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Abstract 

This chapter introduces a hybrid deep learning model for COVID-19 spread forecasting. 

Specifically, the proposed approach combines the desirables characteristics of BiLSTM (Bi-

directional long short-term memory), convolutional neural net-works (CNN), and the attention 

mechanism. Importantly, this combination, called BiLSTM-A-CNN, intends to amalgamate the 

capacities of the LSTM in modeling time dependencies, the capabilities of the attention mechanism 

in highlighting relevant features, and the good ability of CNN in extracting features from complex 

data. The use of the BiLSTM-A-CNN model is anticipated to improve the forecasting accuracy of 

COVID-19 future trends. The performance of the proposed model is evaluated through 

comparisons with the recurrent neural network (RNN), gated recurrent unit (GRU), LSTM, and 

BiLSTM. The assessment is carried out using different statistical metrics, such as Coefficient of 

determination (R2), Root Mean Square Error (RMSE), mean absolute error (MAE), explained 

variance (EV), median absolute error (MdAE) mean absolute percentage error(MAPE), Mean bias 

error (MBE), and Relative Mean bias error (rMBE). The daily records of confirmed and recovered 

cases from Austria, Brazil, Colombia, France, Germany, India, and Mexico are used to evaluate 

the investigated models. Results confirm the superior performance of the BiLSTM-A-CNN model 

for COVID-19 spread forecasting over the other models (i.e., RNN, GRU, LSTM, and BiLSTM). 

1. Introduction 

Nowadays, artificial intelligence plays a prominent and growing role in the future development of 

science and technology. It has been introduced and ap-plied in various areas of science, including 

computer science, finance, health-care, robotics, and transportation. In the medical field, artificial 

intelligence-based medication is becoming an effective alternative to traditional medication 

approaches due to the availability of large-scale medical databases characterizing patient 

conditions, treatments, genetic information, and management decisions. Artificial intelligence 

found wide spectrum areas of applications in the healthcare field, such as early prediction of 



diseases, identifying mortality risk cases, monitoring disease trends, disease management, and 

environment. Generally, the use of artificial intelligence in healthcare greatly helps physicians 

analyze complex data patterns, assist them in complex clinical decision-making and diagnosis, and 

enhance physicians’ medical expertise. Early prediction is essential for clinical diagnosis and 

treatment of many complex diseases, such as diabetes, cancer, heart disease, and psychiatric 

disease, in the early stage. One of the most important applications of artificial medical intelligence 

that has recently received much interest is forecasting and diagnosing COVID-19 [1–4]. 

The current COVID-19 pandemic that was initially detected in Wuhan, China, in December 2019 

is a critical problem confronting our modern world [5].According to the World Health 

Organization, 213 Countries and Territories across the globe have been affected by the coronavirus 

COVID-19. Remark-ably, several countries of Europe, as well as North and South America, are 

primarily influenced by the COVID-19 outbreak. One major factor facilitating this virus’s 

propagation from its origin to worldwide is the air traffic between Asia, North America, and 

Europe. Indeed, the transmission from person to person has been recorded between close contacts 

of returned travelers. Besides, this virus can be propagated in different manners, including by direct 

body contact, contaminated cash, air from infected persons when coughing or sneezing [6]. It is 

worth to point out that the incubation du-ration of COVID-19 is at the minimum fourteen days, 

which accelerates its propagation in this incubation period [7]. Accordingly, forecasting confirmed 

and recovered COVID-19 cases is essential for managing the outbreak and preparing efficient 

strategies to mitigate the spread of COVID-19. 

AI has been utilized by expert epidemiologists for the purpose of real-time forecasting and 

monitoring of pandemic trends and public health threats. A group at Boston Children’s Hospital, 

called HealthMap, consisting of researchers, epidemiologists, and software developers, has 

recently implemented AI to monitor informal data sources in the 2019-nCoV outbreaks and 

evaluate in real-time emerging public health threats [8]. Another team of researchers at Carnegie 

Mellon University developed a forecasting model to accurately predict the spread of seasonal 

influenza based on Google’s data, and other social media data [9]. Google Flu Trends, which is a 

well-known model developed by Google.org, failed to track the flu epidemic due mainly to the 

poor design of the variables used in the prediction process [10]. A Canadian software company, 

called BlueDot, based on AI and specializing in infectious disease epidemiology, has successfully 



shown prediction of the spread of diseases such as the 2019-nCoV flu outbreak in China [11] and 

the international spread of Zika virus from Brazil [12]. 

Over the last few months, COVID-19 has gained significant attention from the research 

community, the epidemiological experts, and local authorities. Much work has been done in the 

literature to detect and diagnose COVID-19 diseases based on X-ray imagery [13–16]. In [17], 

COVID-19 detection is addressed as a classification problem involving three classes: 

pneumonia,COVID-19 affected cases, and normal cases based on X-ray imagery. To this end, a 

support vector machine (SVM) is applied to the extracted features by convolutional neural network 

(CNN) models (MobileNetV2 and SqueezeNet).However, the detection is performed in a 

supervised way, which demands data labeling. In [18], deep learning models have been applied 

for COVID-19detection based on chest radiography images, where different CNNs architectures 

are initialized through transfer learning, which exploits other detection experience. However, the 

detection is done as supervised binary classification (i.e., COVID and Non-COVID). In [19], 

different CNNs architectures were investigated to classify infection COVID-19 cases using 

computed to-mography. At first, the normal cases are eliminated, and then this approach focuses 

on the abnormal cases by predicting COVID-19 infection or pneumonia. In [20], a COVID-19 

detection system based on chest X-ray images is proposed by coupling the CNN model and 

machine learning models, including SVM, decision tree, and nearest neighbors. In this system, 

Bayesian optimization has been used for hyperparameters tuning. 

For understanding and managing this epidemic, there are numerous studies in the literature focused 

on modeling, prediction, and forecasting ofCOVID-19 spread based on the recorded COVID-19 

time series data. In [21], the capability and performance of four models, including auto-regressive 

integrated moving average (ARIMA), nonlinear auto-regression neural network, and long-short 

term memory (LSTM), have been evaluated to forecast con-firmed COVID-19 cases. Results 

obtained showed superior performance of LSTM model over the other models considered. In [22], 

Behnooda et al. investigated the impacts of weather conditions and the density of the population 

on the infection rate of the COVID-19. To this end, they used a coupled adaptive network-based 

fuzzy inference system and virus optimization algorithms. Results reveal that the population 

density presents the most crucial effect on the performance of the proposed models, which 

highlights the importance of social distancing to slow down the spread of COVID-19. In 

[23],Torrealba-Rodriguez et al. conducted a prediction of COVID-19 in Mexico based on daily 



confirmed cases until May 8th. They applied Gompertz, logistic, and artificial neural networks to 

model the number of cases of COVID-19infection and showed that these models could describe 

well the daily COVID-19 confirmed cases. In [24], Ribeiro et al. considered regression models to 

forecast COVID-19 cases in Brazil. Specifically, they compared ARIMA, cubist regression, 

random forest, ridge regression, SVR, and stacking-ensemble learning for one, three, and six-step 

ahead forecasting. They highlighted that the SVM regression and stacking-ensemble learning 

achieved better forecasting than the other models. The method in [25] used reduced-space 

Gaussian process regression to forecast and evaluate COVID-19 spreading in the US from January 

21th to April 12th, 2020. In [26], Maleki et al. considered anAR time series model based on a two-

piece scale mixture normal distributions to forecast recovered and confirmed cases of COVID-19. 

In [6], Khan et al. applied a vector autoregressive (VAR) model to forecast new confirmed cases, 

deaths, and recovered cases of COVID-19 in Pakistan. They used data from March 8th to June 

27th, 2020, and demonstrated that the VAR model is effective in forecasting COVID-19 spread. 

However, the major shortcoming of this study is the availability of a small amount of data, which 

makes the model identification a difficult task. 

A precise and convenient model to forecast the spread of COVID-19 can be useful for improving 

resource allocation and strategic planning in hospitals and hence greatly help slow mitigating the 

propagation of COVID-19. Data-driven deep learning models exhibited high capability in 

modeling time-series data in a wide range of applications [27]. Recently, deep learning methods 

have been applied for modeling and forecasting the future trend of COVID-19transmission 

[21,28,29]. For instance, in [28], the LSTM model is applied to forecast COVID-19 transmission. 

The model is trained using COVID-19 time series data until March 31st, 2020. In [29], five deep 

learning models were considered for forecasting recovered and confirmed COVID-19 cases in 

Italy, Spain, France, China, the US, and Australia with data until June 17th, 2020.Results showed 

the best performance from the variational auto-encoder. 

 

In this chapter, an innovative hybrid deep learning model is proposed to improve the forecasting 

accuracy of confirmed and recovered COVID-19 cases. The spread of this contagious disease is 

directly linked to existing con-firmed counts, while its recovery is restricted by existing treatment 

capacity, which enables forecasting without exogenous information. The proposed hybrid model 

amalgamates the desirable characteristics of BiLSTM, CNN, and the self-attention mechanism. 



The proposed flexible mode, the BiLSTM-A-CNN, enables exploiting the suitable performance of 

BiLSTM in time-series modeling and flexible nonlinear approximation and the focus on the 

relevant features via the attention-based mechanism. Exploiting this sophisticated statistical tool 

is advantageous in the sense that it has the potential to im-prove forecasting of COVID-19 

confirmed and recovered time-series data.COVID-19 datasets from seven countries (Austria, 

Brazil, Colombia, France, Germany, India, and Mexico) are used to evaluate BiLSTM-A-CNN 

and compare its forecasting performance with that of four deep learning models(i.e., RNN, GRU, 

LSTM, and BiLSTM). The adopted COVID-19 time-series datasets cover January 22nd, 2020, to 

April 7th, 2021. The deep learning-driven models are constructed then assessed by several 

statistical metrics. Results demonstrate the effectiveness of the BiLSTM-A-CNN model. 

The remaining of this article is organized as follows. In Section 2, We first present the basic idea 

of BiLSTM, CNN, and attention mechanism. The proposed forecasting model is introduced in 

Section 3. The results and discussions were given in section 4 to show model performances and 

comparisons. The conclusions were drawn in section 5. 

2. Materials 

2.1 Preliminaries     

These days, deep learning methods have been widely exploited in different areas because of their 

flexibility and extended ability to handle complex data [30–32]. They showed successful 

performance in different applications, including photovoltaic power forecasting [33], anomaly 

detection [34–37], and reinforcement learning [38, 39]. This section will describe the deep 

learningmodels used in our study (i.e., BiLSTM and CNN) and attention mechanism. 

2.1.1 Bidirectional Long-Short Term Memory 

LSTM’s key point is that the memory mechanism makes it able to model time dependencies in 

data sequences [40]. This is owed to the gating technique that acts as a filter that controls the 

amount of information to keep or stop from entering and updating model states (weights). Indeed 

LSTM consists of three nonlinear gates: i) forget gate ii) input gate iii) and output gate in the 

forward direction (past to future) for the time series data. The key idea behind Bidirectional Long-

Short Term Memory (BiLSTM) is to process data in the other direction of a given time series 

backward (future to past) [41]. This enables BiLSTM to profit from the advantage of using future 



information. Two LSTM instances are used to simultaneously learn and extract temporal features 

via double processing of data [42]. Specifically, to this end, two hidden states are combined, 

enabling information to arrive from the backward layer and the forward layer. The BiLSTM 

schematic illustration is given in Figure 1. 

 

Fig. 1: Schematic illustration of BiLSTM structure. 

The BiLSTM hidden layer can be written as: 

 

Where ,  denote the hidden layer output for the LSTM instance processing 

data in Forward and Backward respectively. Indeed this duality of data processing enable BiLSTM 

to discover and learn more complexes temporal feature. The BiLSTM has been widely employed 

in classification [43,44], prediction [45], and forecasting [46]. 

2.1.2 Convolutional Neural Networks 

Convolutional Neural Networks (CNN) is one of the most used deep learning models mainly to 

deal with computer vision classification problems via supervised learning [47–49]. CNN’s success 

comes from its internal structure composed of several nonlinear transformations through 

convolutional opera-tions, max-pooling features map reduction, and a fully connected layer. This 

complex structure acts like a hierarchic features extraction process (Figure 2). 

CNN usually consists of stacked convolutional layers, including several filters that define the depth 

and aim to extract features through a nonlinear transformation of a given input. CNN proceeds 

iteratively to reveal and learn features regarding the studied problem based on the convolution 

trans-formation and filtering operations, which are indeed dot-product. The results of the 



hierarchical changes applied to the input are called a features map. We briefly describe the main 

layers of a CNN, namely the convolution layer, pooling layer, and fully connected layer. 

 

Fig. 2: schematic illustration of CNN structure. 

 Convolution layer: The input X is convolved by a set of learnable kernels to construct new   

feature maps. The output of the convolution layer is computed as follow: 

 

where X denotes a given input, K is the convolution kernel, and B represents the layer 

bias, and A denotes non-linear activation function. 

 Pooling layer: The main objective of the pooling layer is to reduce the feature maps produced 

after a convolution operation. Moreover, the pooling operation decreases the computational 

complexity and serves to fusion features via operations, such as max pooling, average pooling, 

and random pooling. Note that different window sizes can be used to create the pooling window 

containing features. 

 Fully connected layer: Fully connected layer (FC) are like the traditional artificial neural 

network (ANN) or multilayer perceptron (MLP) composed of one or many layers that contain 

several neurons with an activation function A: 

 

where X denotes a given input, W and B denote the layer weights bias, A denotes non-linear 

activation function like sigmoid. 



2.1.3 Attention Mechanism 

Usually, human beings do not use all the available sensory information to perceive the environment 

where it is evolving to perform specific tasks. Therefore, instead of scanning the full observed 

scene, human vision pays greater attention to the relevant parts of the image, which is called visual 

attention. This behavior acts as a filter or a mask by processing only valuable information and 

pertinent features of the observed scene, optimizing the data processing time. Attention was 

introduced [50, 51] to address natural language processing problems, image processing, machine 

translation, image recognition, and voice recognition. The attention approach highlights a valuable 

area in the features space; this is achieved by computing a weighted sum called a context vector. 

Moreover, attention is employed as a special way to vehicle features between encoder and decoder, 

attention represented by the context vector highlight the most important features learned during 

the training process. 

In contrast to attention, the self-attention (SA) flexible and can be ap-plied to other models, not 

necessarily auto-encoders with recurrent neural networks. Furthermore, SA can be injected at any 

level of neural networks and deal with only one input which improves capturing the internal 

correlation of input data [52]. Therefore, SA can be captured to improve the effectiveness of the 

learned representation and extract complementary information. Indeed, the self-attention data 

processing start by computing the weights vector (called the score) between data point that belongs 

to a given sequence X in position i and j, the weights vector is computed as follow [52]: 

 

where Wa denotes the self-attention model weight matrix, which is computed throughout the 

training, and d denotes (Wa Xi ) dimension, dividing by d speedup the convergence [52]. 

Furthermore, the weights Sij are normalized using softmax, which give the probability like 

representation (sum of all weights values equals 1): 

 

The final self-attention model output is expressed as: 

 



The obtained output improves the extracted features by highlighting the most relevant and 

describes the input elements’ internal correlation. Moreover, the self-attention mechanism can 

draw global dependencies from the input itself, capturing item-to-item interactions across a given 

input sequence itself, regardless of their position and distance between sequence elements. 

3. The Proposed hybrid deep model  

The central idea is to build deep-stacked feature extractors of different kinds. In this study, a hybrid 

bidirectional recurrent model with an attention mechanism is proposed (see Figure 3). The 

proposed approach consists of robust deep recurrent features extractor combined with a features 

importance mechanism, a convolutional transformation that ends with a fully connected layer that 

plays the role of the real forecaster layer. Indeed a novel effective deep architecture is designed for 

forecasting COVID-19 confirmed and recovered cases over several locations. The recorded cases 

of COVID-19 are data sequences (time-series) used as input to the proposed model. 

 

Fig. 3: The proposed hybrid architecture. 

First of all, a feature scaling technique is used, where data are normalized in the range [0, 1] using 

Min-Max normalization, with X input vector of data sequence: 

 

Figure 4 illustrates an overview of the proposed approach steps used to provide a robust and 

effective COVID-19 deep forecasting framework. The normalization process aims to stabilize the 

model training. Furthermore, the normalized input serves to feed two Long-Short Term Memory 

recurrent neural network models, intending to model time dependencies of the recordedCOVID-

19 cases (Recovered and Confirmed). 



 

Fig. 4: The proposed approach flowchart. 

Indeed, one LSTM is trained using the time-series data in the forward direction (past to future), 

while the second is trained based on a reversed sense backward (future to past), which benefits 

from the future context in-formation to improve modeling of the time series. The Bidirectional 

data processing constitutes an enhanced feature space used as input for the self-attention 

mechanism. Moreover, the attention approach highlight relevant and particular features through a 

weighted vector. The obtained features space is transformed through the self-attention into a new 

features map that helps the model focus on a specific area containing more important features. 

Attention acts like a features importance approach. The self-attention mechanism uses a 

regularization approach to mitigate the bias (bias-regularizer)and normalize the weights (kernel-

regularizer). This step of regularization ensures the improvement of the attention mechanism 

diversity and avoids overfitting. 

The new constructed features map represents the relevant features employed to feed a CNN, a 

powerful features extractor, composed of convolutional operation and followed by a max-poling 



transformation. Finally, a fully connected layer (Forecaster) is used to perform the forecasting. 

Moreover, to avoid over-fitting situations, we used a regularization technique, namely Dropout, 

which aims to randomly drop connections from the fully connected layer. 

3. 1 Evaluation metrics 

For performance comparisons, the following indexes have been adopted to quantify the forecasted 

values: coefficient of determination (R2), root mean square error (RMSE), mean absolute error 

(MAE), mean absolute percentage error (MAPE), explained variance (EV), median absolute error 

(MdAE), Mean bias error (MBE), and Relative Mean bias error (rMBE). 

 

 

 

 

 

 

 

where   is the number of COVID cases,  t is its corresponding forecasted values, and n is the 

number of data points. Lower RMSE and MAE values would imply better precision and 

forecasting quality. 

In summary, this study aims to model and forecast the future trend (up-coming ten days) of 

confirmed and recovered COVID-19 time series. Essen-tially, we investigate the performance of 

deep learning models when appliedto a small amount of time-series data and compare their 

forecasting accuracywith the traditional time-series models. Three deep learning models and 



fivecommonly used time-series models are considered in this comparative study.The general 

procedure performed in this study is depicted in Figure 4. Firstlythe daily recovered and confirmed 

time-series data are divided into trainingand testing subsets. All models are trained using the 

training set and eval-uated using the testing set. The best forecasting model is indicated by five 

statistical metrics, including R2, RMSE, MAE, EV, and MAPE. 

4, Experiments and Results 

4.1 Data description 

In this study, daily confirmed and recovered COVID-19 cases time series data of seven different 

countries (Austria, Brazil, Colombia, France, Germany, India, and Mexico) are employed to assess 

the forecasting capacity of the investigated deep learning models. The data are offered to the public 

by the center for systems science and engineering (CSSE) at Johns Hopkins University 

(https://github.com/CSSEGISandData/COVID-19), and are shown in Fig. 5. We can see that India 

and Brazil have the largest numbers in con-firmed cases. Considering the population in each 

country, India is receiving the most considerable impact from COVID-19. Both India and Brazil 

show a rapid increase in recovered cases, showing their quick and efficient response to this public 

health crisis. Table 1 provides the dates of the first case in the studied countries. 

Table 2 summarizes the descriptive statistics of the COVID-19 datasets, indicating that the 

COVID-19 datasets are non-Gaussian distributed with positive support and exhibit different 

intervals of variability. 



 

Fig. 5: The number of (a) confirmed and (b) recovered COVID-19 cases from January 22nd, 2020, through April 

7th, 2021, in Austria, Brazil, Colombia, France, Germany, India, and Mexico. 

 
Table 1: Dates of the beginning of COVID-19 per country. 

Country Date 

Austria February 25, 2020 

Brazil February 26, 2020 
Colombia January 31, 2020 
France January 24, 2020 

Germany January 27, 2020 
Mexico February 28, 2020 
India January 30, 2020 

 

 

 

 

  

 



 

Table 2: Statistics summary of the confirmed and the recovered COVID-19 time-series datasets.  
Min Max Std Q-0.25  Q-0.5 Q-0.75 Skewness Kurtosis 

Confirm Austria 0 566008 184903.346 15882 27075.5 334913 0.904 2.149 

Confirm Brazil 0 13193205 3942392.4 169594 3854232 7162978 0.541 2.108 

ConfirmColombia 0 2479617 847526.044 11613 603894 1482072 0.595 1.886 

Confirm France 0 4807123 1453137.49 176651 298909.5 2441737 0.917 2.383 

Confirm India 0 12928574 4670878.9 70768 3581989 10004599 0.234 1.33 

Confirm Germany 0 2940279 925587.265 172576 243070 1486839 1.046 2.485 

Confirm Mexico 0 2261879 748126.294 36327 593776.5 1301546 0.66 2.105 

Recover Austria 0 522774 171797.59 14061 22968 297424 0.988 2.276 

Recover Brazil 0 11592159 3542770.71 67384 3219900 6322955 0.541 2.035 

Recover Colombia 0 2345471 809042.588 2825 445585.5 1354021 0.668 1.964 

Recover France 0 269989 76637.823 55569 73467 159138 0.62 2.37 

Recover India 0 11851393 4509987.92 22549 2744367 9550712 0.315 1.358 

Recover Germany 0 2638320 823940.251 145617 215036.5 1095982 1.195 2.841 

Recover Mexico 0 1765244 580966.284 23100 487003.5 962397 0.653 2.164 

 

4.2 Model performance assessment 

We construct each deep learning model using the training datasets recorded from January 22nd, 

2020, through March 8th, 2021. Then, we use these constructed models to forecast the future trend 

of COVID-19 sequentially. The testing period is from March 9th to April 7th, 2021. 

In the training stage, we applied the grid search approach to set up the hyper-parameters in the 

considered models. We adopt some common hyper-parameters for all used models, such as the 

number of epochs equals 300, the learning rate of 10−3 , batch size of 5, Rmsprop optimizer, and 

lag (time steps) of 12. The hidden units used for all recurrent networks (RNNs) is 16 with an 

additional dense layer used for the forecasting task; this layer is employed with a dropout technique 

for regularization to avoid over-fitting. 

The proposed approach architecture is composed of three parts: 

 Bidirectional LSTM layer: The input of this layer 3D (batch size, 12, 1), while its output 

(batch size, 16, 1), and the activation function used at this level is the Relu. 

 Self-Attention layer: This layer does not change the shape of the input; it just provides a 

weighted sum vector highlighting more relevant features computed based on the input 

itself, so the input and the output dimension are the same (batch size, 12, 1). The activation 

function used at this level is the Tanh. 



 Convolutional layer: This layer performs convolution operations to extract more features 

and provides a features map with a dimension of 16. The activation function used at this 

level is the Relu. 

 Pooling layer: For this layer, we used the max pool technique to reduce the dimension of 

the features map. 

 Fully connected layer: This layer dimension is 1, where the forecasting is done effectively. 

The activation function used at this level is the Sigmoid. 

The five investigated deep learning models (BiLSTM-A-CNN, RNN, GRU,LSTM, and BiLSTM) 

are built based on 412 days since January 22nd, 2020,and then applied to forecast COVID-19 

confirmed and recovered cases for a30 day forecast horizon from March 9th, 2021. Figure 6 

displays the observed with model forecasts for the confirmed and recovered cases. Radar charts 

representing the rMBE computed for each model are displayed in Figure 7. It can be seen from 

Figure 6 that the five deep learning models provided reasonable forecasting of confirmed and 

recovered cases. The proposed model provides good forecast quality, relatively narrower bands 

around the actual observations. Radar graphs of rMBE confirm the superior forecasting 

performance of the proposed approach as it has the lowest rMBE values for all cases. The statistical 

metrics, including RMSE, MAE, R2, EV, MDAE, and MAPE, are computed based on the 

confirmed and recovered testing data, respectively, for the investigated countries and arranged in 

Tables 3 and 4.Results in Tables 3 and 4 shows that the five deep learning models provide satisfying 

forecasting performance for both confirmed and recovered time-series data. Importantly, this is 

mainly due to the capacity of RNN-based models (i.e., RNN, GRU, LSTM, and BiLSTM) to model 

time dependencies in time-series data. It is worth mentioning that deep learning models donot need 

a priori assumptions of the data, which makes them very attractive and easy to use. As expected, 

The proposed hybrid model exhibited better performance when compared to the RNN-based 

models. To facilitate the comparison, the metrics based on each series are further grouped and 

averaged either by the model (Table 5) or by series (Table 6). 

 

 

 



 

Fig. 6: Forecast results of confirmed and recovered COVID-19 cases using five deep learning models for Austria, 

Brazil, Colombia, France, India, and Mexico. The green zone depicts the forecast range. 



 

Fig. 7: Radar charts of rMBE (%) of each forecasting model for confirmed and recovered COVID-19 cases data 

recorded in Austria, Brazil, Colombia, France, India, and Mexico. 



Table 3: Performance of Confirmed forecasting the proposed BiLSTM-A-CNN compared to the considered RNNs 

models 

MODEL COUNTRY RMSE MAE R2 EV MDAE MAPE 
RNN Austria 18418 14147 0.989 0.995 14774 4.260 
GRU Austria 12906 10605 0.995 0.998 12585 4.099 
LSTM Austria 8113 7587 0.998 1.000 7262 6.647 
BILSTM Austria 9757 6174 0.997 0.998 3185 2.040 
BILSTM-A-CNN Austria 3514 2360 1.000 1.000 1693 1.148 

RNN Brazil 130428 108698 0.998 0.998 95033 1.550 
GRU Brazil 167652 97290 0.996 0.997 35937 2.111 
LSTM Brazil 499980 429853 0.964 0.991 361288 5.290 
BILSTM Brazil 170868 159907 0.996 0.999 140567 2.224 
BILSTM-A-CNN Brazil 58619 38100 1.000 1.000 24972 0.561 

RNN Colombia 45247 36265 0.994 0.996 25393 2.306 
GRU Colombia 63171 52270 0.989 0.990 47762 3.866 
LSTM Colombia 62560 48734 0.989 0.996 34510 2.649 
BILSTM Colombia 69055 62530 0.987 0.998 56224 4.281 
BILSTM-A-CNN Colombia 10003 6675 1.000 1.000 4963 0.580 

RNN France 81297 64211 0.996 0.999 66949 2.465 
GRU France 301198 252835 0.949 0.984 276918 9.790 
LSTM France 43010 40428 0.999 1.000 40212 3.186 
BILSTM France 63117 54073 0.998 0.999 53374 3.210 
BILSTM-A-CNN France 28318 17947 1.000 1.000 9506 0.931 

RNN Germany 171619 133766 0.965 0.986 139456 7.393 
GRU Germany 106756 80104 0.987 0.991 35946 5.564 
LSTM Germany 40737 29195 0.998 0.999 16146 2.632 
BILSTM Germany 70624 56020 0.994 0.994 49051 5.956 
BILSTM-A-CNN Germany 14506 10950 1.000 1.000 8468 1.109 

RNN India 489458 414024 0.961 0.978 385702 4.636 
GRU India 236339 192166 0.991 0.991 155245 3.008 
LSTM India 257545 228053 0.989 0.994 233846 2.565 
BILSTM India 205441 131955 0.993 0.993 52345 2.337 
BILSTM-A-CNN India 55946 38542 0.999 1.000 27693 0.598 

RNN Mexico 68506 57947 0.985 0.995 56747 3.957 
GRU Mexico 59666 55277 0.989 0.998 52084 4.109 
LSTM Mexico 68036 61466 0.985 0.997 56932 4.422 
BILSTM Mexico 49752 38766 0.992 0.995 24936 2.537 
BILSTM-A-CNN Mexico 8988 7452 1.000 1.000 6724 0.592 

 

 

 

 

 



Table 4: Performance of recovered forecasting the proposed BiLSTM-A-CNN compared to the considered RNNs 

models 

Model Country RMSE MAE R2 EV MDAE MAPE 
RNN Austria 12827 9496 0.994 0.997 7530 2.991 
GRU Austria 12671 9364 0.995 0.997 8080 3.092 
LSTM Austria 12300 8584 0.995 0.997 6162 2.319 
BiLSTM Austria 5945 5259 0.999 0.999 4711 4.939 
BiLSTM-A-CNN Austria 4961 3631 0.999 1.000 2819 1.402 

RNN Brazil 360551 318991 0.977 0.995 304549 4.551 
GRU Brazil 76170 64269 0.999 0.999 65109 1.290 
LSTM Brazil 147444 128353 0.996 0.996 131720 2.246 
BiLSTM Brazil 59698 47140 0.999 1.000 38340 0.942 
BiLSTM-A-CNN Brazil 54314 36100 0.999 0.999 23908 0.617 

RNN Colombia 54720 43851 0.992 0.997 32614 5.549 
GRU Colombia 59325 55246 0.990 0.999 56966 5.156 
LSTM Colombia 70391 56609 0.987 0.995 44616 3.429 
BiLSTM Colombia 106313 87247 0.969 0.979 65111 6.313 
BiLSTM-A-CNN Colombia 17777 10691 0.999 0.999 5929 0.829 

RNN France 4889 3901 0.994 0.995 3056 2.544 
GRU France 4110 3361 0.996 0.997 2557 3.406 
LSTM France 3355 2971 0.997 0.999 3270 1.941 
BiLSTM France 2258 1897 0.999 1.000 1567 1.454 
BiLSTM-A-CNN France 1842 1140 0.999 0.999 718 0.713 

RNN Germany 69084 47240 0.993 0.996 17077 3.338 
GRU Germany 109953 79797 0.983 0.992 55800 4.904 
LSTM Germany 62661 41308 0.995 0.996 8108 2.838 
BiLSTM Germany 46095 32286 0.997 0.998 12508 2.117 
BiLSTM-A-CNN Germany 12051 8567 1.000 1.000 5517 0.803 

RNN India 281548 230723 0.989 0.989 230263 3.896 
GRU India 210183 192556 0.994 0.999 178818 3.080 
LSTM India 288625 236394 0.988 0.996 264184 2.402 
BiLSTM India 175439 140865 0.996 0.996 112959 2.161 
BiLSTM-A-CNN India 45928 32997 1.000 1.000 24467 0.484 

RNN Mexico 48728 37418 0.987 0.992 24559 3.150 
GRU Mexico 126643 60871 0.911 0.926 14789 4.103 
LSTM Mexico 24182 18805 0.997 0.999 13626 1.478 
BiLSTM Mexico 60726 47858 0.980 0.990 41326 3.933 
BiLSTM-A Mexico 9591 6611 0.999 1.000 4961 0.699 

 

Table 5 presents the aggregated performance of each model. EV implies that all models are fitted 

well. The proposed BiLSTM-A-CNN model showed the best forecasting as compared with other 

deep learning models. Specifically, the BiLSTM-A-CNN model achieved outstanding 

performance with an R2 of 1 and EV of 1 and MAPE of 0.790%. It is followed successively by 

LSTM, BiLSTM, GRU, and RNN. In terms of all metrics calculated, the BiLSTM-A-CNN is the 



best forecasting model in solving univariate time series forecasting problem with high efficiency 

and satisfying accuracy. It could be attributed to its capacity to extract relevant information and 

features importance provided by attention mechanism. 

Table 5: Averaged validation metrics per model. 

MODEL  RMSE MAE R2 EV MDAE MAPE 

RNN 131237.155 108619.871 0.987 0.993 100264.435 3.756 
LSTM 113495.670 95595.676 0.991 0.997 87277.270 3.146 
GRU 110481.687 86143.699 0.983 0.99 71328.255 4.113 
BILSTM 78220.512 62283.971 0.993 0.996 46871.607 3.175 
BILSTM-A-CNN 23311.250 15840.107 1 1 10881.188 0.79 

 

Table 6 shows the aggregated performance of each series. Overall, forecasts on confirmed cases 

outperform those on recovered cases. It is likely that the spread of the COVID-19 virus is linked 

to existing case counts and thus following more predictable dynamics with memory, while the 

treatment and curing of confirmed cases are more complicated. 

Table 6: Averaged validation metrics per series. 

Country   RMSE MAE R2 EV MDAE MAPE 
Confirm Austria 10541.528 8174.704 0.996 0.998 7899.571 3.639 
Confirm Brazil 205509.439 166769.608 0.991 0.997 131559.539 2.347 
Confirm Colombia 50007.134 41294.682 0.992 0.996 33770.350 2.736 
Confirm France 103387.985 85898.769 0.988 0.996 89391.804 3.916 
Confirm Germany 80848.568 62006.843 0.989 0.994 49813.277 4.531 
Confirm India 248945.774 200948.188 0.987 0.991 170966.076 2.629 
Confirm Mexico 50989.411 44181.353 0.99 0.997 39484.591 3.123 

Recover Austria 9740.877 7266.915 0.996 0.998 5860.493 2.949 
Recover Brazil 139635.405 118970.365 0.994 0.998 112725.028 1.929 
Recover Colombia 61705.078 50728.695 0.987 0.994 41047.141 4.255 
Recover France 3290.915 2654.032 0.997 0.998 2233.512 2.012 
Recover Germany 59968.537 41839.701 0.994 0.996 19802.257 2.8 
Recover India 200344.818 166706.881 0.993 0.996 162137.941 2.405 
Recover Mexico 53974.097 34312.570 0.975 0.981 19852.136 2.673 

 

5. Conclusion 

Precise COVID-19 forecasts would support the control of the medical re-sources and reinforce 

public policy formulation during this pandemic event. A hybrid deep learning model (called 

BiLSTM-A-CNN) that combines BiL-STM, CNN, and the attention mechanism, is proposed to 

enhance the ac-curacy of COVD-19 spread forecasting. The performance of the proposed hybrid 

model is assessed using the daily records of confirmed and recovered cases from Austria, Brazil, 



Colombia, France, Germany, India, and Mexico. Eight metrics of effectiveness are adopted to 

check the forecasting accuracy of the investigated deep learning models: R2 , RMSE, MAE, EV, 

MdAE MAPE,MBE, and rMBE. Results demonstrated that the proposed BiLSTM-A-CNN model 

provides the best forecasting quality of COVID-19 spread than other deep learning models, namely 

RNN, GRU, LSTM, and BiLSTM. It could be attributed to the capacity and advantages of the 

BiLSTM-A-CNN in modeling time dependencies by LSTM, showing relevant features with the 

attention mechanism, and extracting features from complex data via CNN. Of course, this study 

demonstrated the promising performance of deep learning models in forecasting COVID-19 

confirmed and recovered time series without exogenous information. 

For future work, we would update the dataset and incorporate more in-put variables, such as 

weather data, and lockdown indicators. We would also perform comparative studies to test the 

effects of measures installed during this pandemic event. 
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