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Abstract

A global pandemic on March 11th of 2020, which was initially renowned by the World Health Organization (WHO) revealed the coronavirus (the
COVID-19 epidemic). Coronavirus was flown in —December 2019 in Wuhan, Hubei region in China. Currently, the situation is enlarged by the
infection in more than 200 countries all over the world. In this situation it was rising into huge forms in Bangladesh too. Modulated with a public
dataset delivered by the IEDCR health authority, we have produced a sustainable prognostic method of COVID-19 outbreak in Bangladesh using
a deep learning model. Throughout the research, we forecasted up to 30 days in which per day actual prediction was confirmed, death and recoveries
number of people. Furthermore, we illustrated that long short-term memory (LSTM) demands the actual output trends among time series data
analysis with a controversial study that exceeds random forest (RF) regression and support vector regression (SVR), which both are machine
learning (ML) models. The current COVID-19 outbreak in Bangladesh has been considered in this paper. Here, a well-known recurrent neural
network (RNN) model in order to referred by the LSTM network that has forecasted COVID-19 cases on per day infected scenario of Bangladesh
from May 15th of 2020 till June 15th of 2020. Added with a comparative study that drives into the LSTM, SVR, RF regression which is processed
by the RMSE transmission rate. In all respects, in Bangladesh the gravity of COVID-19 has become excessive nowadays so that depending on this
situation public health sectors and common people need to be aware of this situation and also be able to get knowledge of how long self-lockdown
will be maintained. So far, to the best of our knowledge LSTM based time series analysis forecasting infectious diseases is a well-done formula.
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1. Introduction

COVID-19 is a stormy epidemic covered the more than 200 countries. Initially it appeared late December 2019 in
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Wuhan, China [1]. Originally WHO called this respiratory infection as COVID-19 that spread throughout the body a
certain incubation period to be 6.4 days (2-14days) [2-3]. The outbreaks of a novel coronavirus are gradually being
published at an exponential rate day by day. Observation of people's health showed flu-like symptoms, together with
cough, dyspnea, fatigue and fever [4]. Due to pandemic, millions have been dying, some were endangered in positive
cases. Moreover, this attenuation is possible in case of the timely forecast, when confirmed cases are well predicted.
Meanwhile, the future situation had led to public health measures in China, but during four-4 months it has enlarged
all over the countries and territories [5]. Overall scenario explained the necessity of collecting sample data, however,
it is quite impossible to test over the largely populated area. Predicting per day data using time series hotspot problems
suggests how the future will go. Nowadays Bangladesh is coming into a red zone where daily affected numbers are
rising in high dimensions. Bangladesh's first attempt was affected by this influenza since 7 March 2020 with 3
confirmed cases that have been announced by the Institute of Epidemiology Disease Control & Research (-IEDCR).
In the middle the situation was smoothie while other countries were severely infected but the current situation goes
opposite. According to the IEDCR report, confirmed cases are increasing as twofold. By this time-series analysis
containing the longest sequences needs a mathematical model for the early prediction. In this paper we studied
confirmed cases in Bangladesh regions over existing models by deep learning model in LSTM. Throughout our study
estimation will help the governments and public health officials forecasting prevention and control strategies. LSTM
is an artificial recurrent neural network, which is a potential pattern for time predictions series where data is sequential
[6,19]. Treated LSTM on 3 cases of Bangladesh those who have died, recovered, influenced by this epidemic showed
maximum prediction relates to forecast model for several benefits moreover abandoned with rough purpose. It is
extremely admirable over the discussion to produce output and show graphical representation of the prominent study
throughout this epidemic. Entered with a deep learning model most of the biological cases analysed using time series
statistical situations [7-9]. In the meantime, a small number of relevant cases was published on COVID-19. Given the
novelty of the subject, a part from the prediction of COVID-19 not so many measures had been applied to the health
sector in Bangladesh so far. Due to an experiment, three cases of epidemic become long-term estimation, then one
needs to focus on a short-term estimation to detect the accuracy level growth [10]. Real data based upon biological
time series data processed by the recurrent neural network model. All kinds of time series real-world dataset could be
suitable for sequential data modelling [11].

To the best of our knowledge, we propagate a deep learning based forecasting method that is applicable for both
medical surgery departments and governmental institutions to discover and synthesize as pandemics. At the end of
the study LSTM successfully predicted the future epidemic situation over confirmed cases which was real time
analysis that IEDCR delivers on public domain in Bangladesh. Overall, from a Bangladesh perspective we elaborate
our model with a comparative to speech as they showed other countries [12,18]. According to better forecasting, the
model has been trained by severely using death cases, recovery cases and predictive positive cases. The structure of
the rest of this paper forecast over the upcoming 30 days in 3 stages along with LSTM deep learning model.

2. Research Review

During this COVID-19 epidemic long day-long advances misery by time series data. Taking up with time series
several patterns of data is necessary to researchers owing to prognosis and reveal analysis sections. Current situations
fully depending upon study of analysis because of prediction can raise awareness. LSTM estimation offers privilege
over time series data with short term and long term sequences. Meanwhile based on time series analysis had been
placed by the deep learning analysis. We have discussed this kind of proposals in literature over the section of time
series analysis using COVID-19 data moreover simulate their works by the discussions.

Yunlu Wang et al. [13] aimed at twofold perspective that using real time COVID-19 data influenced by the breathing
characteristics settled with respiratory patterns. Demand with a comparative study including LSTM. Zifeng Yang et
al. [14] reflected by their analysis in China who were infected through the COVID-19 that using LSTM applied over
the SARS dataset. Swarna Kamal Paul et al. [15-16] due to this epidemic covered the USA and Italy of dataset from
the public domain proposed by the LSTM with exploration of forecasting the next spread of COVID-19. Shuo Feng
et al. [17] smoothly described a certain prediction of COVID-19 real time based analysis treated as a SEIR model over
LSTM. Among three positive cases of data analysis give future review. Public health making awareness is a necessary
duty of all countries in a sense Rahele Kafieh et al. [18] published an impressive controversial approach during the
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session of COVID-19 in Iran cases about time series analysis revealed by deep learning model contacting LSTM.
Seyed Mohammad et al. [19] demonstrated COVID-19 in Iran evaluated RMSE performance on LSTM after that
shows what future has come.
Narinder Singh Punn et al. [20] aimed to predict the application of SVM, PR and DNN, RNN, LSTM methods
worldwide for confirmation, recovery and death cases. Hamed Jelodar et al. [21] used LSTM RNN which investigates
sentiment classification of social comments. LSTM strongly claims that inquiries are significant for public opinion.
Yang Yu et al. [22] proposed a ML based transmission simulator(MLCM) to predict COVID-19 asymptomatic
dispatch which includes disease progression and control during data-driven. Qiyang Ge et al. [23] applied developed
methods to real-time forecasting on confirmed cases across the world and RNN based LSTM for predicting future
response time series. Mohamed R. Ibrahim et al. [24] has unveiled a fictional variant LSTM auto-encoder model
predicting the expansion of coronavirus for every country around arbitrary with sequential LSTM. Shaoyi Dua et al.
[25] predict COVID-19 by hybrid Al model. LSTM can effectively fix constant explosions and disappearance during

the training process by introducing the carousel of constant error alone.

3. Methodology

3.1. COVID-19 Dataset Formation

Data on the COVID-19 epidemic in Bangladesh has been collected from IEDCR since March 8 to May 12. Datasets
contain daily reports and time-series sequential tables. We have arranged the series table in CSV format. In the
ordination of the attributes have chosen Confirmed, Deaths and Recovery rate. The approach will predict next 30 days
cases based on the present situation. It’s easy to observe the explicative accrual of propaganda that needs to be
controlled. Dataset constructed a 70 days of data set which is shown in the graph in COVID-19 cases.
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Figure-1: Input Framework for Epidemic status for COVID-19 on Death,
Confirmed and Recovery cases.

3.2. LSTM Network Modelling estimation of model parameters

Figure 1 illustrates the input model how easily fed into LSTM by setting the model parameters for the real-time
transmission [6,12]. In Table-1 Set with the following parameters where train size and test size divided into 70% and
30% along with batch size 1 and epochs set by the 100. This sequential data needs to split with look-back 1. Pre-
Trained the input format that is necessary to LSTM input has to be a picking format. Deep neural network trained on

these parameters by Tensorflow.
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Optimum selected layout for LSTM

Train Test | Look | Batch Epochs Days to
Size Size Back predict
70% 30% 1 1 100 30

Table 1: Optimum selected layout for LSTM
3.3. Training & Testing

Due to progression of Recurrent Neural Network, an important session of training and testing should cover on
epidemic analysis [27]. Regarding the test, it was used the area of Bangladesh in all regions, which have been affected
by this infection. Three stages of confirmation, recovery and death need labeling corresponding per day cases. On
behalf of the scenario, deep learning is implemented by the standard measurement. DNN consists of an existing layer
that fits into the model in LSTM. Before preprocess, the data are divided into two parts according to train and test sets
and the scores is 70% and 30%. DNN requires Min Max Scaler (feature range=(-1, 1)) that provides the actual RMSE
value. Later on rebuild a reshape train and test set for all RMSE value measurement. RNN proclaimed with 2 hidden
layers with input and output layers build by the dense layer.

3.4. Performance Measure Metrics

Time series analysis evaluates the model grabbing some theoretical Metric function as mean squared error (MSE)
in which widely known as objective function, another one RMSE computing Function of metrics for simulating the
regression learning [6, 20]. Adam optimizer is the RNN optimum value across the prediction much popular [14].
RMSE [28] is the mostly used metric function for LSTM models for future prediction purpose of time series during
COVID-19 analysis.

3.5. LSTM Model

Long Short-term Memory is an alternative to a repetitive neural network that can also provide a long-term
adherence. LSTM networks can reflect data for a long period of time. It may contain the same or more hidden parts
without input and output levels. Every hidden layer structure has three gates- input, output and forget. The interior
memory postulate of its cell simply stores the obligatory and relevant reality through these gates. By wasting trivial
actuality from the cell region the forget gate tries to increase the utility of the network. It is planned to transfer new
data to the cell state of input and output gate passes important information from the memory cell to the output. The
output of the previous layer becomes the input of the next layer in Stacked LSTM. By using hidden layers stacked
LSTM can gather more actuality. The stacking of hidden layers makes the repetitive model deeper and the features
can be learned more rigorously [26].

3.6. LSTM model analysis

Strong representation needs a comparative study. In our model, on LSTM focused maximum cases. During the
Dataset of COVID-19 in Bangladesh relevant with long term and short term sequences where it could be extracted
from and processed. We trained COVID-19 data from 15 march to 15 may 2020 per day over the thousand cases set
by the 1000 parameters. Performance of the model that has represented by the RMSE value. Also adding with min
max squared who rule the LSTM. Moreover, Bangladesh COVID-19 study with prediction up to 2 weeks trained by
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the LSTM [29] gives actual predictions that also compare with other ML models such as Random Forest(RF)
[30] and SVR. Figure 2 describes the actual happening in the LSTM hidden layer [26]. LSTM function determines
the solution by RMSE and Mean squared error that will produce a loss function by confirmed, death, recovery cases
as Table-2. Furthermore, table-2 illustrates the loss error rate graph, which is the present loss history of model LSTM.
In graphical scenario each case predicted with 100 epoch set by the boundary of 0 to 1. After that this analysis makes
historical predictions among training and test sets using loss rate.

COVID-19 Fatefull RMSE value for
Data Source Models predictive
IEDCR LSTM,SVR,RFR Measurement

Training & Test
data
Normalization

Transmission method
for pre-training

Figure-2: Proposed Method of COVID-19 Forecast.

Model Loss
Confirmed Death Recovery
0.0230 0.2479 0.0039

Table 2: Loss Function determination of loss error rate with epoch

First attempt to explain loss function low rate table 2 has shown how the confirmed, recovery and death cases reduce
from high to low output with 0.0230, 0.2479, 0.0039. Fig 3 illustrates how the plotting curve minimizes output
randomly in each epoch also test data reshaped and add with training data. On the basis of contemporary, model loss
history for true and predict of trained vs test data further epoch making a debated loss history decreasing loss output
which is shown as graphical plotting speaks as same output that generally bow down from high to low.

Model Loss History Model Loss History Model Loss History
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Figure 3. Loss on the train and test sets of LSTM models based on three cases.
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4. Results and Discussion

4.1. Future Trajectory of COVID-19 in Bangladesh

In overall view, to provide a forecast on the counting number of 3 infectious cases in Bangladesh is the upcoming
situation measure till June 15th of 2020. Considering results in Table-3, excellent performing network LSTM of deep
learning model that also compared with other ML models depend on desired RMSE value of train, test and all for
future prediction. Fig 4 is the forecast area of the predicted daily increased or decreased of confirmed, death and
recovered cases in Bangladesh till May 13th to June 15th of 2020. After that, predicted value compared with real data
value plotted by another fig 5 and the last listed time series data of future prediction for raising awareness based on
the prediction of what next.

Real time data procedure is quite a complicated situation to handle starting with finding the statistical data as a working
file after the reshaping into trained and test data later applied with LSTM then we can visualize the data over graphical
representation. Data visualization on graphical representation we have taken per data in Y axis and 3 separate
conditions from COVID-19 epidemic on confirmed, death, recovery data in X axis over per day of 1000 cases. We

are trying to focus on illustrating the condition below such a simple description.

Future Prediction Based on Per Day Confirmed Case in Bangladesh Future Prediction Based on Per Day Deaths in Bangladesh Future Prediction Based on Per Day Recovery in Bangladesh
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Figure 4: Future Prediction on per day Confirmed, Recovery, Death Cases.

Figure 4 plotted the data over 3 cases and visually represent the starting situation in Bangladesh on March 2020.
Initially, critical condition level is low after that curve started to rise affected in positive cases. In case we describe
the graph as we can see on 13th May confirmed cases 860 in the middle 29th May increase by 890 after that 9th June
it will go constant. Second graph shows for death cases on 13th may found 8 deaths in the middle, death cases found
low by 7 on 29th May at last 9th June situation remain the same. Now come to the recovery graphical plot with a
different view in 13 May recovery rate is 85 in the middle, 25th may recovery case bow down and after that 9th June
recovery rate below 71. In figure 4 all graphical situations remain the same, no positive reflection in that case, future
prediction necessary to raise awareness about health risk.
Figure 5 plotted the data over 3 cases and visually representing from the figure 4 that replies infected and death rate
tremendously increase besides that recovery rate is poor till 15" June of 2020 in which critical condition level is low
After that curve started to rise affected in positive cases. In case we describe the graph as we can see on 13th May
confirmed cases 500 in the middle 29th May increase by 800 to 850 after that 9th June it will go constant. Next graph
shows for death a zigzag plotting cases on 13th may found 6 deaths in the middle, death cases found low by 7 on 29th
may at last 9th June situation remain the same. Now come to the recovery graphical plot with a different view in 13
may recovery rate is 140 in the middle, 29th may recovery case bow down below 60 and after that 9th June recovery
rate around 60. In figure 5 all graphical situations remain the same but the number of prediction cases increase but
There has no positive reflection in that case figure-4 to figure-5 has been necessary to further future prediction due to



time series analysis predict accurately no longer than two weeks. Therefore, double prediction may check the previous

prediction in which remain the same of existing output
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Figure 6 plotted the data over 3 cases where visually represented future prediction based on per day showing the graph
trajectory where green trajectory of prediction in more than 2 weeks is the actual curve in which means the total output
of all trajectories. The starting situation in Bangladesh on march 2020 critical condition level is low after that curve
started to rise in positive cases. In case we describe the graph as we can see 15th march confirmed cases prediction
simulated by the actual death is null in the middle, first may actual prediction being affected over 600 and 15th June
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Coming to the next death cases prediction simulated by the actual death 15th March was null, in the middle, first may

actual prediction being die over 10 also predicted per day 10 to 12 and 15th June over 2 weeks is prediction will

increase by the per day death may 12 people will be death cases. After that if we present recovery cases there is no

outstanding positive impact. In future up to 15 June recovery cases will be decreased by 200 per day.
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To the best of our knowledge, in Figure-7 that has proclaimed a comparative study that is measure the output how far

accurate between the actual output of our LSTM prediction based model till 9" of June and the next 15" June to 15%
of July scenario of Bangladesh Covid-19. Especially, graph has showed the after June of 2020 next scenario in which

daily confirmed, death and recovery rate is too high situation will bow down. In that case, our model estimation so
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much true instead we have analysis by the previous figures where figure states that upcoming days in Bangladesh
infected cases increase rapidly but recovery cases very low and everyday scenario of death cases also very high which

is lagging very negatively. This comparison relates the prediction of model give actual measurement of COVID-19.
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Figure 7: Comparative scenario of between model prediction and next June of 2020 to July affected per day situation

4.2. Optimal Model Selection
According to COVID-19 real time analysis best for LSTM in deep learning method [6,14,18]. Although we evaluate
the performance of models we’ve approached three types of models based on deep analysis. In these three models
trained by the per day confirmed, death, recovery cased. Comparative study as followed by the RF regression model
and SVR model [26,18]. Table-3 assumed the RMSE value which through we proved LSTM is the optimum solution.
Coded by the MAPE metric to analyze different models and percentages of error on real value remain safe greater
than Mean Absolute Error. Here, we calculate the RMSE value for LSTM, SVR, RF regression on train, test and all

RMSE values are high comparatively only LSTM evaluation RMSE value is accurate.
In a sense, we should say LSTM is perfect fitted of real time analysis [31]. Long-term sequences to short-term

sequences generate a strong visualization. Convolutional network which have hidden layer with input, dense and

output layer committed their proof a faithful model with high performance on time series analysis [32].
RMSE

Model | Train Accuracy Test Accuracy All Accuracy
Confirmed Death Recovery Confirmed Death | Recovery | Confirmed Death Recovery
LSTM 2.54 27.15 418 | 330.28 2.95 163.21
53.14 274.86 65.83
RFR 6.48 9.27 8.09 | 336.73 3.28 170.15
200.65 680.36 184.21
SVR 8.45 7.16 9.91 | 304.12 4.73 215.08
150.29 650.33 166.15
Table 3: Comparative Results on prediction of LSTM, RFR, SVR
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5. Conclusion & Future Works

In this article has been accomplished by the proposing forecast model where whole country will get information
due to the pandemic of Covid-19 in Bangladesh. Throughout, the full approach we have studied about the time series
analysis by the taking of patient data from IEDCR healthcare in Bangladesh and this is the relevant source of data.
During the procedure using LSTM model for making future estimation we had taken three cases that is confirmed,
death and recovery cases. In the section of methodology, we try to forecast up to 30 days upcoming scenario plotted
with graphical visualization that has conflict the situation over three different cases. Time series analysis effectively
been proposed the output where upcoming Bangladesh scenario in two or three weeks going to badly fall down.
Confirmed and death cases will remain high and recovery cases will recover very poorly. Particularly, time series
analysis approach we had made a comparative analysis by the RMSE rate among the LSTM, RF regression and SVR
models. Lastly, predicted output checked by the current two weeks of data and the situation is the quite similar to the
predicted output.

Furthermore, the study of Covid-19 need lots of advancement in future. Tropically, more data influence system
will remain highly efficient. Eventually, so many types of idea have related to Covid-19 that will applicable by the
time series analysis in next.

Acknowledgements

We would like to acknowledge the critical technical insights and potential support of our Daffodil International
University. With cordially, grateful to NLP and ML research Lab of DIU and mentor who supervised us. Moreover,
thanks to the undistinguished reviewers for their valuable remarks and feedback.

References

[1] Hongzhou Lu, Charles W. Stratton, and Yi-Wei Tang, “Outbreak of pneumonia of unknown etiology in Wuhan, china: The mystery and the
miracle”, Journal of Medical Virology, 92(4):401-402, 2020.

[2] Chih-Cheng Lai, Tzu-Ping Shih, Wen-Chien Ko, Hung-Jen Tang, and Po-Ren Hsueh, “Severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2) and coronavirus disease- 2019 (COVID-19): The epidemic and the challenges”, International Journal of Antimicrobial Agents,
55(3):105924, 2020.

[3] Hussin A. Rothan and Siddappa N. Byrareddy. “The epidemiology and pathogenesis of coronavirus disease (COVID-19) outbreak”, Journal of
Autoimmunity, page 102433, February 2020.

[4] Chao-Tung Yang, Yuan-An Chen, Yu-Wei Chan, Chia-Lin Lee, Yu-Tse Tsan, WeiCheng Chan, and Po-Yu Liu, “Influenza-like illness
prediction using a long short term memory deep learning model with multiple open data sources”, The Journal of Supercomputing, February
2020.

[5] World Health Organization. coronavirus disease 2019 (COVID-19) situation report 71 2020. World Health Organization, April 2020.

[6] Shawni Dutta, Dr. Samir Kumar Bandyopadhyay, “Machine Learning Approach for Confirmation of COVID-19 Cases: Positive, Negative,
Death and Release”,2020.

[7] Jie Zhang and Kazumitsu Nawata. “A comparative study on predicting influenza outbreaks”, BioScience Trends, 11(5):533-541, 2017.

[8] Alfred Amendolara, “Predictive modeling of influenza in new england using a recurrent deep neural network Theses”, Federated Department
of Biological Sciences, 1739,2019.

[9] Shervin Minaee, Rahele Kafieh, Milan Sonka, Shakib Yazdani, and Ghazaleh Jamalipour Soufi, “Deep-COVID: Predicting covid-19 from chest
x-ray images using deep transfer learning”, arXiv:2004.09363, 2020.

[10] Gholamreza Memarzadeh, Farshid Keynia, “A new short-term wind speed forecasting method based on fine-tuned LSTM neural network and
optimal input sets”, Volume 213, 2020.

[11] Dae-Hyun Junga, Hyoung Seok Kim, Changho Jhin, Hak-Jin Kim, Soo Hyun Parka, “Time-serial analysis of deep neural network models for
prediction of climatic conditions inside a greenhouse”, Computers and Electronics in Agriculture, 2020.

[12] Vinay Kumar Reddy Chimmula, Lei Zhang, “Time Series Forecasting of COVID-19 Transmission in Canada Using LSTM Networks”,
Published by Elseviewer,2020.

[13] Yunlu Wang, Menghan Hu, Qingli Li, Xiao-Ping Zhang, Guangtao Zhai, Nan Yao, “Abnormal Respiratory Patterns Classifier May Contribute
To Large-Scale Screening of People Infected With Covid-19 In an Accurate And Unobtrusive Manner”, arXiv:2002.05534 [cs.LG], 2020.

[14] Zifeng Yang, Zhiqi Zeng, Ke Wang, Sook-San Wong, Wenhua Liang, Mark Zanin, Peng Liu, Xudong Cao, Zhongqiang Gao, Zhitong Mai,
Jingyi Liang, Xiaoqing Liu, Shiyue Li, Yimin Li, Feng Ye, Weijie Guan, Yifan Yang, Fei Li, Shengmei Luo, Yuqi Xie, Bin Liu, Zhoulang



300 Abu Kaisar Mohammad Masum et al. / Procedia Computer Science 178 (2020) 291-300

Wang, Shaobo Zhang, Yaonan Wang, Nanshan Zhong, Jianxing He, “Modified SEIR and Al prediction of the epidemics trend of COVID-19
in China under public health interventions”, Jounal of Thoracic Desease, 165-174, 2020.

[15] Swarna Kamal Paul, Saikat Jana, Parama Bhaumik, “A multivariate spatiotemporal spread model of COVID-19 Using Ensemble of
ConvLSTM networks”, 2020.

[16] Fanelli, D., & Piazza, F., “Analysis and forecast of COVID-19 spreading in China, Italy and France”, Chaos, Solitons & Fractals, 134, 2020.

[17] Shuo Feng, Zebang Feng, Chen Ling, Chen Chang, Zhongke Feng, “Prediction of the COVID-19 Epidemic Trends Based on SEIR and Al
Models”, 2020.

[18] Rahele Kafieh, Roya Arian, Narges Saeedizadeh, Shervin Minaee, Zahra Amini, Sunil Kumar Yadav, Atefeh Vaezi, Nima Rezaei, Shaghayegh
Haghjooy Javanmard, “COVID-19 in Iran: A Deeper Look Into The Future”, 2020.

[19] Seyed Mohammad Ayyoubzadeh, Seyed Mehdi Ayyoubzadeh, Hoda Zahedi, Mahnaz Ahmadi, Sharareh R Niakan Kalhori, , “Predicting
COVID-19 Incidence Through Analysis of Google Trends Data in Iran: Data Mining and Deep Learning Pilot Study”, JMIR Public Health
Surveill 2020, 6(2):e18828.

[20] Narinder Singh Punn, Sanjay Kumar Sonbhadra, Sonali Agarwal, “COVID-19 Epidemic Analysis using Machine Learning and Deep Learning
Algorithms”, 2020.

[21] Hamed Jelodar , Yongli Wang , Rita Orji , Hucheng Huang, “Deep Sentiment Classification and Topic Discovery on Novel Coronavirus or
COVID-19 Online Discussions: NLP Using LSTM Recurrent Neural Network Approach”, 2020.

[22] Yang Yu, Yu-Ren Liu, Fan-Ming Luo, Wei-Wei Tu, De-Chuan Zhan, Guo Yu, Zhi-Hua Zhou, “COVID-19 Asymptomatic Infection
Estimation”, 2020.

[23] Qiyang Ge, Zixin Hu, Shudi Li, Wei Lin, Li Jin and Momiao Xiong, “A Novel Intervention Recurrent auto encoder for real time forecasting
and non-pharmaceutical intervention selection to curb the spread of Covid-19 in the world”, 2020.

[24] Mohamed R. Ibrahim, James Haworth, Aldo Lipani, Nilufer Aslam, Tao Cheng and Nicola Christie, “Variational-LSTM Autoencoder to
forecast the spread of coronavirus across the globe”, 2020.

[25] Shaoyi Dua, Jianji Wanga, He Zhanga, Wenting Cuia, Zijian Kanga, Tao Yanga, Bin Loua,, Yuting Chia, Hong Longa, Mei Maa, Qi Yuana,
Shupei Zhanga, Dong Zhanga, Jingmin Xina and Nanning Zhenga, “Predicting COVID-19 Using Hybrid AIModel”, 2020.

[26] K. U. Jaseena, Binsu C. Kovoorb, “A hybrid wind speed forecasting model using stacked autoencoder and LSTM”, 2020.

[27] Github repository. 2019 Novel Coronavirus COVID-19 (2019-nCoV) Data Repository by Johns Hopkins CSSE. Retrieved March 31, 2020
from https://github.com/CSSEGISandData/COVID-19.

[28] S. Bouktif, A. Fiaz, A. Ouni, and M. A. Serhani, “Optimal deep learning LSTM model for electric load forecasting using feature selection and
genetic algorithm: Comparison with machine learning approaches”, Energies, vol. 11, no. 7, 2018, doi: 10.3390/en11071636

[29] Xianglei Zhu, Bofeng Fu, Yaodong Yang, Yu Ma, Jianye Hao, Siqi Chen, Shuang Liu, Tiegang Li, Sen Liu, Weiming Guo, “Attention-based
recurrent neural network for influenza epidemic prediction. BMC bioinformatics”, 20(18), 2019.

[30] Ali Alessa, Miad Faezipour, “Preliminary flu outbreak prediction using twitter posts classification and linear regression with historical centers
for disease control and prevention reports: Prediction framework study”, JMIR public health and surveillance, 5(2): €12383, 2019.

[31] Fazle Karim, Somshubra Majumdar, Houshang Darabi, Shun Chen, “LSTM Fully Convolutional Networks for Time Series Classification”,
2017.

[32] Z. Wang, W. Yan, and T. Oates, ‘‘Time series classification from scratch with deep neural networks: A strong baseline,”” in Proc. Int. Joint
Conf. Neural Network (IJCNN), pp. 1578-1585, 2017



