limited baseline 

performance because it does not utilize semantic or morphological representation of words. CNN with 

Word2Vec produces a value of TP=82, FP=18, FN=21, and TN=79 is able to increase TP to 82, indicating a 

better ability to recognize positive samples. Reducing FP from 31 to 18, improves prediction accuracy. TN 

increases to 79, indicating a reduction in false negative predictions. However, FN decreases slightly, but is still 

higher than FastText. Word2Vec provides significant improvements with strong semantic representation, so 

that the model is better able to understand the context of the data. CNN with GloVe produces TP=76, FP=23, 

FN=27, and TN=74. TP increases to 76 compared to the featureless model. FP is lower than the baseline. 

However, FN increases, indicating many unrecognized positive samples. TN decreases, indicating more 

negative misclassifications. GloVe improves performance compared to the featureless model, but the results 

are less than optimal compared to Word2Vec or FastText, especially in detecting positive samples. CNN with 

FastText produces TP=87, FP=14, FN=19, and TN=80. The highest TP, indicating an excellent ability to 

recognize positive samples. The lowest FP, indicating that the model is very accurate in avoiding false positive 

predictions. The lowest FN, indicating the best ability to detect positive samples. The highest TN, indicating 

the best performance in correctly identifying negative samples. FastText produces the best performance due to 

its ability to capture word morphology and local context, providing a very rich feature representation. 
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Table 3. Confusion matrix of CNN 
Experiment TP FP FN TN 

CNN without feature 70 31 22 77 
CNN with Word2Vec 82 18 21 79 

CNN with Glove 76 23 27 74 

CNN with FastText 87 14 19 80 

 
 

Figure 4 shows the performance evaluation of CNN with and without using word embedding features. 

CNN without features produces accuracy=73.50%. Only 73.5% of the model's predictions are correct. This 

model uses a simple word representation without additional features, so its ability to understand the context of 

words is limited. Precision=69.31%: only about 69.31% of the positive class predictions are actually correct. 

The FP rate is quite high, indicating a prediction error on negative samples. Recall=76.09%: the model is able 

to recognize about 76.09% of all positive samples, but FN is still quite significant. F1-score=72.54%: the 

combination of precision and recall produces adequate overall performance, but much lower than the model 

with embedding. This featureless model has the lowest performance because it does not use semantic 

representation or contextual relationships between words. These results indicate that CNN requires a richer 

feature representation for optimal performance. CNN with Word2Vec produces accuracy=80.50%. This value 

shows that the model makes more correct predictions than the baseline. Precision=82.00%: Word2Vec provides 

a strong semantic representation, thus reducing the number of FPs and increasing the accuracy in predicting 

positive classes. Recall=79.61%: the ability to detect positive samples is close to optimal, with a reduced 

number of FNs compared to the baseline. F1-score=80.79%: the combination of precision and recall produces 

an excellent F1-score, indicating an overall performance improvement. Word2Vec helps CNN capture 

semantic relationships between words, significantly improving all evaluation metrics compared to the 

featureless model. CNN with GloVe produces accuracy=75.00%. Accuracy increases slightly compared to the 

baseline but is still lower than Word2Vec and FastText. Precision=76.77%: the ability to recognize positive 

classes increases, but is lower than Word2Vec and FastText. Recall=73.79%: the model is less effective in 

recognizing all positive samples than Word2Vec or FastText, with a still quite high number of FNs.  

F1-score=75.25%: the combination of precision and recall produces adequate but not optimal overall 

performance. GloVe improves performance over baselines, but not as well as Word2Vec or FastText. This may 

be due to the nature of GloVe which focuses more on global representation rather than local context of words. 

CNN with FastText produces accuracy=83.50%. Showing that this model is most reliable in making correct 

predictions. Precision=86.14%: FastText gives the highest precision, showing its excellent ability in avoiding 

FP. Recall=82.08%: high recall shows that the model is very effective in detecting positive samples with the 

least FN. F1-score=84.06%. The combination of precision and recall produces the highest F1-score, showing 

the most optimal overall performance. 

 

 

 
 

Figure 4. Comparison graph of CNN evaluation values with word embedding 

 

 

Overall, FastText shows the best performance due to its ability to capture word morphological features 

(prefixes, suffixes) and local context, so that the model is better able to understand word relationships in the 

text. FastText (highest performance). Achieves the best results in all evaluation metrics. The ability to capture 
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word morphology makes FastText superior to other embeddings. Without features (baseline): the lowest 

performance in all evaluation metrics, showing the limitations of CNN without additional feature 

representation. 

This study examines the impact of better performance, computationally CNN is very efficient, this is 

due to the use of shared weights and local connections, making it suitable for processing long texts and large 

datasets. With the word embedding feature, CNN can capture more interactions between features that may be 

overlooked by CRF and BLSTM. While previous studies have investigated the impact of other features of the 

same method. the study did not explicitly discuss its effect on computational performance. 

In all experiments we found that the BLSTM algorithm achieved the highest accuracy rate of 80% 

while the CNN algorithm had the lowest accuracy of 73.5% before applying any word embedding features. 

After combining the word embedding features, the BLSTM algorithm correlated with the Word2Vec feature 

achieved the highest accuracy of 87%, while CNN with the GloVe feature had the lowest accuracy. The method 

proposed in this study tends to have a much higher proportion of computational performance compared to the 

use of other features. All tests still exhibit false positive and false negative errors, and all algorithms utilized 

their original parameters. This suggests potential for further research to reduce false positives or false negatives 

and to improve accuracy through hyperparameter tuning. Notably, before using features, CNN had the lowest 

performance among the three deep learning methods, whereas after feature application, the best results were 

obtained with the BLSTM using Word2Vec. This discrepancy might be due to the CNN's characteristics being 

less suited to text data, but its performance improves significantly with the right feature. 

Our findings show that BLSTM excels in processing text by analyzing input data from both directions, 

resulting in strong performance. The proposed method can benefit significantly from the evaluation of 

classification performance, without affecting the main objective. Additionally, the experiment found that 

Word2Vec provided the best word embedding, achieving the highest score with the BLSTM. This result aligns 

well with the operational characteristics of each method, Word2Vec can produce the best accuracy values 

because of the characteristics of word2vec which is able to represent words into vectors and is very suitable 

when paired with BLSTM, because the characteristics of BLSTM are compatible algorithms for processing 

text data. Meanwhile, FastText gives the highest score for the CRF and CNN. While not achieving higher 

scores than BLSTM, CRF, and CNN benefit significantly from the inclusion of FastText. FastText is able to 

provide very significant improvements because fast text works based on a collection of sequential words in a 

text document which contains words, numbers, symbols, and punctuation. 

Although improvements have been observed, all models continue to exhibit false positive and false 

negative results. Future research could address these issues by tuning hyperparameters and investigating 

advanced pre-processing methods. Additionally, expanding the training dataset with a broader range of samples 

may further enhance the model's robustness. These findings support the conclusion that FastText's efficiency 

and subword representation capabilities contribute significantly to its effectiveness in sentiment analysis, as 

demonstrated in this study. 

 

 

4. CONCLUSION 

Our study has highlighted the effectiveness 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 

accuracy across a variety of textual datasets. In our evaluation, we tested various deep learning methods with 

different word embedding features. In this study, we found that the use of word embedding features such as 

Word2Vec, GloVe, and FastText significantly improved the model performance in text classification compared 

to no additional features (non feature). FastText consistently outperformed all models (CRF, BLSTM, and 

CNN) with the highest accuracy, precision, recall, and F1-score, indicating superior contextual representation 

of words. Word2Vec also provided significant performance improvements, especially favoring BLSTM with 

the highest accuracy and F1-score. Meanwhile, GloVe provided moderate improvements in all metrics 

compared to Non Feature but still lagged behind Word2Vec and FastText, likely due to its focus more on global 

representation rather than local relationships between words. Overall, the choice of word embedding features 

greatly influences the effectiveness of text classification. In further research, static embeddings (such as 

Word2Vec, GloVe, and FastText) can be compared or combined with dynamic embeddings such as BERT or 

GPT to see their impact on CRF, BLSTM, and CNN models. 
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