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	The first COVID-19 cases emerged in Indonesia in March 2020, with common symptoms including fever, cough, fatigue, and loss of sense of smell. Since the onset of the pandemic, several Twitter users have expressed their concerns about the symptoms they were experiencing through tweets. However, they were unable to confirm their worries due to a lack of access to testing, reporting delays, and a healthcare system that typically required pre-registration. Research on detecting COVID-19 symptoms from social media messages has been relatively scarce. This study aims to detect COVID-19 symptoms using word embedding methods with the Long Short-Term Memory (LSTM) algorithm. The word embedding methods employed in this research include Word2Vec, GloVe, FastText, and a combination of all three. Classification is performed using Long Short-Term Memory (LSTM), an improvement upon the RNN method. Evaluation metrics used in this study include accuracy, precision, and recall. The model using the combined method, with an input size of 147x100, demonstrated the highest accuracy at 89%. This research aims to identify the most effective LSTM model for detecting COVID-19 based on the symptoms mentioned in social media tweets. By evaluating the performance of LSTM models with various word embedding techniques and input dimensions, this research provides valuable insights into the ideal text-based method for COVID-19 detection through social media texts.
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INTRODUCTION
COVID-19 is a disease caused by the Corona virus and has inflicted severe damage to public health, the economy, and social stability worldwide (Ophinni et al., 2020). The World Health Organization (WHO) reported that this disease cluster had spread beyond China's borders and was responsible for numerous death reports, leading to its declaration as a pandemic on March 11, 2020 (Fadlyana et al., 2021). In early July 2021, Indonesia confirmed 61,140 deaths attributed to COVID-19 (Jioe et al., 2022). Common symptoms indicating a potential COVID-19 infection include fever (98%), cough (76%), and excessive fatigue or pain (44%) (Huang et al., 2020). Some individuals have reported symptoms they believe are related to COVID-19 in various settings, including social media. However, they have been unable to confirm their concerns due to limited access to testing, reporting delays, and healthcare systems that typically require pre-registration (Mackey et al., 2020).
Twitter is a renowned social media platform where individuals send and share messages through a feature known as 'tweets.' Approximately 200 billion tweets per year can appear on Twitter, making it a crucial data hub for various media conversations related to public and global situations (Chintalapudi, Battineni, & Amenta, 2021). The notable surge in society's reliance on social media as an information source, in contrast to traditional news outlets, alongside the substantial volume of generated data, has amplified the emphasis on applying natural language processing (NLP) and artificial intelligence (AI) techniques to enhance text analytics (Naseem, Razzak, Khushi, Eklund, & Kim, 2021). Studies focusing on the analysis of Twitter data related to the pandemic, using Support Vector Machine (SVM) and word embeddings like TF-IDF and FastText, achieved an accuracy of 88.72% (Didi, Walha, & Wali, 2022). Research conducted by (Klein et al., 2021), utilizing Bidirectional Encoder Representations from Transformers (BERT) on English-language tweets with location data related to potential COVID-19 cases, obtained an F1-Score value of 76%. A study carried out by (Cai, Li, Nali, & Mackey, 2021), gathered COVID-19 symptom-related tweets from the public Twitter Application Programming Interface (API) using XLNet, achieving an accuracy of 91%. Research by (Mengistie & Kumar, 2021), concerning sentiment analysis classification related to COVID-19, using Convolutional Neural Network and Bidirectional Long Short-Term Memory (CNN-Bi-LSTM) with FastText, resulted in an accuracy of 99.33%, while with GloVe, it achieved an accuracy of 97.55%. Other studies related to Natural Language Processing (NLP) with text datasets have also been conducted, such as research on understanding disease behavior and its relation to mortality cases (Mackey et al., 2020), (Wan et al., 2020), analysis of catastrophe events (Parimala et al., 2021), and the classification of reviews for microblogs that include emojis (Li et al., 2023).
Previous research (Suhaili, Salim, & Jambli, 2022), (Kumar Singh, Sharma, & Paul, 2020), (Karim, Chakravarthi, McCrae, & Cochez, 2020) has tended to use a single feature extraction method combined with classification algorithms like Long Short-Term Memory (LSTM). Text classification from Twitter data related to COVID-19 topics has primarily focused on sentiment analysis concerning the COVID-19 pandemic or COVID-19 vaccination. However, research related to the detection of COVID-19 symptoms from Twitter social media messages using a combination of word embedding feature extraction methods has been relatively limited in Indonesia. This study aims to investigate the effectiveness of the Long Short-Term Memory (LSTM) model in detecting COVID-19 symptoms from tweets on the Twitter social media platform. The model employed in this study is an LSTM model with feature extraction using Word2Vec, GloVe, FastText, and a combination of all three-word embeddings merged using the concatenate method, resulting in an input size of 147x100. To assess the model's effectiveness, we conduct an assessment that includes measuring accuracy, precision, and recall. This comprehensive evaluation enables us to pinpoint the model demonstrating the most exceptional performance. Additionally, we analyze how different methods of feature extraction and input sizes impact the performance of each model, ultimately seeking to ascertain the most suitable model for the particular focus of this research.
The primary achievement of this research lies in pinpointing the LSTM model that demonstrates the most superior performance in the detection of COVID-19 through analysis of social media tweets. While prior research has delved into sentiment analysis classification and various feature extraction methods employed in Natural Language Processing, this investigation breaks new ground. By examining the efficiency of LSTM models with various feature extraction combinations, this research provides fresh perspectives on the most effective text-based approach for early COVID-19 detection. In addition, this research is an important basis for choosing the appropriate LSTM methodology for early detection of COVID-19.

RESEARCH METHODS
The primary aim of this study is to determine the most effective approach for detecting COVID-19 at an early stage using social media. The classification algorithm to be employed in this study is Long Short-Term Memory (LSTM). Subsequently, the word embedding methods used include Word2Vec, GloVe, FastText, and a combination of all three word embedding methods. Different word padding inputs are utilized for each experiment, consisting of the maximum length of a word in a sentence (max_length), mean, median, and mode. The LSTM model is then evaluated using accuracy, precision, and recall. The procedure in this research can be seen in Figure 1.
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[bookmark: _Ref145457460][bookmark: _Ref145457457][bookmark: _Ref145457466]Figure 1. Research Procedure
1. Data Collection
The dataset related to COVID-19 symptom tweets from social media platform Twitter (Khairie et al., 2023) was used for training and testing data in this study. This dataset was collected from Twitter tweets containing keywords related to COVID-19 symptoms, which were then manually sorted and labeled by the researchers. In total, there are 1000 data points, comprising 500 tweets from individuals with confirmed COVID-19 symptoms and 500 tweets from individuals not indicating COVID-19 but experiencing the same symptoms. Table 1. represents a sample of the data labeled as positive and negative.
[bookmark: _Ref145457710] Table 1. COVID-19 Symptoms Dataset 
	No
	Text
	Label

	1
	Qadarullah pak suami negatif NS-1 positif covid, plus ku jg sama positif covid. Suami cm bergejala 3 hari di awal (demam 40 derajat) skrg pilek ma batuk2. Ku baru ada gejala kemarin, demam 38 drjt, pusing ma linu2 badan
	Positive

	2
	tapii pas kena covid kmrin keulang lg. apalgi di hari 1-5. sesek nafas, buat ngomg aj susah bgt dah kek di ujung maut karna selain sesak nafas jg demam, pusing, batuk. dah cukup y covid ajg u dah pernah nyiksa w.
	Positive

	…
	
	

	500
	Ga enak badan, kepala pusing.. Bukan gegara covid, krna ga punya uang aja
	Negative

	501


		
	Gw tenggokan gatel, terus swab tuh besoknya karena kontak dg org positif 5 hari sebelumnya. Alhamdulillah hasilnya negatif. 
Jadi dasarnya, klo emg gak covid, InsyaAllah gak bakal positif.
	Negative



2. Preprocessing Data
This stage is performed to transform the raw tweet data into more structured data. In this study, the stages undertaken are cleaning (Faisal et al., 2022), conversion of uppercase letters to lowercase (HaCohen-Kerner, Miller, & Yigal, 2020) , and tokenization. Data cleaning involves removing unwanted characters and specific Twitter-related words from the text data, such as hyperlinks, double spaces, tweet-specific syntax (@, #), and non-alphanumeric characters. Case folding is the process of standardizing the letter case to lowercase since computers distinguish between uppercase and lowercase, and converting them to lowercase ensures uniformity in data dimensions. Tokenization involves segmenting and converting the text into a list of integer tokens (Omuya, Okeyo, & Kimwele, 2023). After preprocessing all the textual data, the next stage is to count the number of words in each text message. After that, the maximum length, mean, mode and median values are obtained from the word count statistics. Word padding is then applied to standardize the number of words across all messages in the text data set (Faisal et al., 2022). Different word padding lengths can have an impact on model performance and yield varying results for each padding type (Lopez-del Rio, Martin, Perera-Lluna, & Saidi, 2020). Smaller input padding results in reduced memory usage, whereas larger padding consumes more memory. Subsequently, the dataset is split into training data (80%) and testing data (20%) using a random split. Table 2. displays the values for the number of words used in this study.
[bookmark: _Ref145457872]Table 2. Number of Words Value
	Dataset
	Word Padding
	Num. of Words

	COVID-19 Symptoms Dataset
	Max
	49

	
	Mean
	15

	
	Median
	13

	
	Mode
	5



3. Long Short-Term Memory 
The preprocessed COVID-19 symptom dataset from social media, with defined padding lengths, was then subjected to processing using a Long Short-Term Memory (LSTM). Long Short-Term Memory has been widely utilized in text data classification research and offers the advantage of handling larger datasets (Kim & Pyun, 2020). The LSTM models utilized in this study encompass LSTM with Word2Vec, GloVe, FastText, and a combination of these embeddings (Faisal et al., 2022). All models underwent training with the parameters as specified in the list of Table 3.


[bookmark: _Ref145457943]Table 3. Dataset Description
	Parameter
	Value

	Batch size
	32

	Epoch
	150

	Neuron
	256

	Optimizer
	Adam



LSTM was developed with the aim of addressing the vanishing gradients problem in RNN (Sherstinsky, 2020). LSTM can remove or add information to the data based on the existing training by employing three main gates (Zhao, Mao, & Chen, 2019): an input gate  used to transmit information from a sigmoid layer to determine which portion of information should be added. Then, the combination of this new information is passed to the next layer for processing. An output gate serves as the final gate to produce information from the data, which can act as the ultimate gate for a piece of information or a part of the first stage before the information is further processed through the input gate in the next cell. Lastly, a forget gate allows the output information with high weights from the previous neuron to pass through. The information in the forget gate is stored in memory based on the results of high activation. If the input unit has high activation, the information is stored in the memory cell. Otherwise, input information with high weight resides in the memory cell. The internal structure of LSTM is illustrated in Figure 2.
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[bookmark: _Ref145458022][bookmark: _Ref145458019]Figure 2. Long Short-Term Memory Architecture
4. Confusion Matrix
This study employs accuracy, precision, and recall as evaluation metrics for detecting COVID-19 based on symptoms shared on the Twitter social media platform. The confusion matrix contains classification information about the actual data and the predictions made by the classification system. The performance of the system is then evaluated using the matrix data, and the confusion matrix compares the classification results produced by the system. The classification model is evaluated using a confusion matrix table (Firlia, Faisal, Kartini, Nugroho, & Abadi, 2021). The information values generated from the confusion matrix include true positive (TP), true negative (TN), false positif (FP), and false negative (FN). 
Accuracy is a metric that gauges the model's overall data classification proficiency. It assesses the model's ability to classify symptoms related to COVID-19 shared on social media as either suggestive or non-suggestive of COVID-19 (Nafiz, Kartini, Faisal, Indriani, & Hamonangan, 2023). Higher accuracy values indicate better overall model performance. The formula for accuracy can be seen in (1).
[bookmark: _Hlk101608692] 			                                     			                    (1)
Recall is the ratio of true instances classified correctly as true to the total number of instances belonging to the true positive and negative classes. Recall is used to gauge how many of the actual instances are correctly classified by the system (Kattenborn, Leitloff, Schiefer, & Hinz, 2021). The formula for recall can be observed in (2).
 		     	                                                               (2)
Precision is the ratio of true instances classified correctly as true to the total number of all positive predictions (Ghorbanzadeh et al., 2019). Precision is used to define how much of the classified areas are genuinely indicative of COVID-19. The formula for precision can be seen in (3).
 			                                        			     (3)

RESULTS AND DISCUSSION
1. Result
In this research, the implementation of Long Short-Term Memory (LSTM) leverages the Python programming language, utilizing the Keras library. Keras provides an accessible and highly efficient interface for addressing machine learning challenges. The complete machine learning process, from data preprocessing to parameter tuning and deployment, is encapsulated within Keras. The dataset is split into 80% training data and 20% testing data for model classification. Four distinct models were conducted, each employing different techniques for feature extraction, including Word2Vec, GloVe, FastText, and a combination thereof, with default input configurations encompassing maximum, mean, median, and mode text lengths. The architecture of LSTM with a single word embedding feature extraction used in this study can be seen in Figure 3. and further explanation can be found in Table 4.
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[bookmark: _Ref145458664]Figure 3. LSTM with one feature extraction architecture
[bookmark: _Ref145458674]Table 4. LSTM Architecture’s layers, shapes, and params.
	Layer (type)
	Output Shape
	Param #

	Embedding (Embedding)
	(None, 49, 100)
	292600

	lstm (LSTM)
	(None, 256)
	365568

	droput (Dropout)
	(None, 256)
	0

	dense (Dense)
	(None, 1)
	257

	Total params: 658, 425
	
	

	Trainable params: 365, 825
	
	

	Non-trainable params: 292,600
	
	



The model is then tested using the testing data. The results of the LSTM experiments with different word embeddings (Word2Vec, GloVe, and FastText) can be observed in Table 5., Table 6., and Table 7
[bookmark: _Ref145458909]Table 5. Experimental Results of the LSTM Model with Word2Vec
	Model
	Padding Length
	Accuracy (%)
	Precision (%)
	Recall (%)

	LSTM + Word2Vec
	Max
	87
	84
	91

	
	Mean
	78.5
	77
	82

	
	Median
	77.5
	76
	80

	
	Mode
	68
	71
	61



[bookmark: _Ref145458911]Table 6. Experimental Results of the LSTM Model with GloVe
	Model
	Padding Length
	Accuracy (%)
	Precision (%)
	Recall (%)

	LSTM + GloVe      
	Max
	84.5
	87
	81

	
	Mean
	81.5
	85
	76

	
	Median
	75
	78
	69

	
	Mode
	61.5
	61
	64



[bookmark: _Ref145458913]Table 7. Experimental Results of the LSTM Model with FastText
	Model
	Padding Length
	Accuracy (%)
	Precision (%)
	Recall (%)

	LSTM + FastText  
	Max
	86
	86
	86

	
	Mean
	75
	76
	73

	
	Median
	79.5
	79
	80

	
	Mode
	69
	69
	68



[bookmark: _Hlk145685621]The architecture of LSTM with a combination of the three word embeddings, Word2Vec, GloVe, and FastText, can be seen in Figure 4 and an explanation of the architecture is provided in Table 8. he results obtained using the LSTM method with combined word embeddings can be observed in Table 9.
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[bookmark: _Ref145459608]Figure 4. LSTM with combination feature extraction architecture
[bookmark: _Ref145459648][bookmark: _Ref145459623]Table 8. LSTM Architecture’s layers, shapes, and params
	Layer (type)
	Output Shape
	Param #

	Input_1 (InputLayer)
	[(None, 49)]
	0

	Embedding (Embedding)
	(None, 49, 100)
	292600

	Embedding_1 (Embedding)
	(None, 49, 100)
	292600

	Embedding_2 (Embedding)
	(None, 49, 100)
	292600

	Concatenate (Concatenate)
	(None, 147, 100)
	0

	Lstm (LSTM)
	(None, 256)
	365568

	Droput (Dropout)
	(None, 256)
	0

	Dense (Dense)
	(None, 1)
	257

	Total params: 1,243, 625
	
	

	Trainable params: 365, 825
	
	

	Non-trainable params: 877,800
	
	



[bookmark: _Ref145459641][bookmark: _Ref145459630]Table 9. Experimental Results of the LSTM Model with Combined Feature Extraction
	Model
	Padding Length
	Accuracy (%)
	Precision (%)
	Recall (%)

	LSTM + Word2Vec,  
	Max
	89
	89
	89

	Glove, FastText
	Mean
	83
	84
	82

	
	Median
	79.5
	80
	79

	
	Mode
	71.5
	70
	75



2. Discussion
As evident in the comparison of results between Table 5., Table 6., and Table 7, the highest accuracy and precision are achieved with the LSTM method using a padding length of Max. It can be observed that using word padding with a Max value consistently yields better results than using mean, median, or mode values. Revisiting the data in Table 9 indicates that the number of words produced by Max is larger than with other padding lengths, which provides more information in the data compared to other values. Furthermore, from the comparison, it can also be seen that the combination of Word2Vec, GloVe, and FastText word embeddings performs the best in terms of accuracy and precision. As known, each word embedding has its own strengths, and when their data is combined, each technique complements the others. As a result, combining structured data with the combination of the three word embeddings yields an accuracy of around 89%, which is better than if the three word embeddings were used standalone. The performance comparison results for accuracy, precision, and recall values can be observed in Figure 5.
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[bookmark: _Ref145459917]Figure 5. Performance charts of each models (a) Accuracy, (b) Precision, (c) Recall
The accuracy results of each tested model were then used to calculate the average values for each feature extraction method. The obtained results indicate that, on average, the Word2Vec method yielded a score of 77.75, the FastText method had an average score of 77.38, the GloVe method had an average score of 75.63, and the average score for the combination of all three methods was 80.75. These results demonstrate that the combined method achieved the highest score compared to the standalone methods. Each word embedding method has its own strengths, and by combining them, all three word embeddings collaborate to create strong overall performance. The comparison chart can be seen in Figure 6.
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[bookmark: _Ref145690441]Figure 6. Comparison of Average Accuracy based on Feature Extraction Techniques
The accuracy results corresponding to the padding lengths were also used to calculate the average values for comparison purposes. The results indeed show that the input value of padding length has an impact on the model's performance and yields different results for each padding type. The padding lengths used were the maximum value, mean value, median value, and mode value, which can be reviewed in Table 2. The comparison chart can be observed in Figure 7.
[image: A graph of a bar chart

Description automatically generated]
[bookmark: _Ref145690449]Figure 7. Comparison of Average Accuracy based on Word Padding Technique in Sentences
CONCLUSIONS AND RECOMMENDATIONS
This study explores the impact of different input sizes of padding length on the performance of the Long Short-Term Memory model in detecting COVID-19 symptoms through messages from the Twitter social media platform. The research also compares feature extraction methods to determine the most suitable one for text data, as in this study, and employs a combined method using three feature extractions (Word2Vec, GloVe, FastText). After conducting various experimental scenarios, it was determined that the most appropriate padding length for COVID-19 symptom tweet data is in accordance with the maximum text length present in the dataset, which is 49 words with average accuracy score 86.63%. The best-performing model involves combining several feature extractions, which in this study include a combination of three word embedding feature extractions, with the highest accuracy achieved using a padding length with a maximum number of words, amounting to 89%.
In future research, classification can be further improved by using methods aimed at achieving higher accuracy results. In the subsequent research, the researchers will explore parameter tuning experiments using grid search hyperparameter tuning and experiment with various other classification algorithms suitable for text mining, such as Bidirectional Encoder Representations from Transformer (BERT).
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