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Highlights 

 60-day forecast of COVID-19 cases and their trends for top -10 countries. 

 Proposed customized RNN models for each country. 

 Comparison between LSTM and GRU based RNN deep learning models. 

 Identified countries where  COVID-19 cases reach plateau. 

 

 

Abstract: 

In December 2019, first case of the COVID-19 was reported in Wuhan, Hubei province 

in China. Soon world health organization has declared contagious coronavirus disease (a.k.a. 

COVID-19) as a global pandemic in the month of March 2020. Over the span of eleven months, 

it has rapidly spread out all over the world with total confirmed cases of ~ 41.39 M and causing a 

                  



2 
 

total fatality of ~1.13 M. At present, the entire mankind is facing serious threat and it is believed 

that COVID-19 may have been around for quite some time. Therefore, it has become imperative 

to forecast the global impact of COVID-19 in the near future. The present work proposes state-

of-art deep learning Recurrent Neural Networks (RNN) models to predict the country-wise 

cumulative confirmed cases, cumulative recovered cases and the cumulative fatalities. The Gated 

Recurrent Units (GRUs) and Long Short-Term Memory (LSTM) cells along with Recurrent 

Neural Networks (RNN) were developed to predict the future trends of the COVID-19. We have 

used publicly available data from John Hopkins University’s COVID-19 database. In this work, 

we emphasize the importance of various factors such as age, preventive measures, and healthcare 

facilities, population density, etc.   that play vital role in rapid spread of COVID-19 pandemic. 

Therefore, our forecasted results are very helpful for countries to better prepare themselves to 

control the pandemic.  

 

Keywords: Forecasting COVID-19 pandemic, Time series analysis, Gated Recurrent Units 

(GRUs), Long Short-Term Memory (LSTM) and Recurrent Neural Networks (RNNs). 

 

 

1. Introduction 

Coronavirus disease (COVID-19) is a respiratory illness caused by severe acute 

respiratory syndrome coronavirus-2 (SARS -CoV-2), which is a strain of coronaviruses. It was 

first identified in December 2019 when a group of patients demonstrated novel form of viral 

pneumonia with similar history of visiting wet market in Wuhan China. On March 11
th

, 2020, 

World Health Organization (WHO), declared novel coronavirus (2019-nCoV) outbreak as global 

pandemic [1]. Since then, several preventive measures such as lockdowns, rapid testing, wearing 
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masks, self-quarantine, social distancing are being applied by the countries to stop the spread of 

COVID-19 pandemic. Despite these measures, COVID-19 is propagating rapidly and affecting 

both human health and global economy, due to various reasons such as population density, total 

population, lifestyle, worldwide travel, and precautionary measures etc. As of today (June 11
th

, 

2020), there have been about a total confirmed case of 7.37 M and about 0.41 M total fatalities 

across the world. Most of these 7.37 M confirmed cases are concentrated in top 10 countries [2] 

such as USA, Brazil, India, Russia, South Africa, Mexico, Peru, Chile, United Kingdom (UK) 

and Iran. Firstly, the major concern of the people and the government authorities is to get an 

estimate about what would be the daily new cases, recovery rate, total fatalities, total number of 

confirmed cases by forecasting the reported data. Secondly, how long it would take to stop the 

spread of pandemic COVID-19, ultimately helping the governments and healthcare systems to 

prepare in-advance for the forecasted number of cases. Recently, machine learning, and deep 

learning techniques have gained immense interest due to the availability of abundant data. These 

techniques are very helpful for obtaining the relationships from the data without defining them 

priori [3]. Further these techniques are also capable of forecasting the trends based on the 

reported time-series data over a known period of time. Several researchers have used the 

machine learning and deep learning models to predict short-term forecast of COVID-19 

pandemic. The following paragraph very briefly summarizes the literature reported on the 

machine learning-based forecast of COVID-19 cases. 

Ghoshal et al.[4] have used the linear regression and multiple linear regression to predict 

the number of deaths in India for upcoming six weeks. Authors have predicted that the total 

deaths in India will be doubled if the COVID-19 preventive measures are unchanged or not 

implemented strictly. Parbat and Chakraborty [5] have used the Support Vector Regression 
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(SVR) for predicting the COVID-19 cases in India for 60 days based on the time series data 

reported for the period of ~ 60 days (1
st
 March 2020 to 30

th
 April 2020). Their model has ~ 97% 

accuracy in predicting the cumulative confirmed cases, total recovered, total fatalities, and has 

87% accuracy in predicting the daily new cases. Maleki et al. [6] have employed Autoregressive 

time-series models based on two-piece scale mixture normal distributions to forecast the 

confirmed and recovered COVID-19 cases. Their model performed well in forecasting the 

confirmed and recovered COVID-19 global cases. Benvenuto et al. [7] have reported very briefly 

about the application of Autoregressive Integrated Moving Average (ARIMA) model to predict 

the future trends of prevalence and incidence of COVID-19 data. Fotios et al.[8] have used non-

seasonal exponential smoothing models to forecast cumulative cases of COVID-19 until 21
st
 

march 2020. In another study, Ram Kumar Singh et al [9] applied holt-winter models and 

Susceptible, Infected and Recovered (SIR) model on COVID-19 data of India. They reported 

that COVID-19 cases in India will be highest during the first week of November 2020 and India 

will return to normalcy by last week of February 2021. Similarly, in another study Shaobo He et 

al, used SEIR (Susceptible-Exposure-Infective-Recovered) model on COVID-19 data of Hubei 

province of China. They used particle spam optimization to estimate the parameters of the SEIR 

model. Moreover, their model considered quarantine and treatment for forecasting the COVID-

19 cases [10]. Further details on the SIR and SEIR model can be found elsewhere [9-13]. Ribeiro 

et al. [14] have used ARIMA, Cubist Regression, Random Forest, Ridge Regression, SVR, and 

Stacking-ensemble learning for short-term forecasting of COVID-19 confirmed cases in 

Brazilian states. Their paper reveals the order of best to worst performing models, the best 

performing models are found to be SVR and ARIMA. Kumar et al. [15] have used ARIMA 

model with machine learning approach to forecast the trajectories of COVID-19 pandemic in top 
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15 countries in the month of April 2020. Their ARIMA model was successfully able to predict 

the COVID-19 trends in countries such as Iran, Italy, Spain and France. Ardabili et al. [16] have 

used the machine learning techniques for predicting the COVID-19 outbreak, they found that the 

multi-layer perceptron model and adaptive network-based fuzzy interface system are found to 

give promising results. Their study has recommended that individual machine learning models 

are needed for each country due to the presence of fundamental differences between the 

countries. The following paragraph briefly summarizes the reported work on the deep learning-

based forecast of COVID-19 cases. 

Chimmula and Zhang [17] have used the state-of-art deep learning model using Long 

Short-Term Memory (LSTM) network to predict the possible ending time of the COVID-19 

pandemic in CANADA. Based on their LSTM model, they estimated that the time required for 

ending the pandemic is about three months. Salgotra et al. [18] have developed models based on 

the genetic programming for forecasting the total confirmed cases and total fatalities in highly 

affected states of India and as well as for total India. Authors have reported that their model is 

less sensitive to the variables and highly reliable in predicting the confirmed cases and deaths. Qi 

et al. [19] have used the generalized adaptive model to understand the associations of daily 

average temperature and relative humidity with the daily COVID-19 cases in different provinces 

in China. Their model found that the increase in the daily average temperature and with increase 

in the average relative humidity decreases the COVID-19 cases. However, there is no clear 

trends for the COVID-19 cases throughout mainland China. In a study, Ismail et al. [20] 

conducted a comparative study based on ARIMA, LSTM, Non-linear Autoregressive Neural 

Networks (NARNN) models to forecast the COVID-19 cases in Denmark, Belgium, Germany, 

France, United Kingdom, Finland, Switzerland, and Turkey. They found that the LSTM offers 

                  



6 
 

lowest Root Mean Square Error (RMSE) compared to other models. Shawni Dutta et al. [21]  

have used LSTM, Grated Recurrent Unit (GRU), Recurrent Neural Networks (RNN) to predict 

the confirmed, released, negative, death cases of  COVID-19 pandemic. Their study revealed that 

the combined LSTM based (RNN) model provided a better prediction when compared to the 

individual models. Anuradha Tomar et al. [22] have used LSTM and curve fitting for the 

prediction of the number of COVID-19 cases in India for 30 days ahead and effect of preventive 

measures such as lockdowns and social distancing on COVID-19 spread. Their results shed light 

on the importance of social distancing and implementation of lockdowns. The actual number of 

daily cases decreased as estimated by the LSTM and curve fitting methods. Mehdi et al.[23] have 

used RNN, LSTM, Seasonal Autoregressive Integrated Moving Average (SARIMA) and Holt 

winter’s exponential smoothing and moving average methods to forecast COVID-19 cases of 

Iran. Their comparative study on these methods showed that LSTM model outperformed other 

models in terms of less error values for infection development in Iran.  

Based on the aforementioned reports, all the models proposed in the literature are 

confined to very less data points, few countries, or few states in a country or for a very short 

forecast time. Therefore, there is still room to develop country specific deep learning models to 

predict the 60-day forecast of the COVID-19 trends in top 10-countries that are highly impacted 

by COVID-19.  Hence, the aim of the present work is to predict the future trends of the 

cumulative confirmed cases, cumulative recovered cases and cumulative fatalities of the top 10 

countries using RNN along with Gated Recurrent Units (GRUs) and Long Short-Term Memory 

(LSTM) cells. These models were trained on the training data and tested on the testing data, 

ultimately, the validated models have used to forecast the trend of COVID-19 cases for 60 days 

in top-10 highly affected countries. These models were developed in Python based open source 
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PyTorch deep learning library and simulations were performed on Graphical Processing Units 

(GPUs) of the Google COLAB cloud computing platform. These models have trained and tested 

on the John Hopkin’s publicly available COVID-19 datasets [24] . 

2. Recurrent Neural Networks 

The methods for forecasting the time-series data can be mainly classified into two types, 

machine learning and deep learning methods. Deep learning models are superior over the 

statistical machine learning models for forecasting the non-linear applications such as prediction 

of weather, stock prices [25],  electrocardiogram (ECG) recordings [26]  and crude oil prices [27] 

etc. Feed Forward Neural Networks (FFNNs) and Recurrent Neural Networks (RNNS) are two 

types of widely used deep learning techniques but FFNNs are not suitable for forecasting as they 

are not capable of considering the trends in the time-series data. Whereas RNNs are powerful 

and robust type of artificial neural networks that uses existing time-series data to predict the 

future data over a specified length of time. RNNs are very promising techniques due to the 

internal memory that can remember the important features of the input sequential data which 

allows them to accurately predict the future. Unlike FFNNs, where the information flows strictly 

in one direction from layer to layer, in RNNs, the output from the previous time stamp along 

with input from the present time stamp will be fed into RNN cell, so that the current state of the 

model is influenced by its previous states. The following equation explains the function of the 

single RNN cell: 

       ( [       ]   )         (1) 

Where,   is the weight matrix,    is the bias matrix,    and     are hidden state at 

current time-step and previous time-step, respectively. RNNs perform computations, very similar 

to FFNN, using the weights, biases, and activation functions for each element of the input 
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sequence (Fig. 1A). Essentially a neuron in RNN has a single hyperbolic tangent function in 

which        and     are combined and multiplied by some weight matrix and then adding a bias 

to it followed by passing it through the hyperbolic tangent function which gives back   . 

Hyperbolic tan function (    ) is used to scale the actual values so that the values fall in 

between the range of -1 to +1. At each time step, the output of the RNN cell is updated using a 

sigmoid function, which is a widely used non-linear activation function in artificial neural 

networks. The following equation is a mathematical representation of the sigmoid function: 

                  



9 
 

 

Figure 1: Schematic representation of (A) simple Recurrent Neural Network (RNN) cell (B) 

Long-Short Term Memory (LSTM) cell (C) Gated Recurrent Unit (GRU) cell 
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 ( )     (     )          (2) 

RNN can only recollect the recent information but cannot recollect the earlier 

information. Though the RNNs can be trained by back-propagation, it will be very difficult to 

train them for long input sequences due to vanishing gradients. Hence, the main drawback of the 

RNN architecture is its shorter memory to remember the features, vanishing and exploding 

gradients. Hence, we have used the combination of RNN with GRU cells and LSTM cells to 

overcome these drawbacks. 

2.1. Long Short-Term Memory (LSTM) 

Hochreiter and Schmidhuber [28] have proposed LSTM to overcome the vanishing and 

exploding gradients problem. The memory of LSTM cell will be stored and converted from input 

to output in cell state. The general architecture of the LSTM cell can be found in the Figure 1B. 

LSTM cell is comprised of the forget gate, output gate, input gate and update gates. As the name 

indicates, forget gate decides what to forget from the previous memory units, the input gate 

decides what to accept into the neuron, the update gate updates the cell, and the output gate 

generates the new long-term memory. These four main components of LSTM will work and 

interact in a special manner, as it accepts long-term memory, short-term memory, input sequence 

at a given time step and generates new long-term memory, new short-term memory and output 

sequence at a given time step. The input gate decides which information must be transferred to 

the cell; the input gate is mathematically represented as following: 

     (   [       ]    )         (3) 

The operator ‘*’ represents the element-wise multiplication of the vectors. 
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The information to be neglected from the previous memory is controlled by forget gate which is 

mathematically defined as following: 

     (   [       ]    )         (4) 

The cell state is updated by the update gate, expressed mathematically by the following 

equations: 

 ̃      (   [       ]    )        (5) 

               ̃          (6) 

The hidden layer of the previous time step is updated by the output gate which is also responsible 

for the updating the output as it is given by: 

     (   [       ]    )         (7) 

          (  )          (8) 

2.2. Gated Recurrent Unit (GRU) 

Gated Recurrent Units were proposed by Chung et al. [29] which is a simplified version 

of LSTM and requires less training time with improved network performance. The operation of a 

GRU cell is similar to the operation of LSTM cell but GRU cell uses one hidden state that 

merges the forget gate and the input gate into a single update gate. Further, it combines the cell 

state and hidden state into one state and hence the total number of gates in GRU is half (update 

and reset gates) of the total number of gates in LSTM. Hence, it is popular and simplified variant 

of LSTM cell. The hidden state of the GRU cell is updated by the following equation: 

   (    )           ̃         (9) 
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The update gate is computed by the following equation, which decides how much of the GRU 

unit get updated: 

     (   [       ])                    (10) 

The reset gate is computed very similar to the update gate, it is given by the following equation: 

     (   [       ])         (11) 

The new remember gate is generated by applying hyperbolic tan function to the reset gate, which 

is described by the following function. 

 ̃      (  [          ])        (12) 

2.3. Simulation Methodology 

Scripts were written in PyTorch package of Python (Ver. 3.7) programming language and 

the simulations were performed on a Google COLAB cloud computing platform. Optimizing the 

set of hyper parameters, such as number of nodes in each layer (10, 100, 200, 300), number of 

hidden layers (1, 2, 3, 4, 5) and the learning rate (0.1, 0.01, 0.001, 0.0001, 0.00001), is very 

important for achieving the best sequential prediction. The values in the parenthesis shows the 

range of the respective variables we have tested for proposing an optimized model. We have 

proposed customized deep learning models for country specific time-series data by finding the 

best combination of hyper parameters. Adam optimizer is used for iteratively optimizing the 

network weights with the mean squared error (MSE) function as loss function. As the RNNs are 

very sensitive to the fluctuations in the time series data and to capturing the trends in the time 

series data, the data has to be normalized before feeding it to the neural network. We have used 

the MinMax scaler to normalize the data and the following equation (Eq. 13) is a mathematical 

representation of MinMax scaler: 
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          (13) 

Where  ,   ,      , and      represents the original time-series data, the normalized 

time-series data, minimum and maximum value of the time series data, respectively. MinMax 

scaler translates each observation within the feature such that the minimum and maximum values 

of the observations lie between 0 and 1.  The advantages of using MinMax scaler is that after 

transforming the data, MinMax scaler retains the shape of original distribution of the data and 

does not alter the information that is embedded within the original data. The normalized data is 

split into testing and training datasets, testing dataset is comprised of last 14 data points of the 

time-series dataset and the training dataset is comprised of entire time series data excluding the 

last 14 data points. The training time-series data is divided into several data sequences each of 

length 30. Each sequential data is fed to the RNN (i.e., the data from day 1 to day 30) to predict 

the 31
st
 data point (data belongs to 31

st
 day). In the consequent step, the next sequence of the data 

(day 2 - day 31) is fed to RNN to predict the 32
nd

 day data point. Similarly, all the sequences 

were fed to RNN to complete one set of predictions and which also completes one epoch. 

Simulations were running for ~ 5000 epochs and the best epoch was considered for the final 

forecast which corresponds to the global minimum of the loss function. Initially, the RNN 

models were trained on the training data set and the model’s prediction was validated against the 

testing data. This process was repeated for each country and for each of the three time-series 

datasets (cumulative cases, recovered cases and total fatalities) to propose a customized RNN 

models. Then each optimized and validated model was used to forecast the trends. Mean Square 

Error (MSE) and Root Mean Square Error (RMSE) were used to evaluate the performance of the 

proposed models, the following equations represents the MSE (Eq. 14) and RMSE (Eq. 15) 

functions: 
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∑ (    )

  
                                                                                        (14) 
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∑ (    ) 
 
                                                                                   (15) 

Where,   is model predicted value,    is actual value. 

3. Results and Discussion 

This section describes the forecasted trends of cumulative confirmed, cumulative 

recovered and cumulative fatalities of the COVID-19 cases in top -10 countries using RNN-

LSTM and RNN-GRU models. The top-10 countries based on cumulative confirmed cases, as of 

August 3
rd

, 2020, are USA, Brazil, India, Russia, South Africa, Mexico, Peru, Chile, United 

Kingdom (UK) and Iran. The dataset for each country comprises of three time-series data sets: 

cumulative confirmed cases, cumulative recovered cases, and cumulative fatalities. The forecast 

was done for each of the three time-series data of individual country by independently feeding 

the time-series data into the optimized LSTM and GRU based RNN networks, i.e., a total of 30 

simulations were performed.   

3.1. Cumulative confirmed cases 

We have presented the 60-day forecast of the cumulative confirmed cases obtained from 

the RNN-LSTM and RNN-GRU models for top-10 countries. For each country, we have 

proposed customized models and compared the forecast of RNN-GRU model against the forecast 

of RNN-LSTM model. In the process of model development for achieving an optimized 

forecasting model, RNN-GRU and RNN-LSTM models were trained and tested for each of the 

time-series data of USA, Brazil, India, Russia, South Africa, Mexico, Peru, Chile, UK, and Iran. 

The optimization of hyper parameters such as number of epochs, hidden size, number of layers 

and learning rate used for developing RNN-GRU and RNN-LSTM models is done for each 
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country. The details of the optimized hyper parameters, and evaluation metrics (MSE and 

RMSE) of the proposed models for forecasting the cumulative confirmed cases of each country 

were given in the Table 1. The well-trained models with optimized parameters were selected to 

forecast the cumulative confirmed cases until October 1
st
, 2020. The 60-day forecast of the 

cumulative confirmed cases of the top-10 countries as a function of time (i.e., number of days) is 

shown in Figure 2. The reported cases were represented by black line, the LSTM predictions of 

the test data is represented by green line, the GRU prediction of the test data was represented by 

blue line, similarly, the LSTM and GRU model’s forecasts were represented by red and purple 

color lines respectively. Even though countries such as India, USA, UK have implemented 

moderate to stringent preventive measures such as social distancing, lockdowns, the forecast of 

these countries have continuous growth. It is clear from the results that the forecast of the 

cumulative confirmed cases in most of the top 10 countries have shown a steady increasing 

trend.  

For the forecast of USA’ confirmed cases, it is evident (Figure 2) that both LSTM and 

GRU models performed reasonably well in the validation phase of the model development. 

Though the predictions of the LSTM and GRU models did not varied much from the test data, 

LSTM has lesser MSE and RMSE (Table 1). The LSTM model required 1694 epochs to 

converge, whereas GRU model required only 500 epochs. This could be because of the lesser 

number of parameters in the GRU model when compared to that of the LSTM model’s 

parameters, along with the intrinsic data trends. The USA’s LSTM model required 3 hidden 

layers with 300 neurons per each layer whereas, GRU required 2 hidden layers with 300 neurons 

in each layer. The 60-day ahead forecast of USA follows an exponential growth (as per LSTM 

model) and gradual steady increase (as per GRU model) in the number of cumulative confirmed 
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cases in USA. Therefore, there will be ≈7 M confirmed cases according to GRU by the end of 

September 2020. However, the LSTM model predicted ≈12 M total number of cumulative 

confirmed cases, by the end of September 2020 in USA which will be much higher than the 

GRU based forecast. For forecasting the Brazil’s cumulative confirmed cases, the predictions 

from the LSTM and GRU models are almost same with the projection of 5.75 M cases by the 

end of September 2020. The LSTM model of Brazil required 200 lesser epochs to converge, 

whereas the other parameters - learning rate, number of hidden layers, hidden size remained the 

same for both GRU and LSTM models of Brazil. Interestingly, both LSTM and GRU models 

have very similar values of MSE and RMSE. LSTM forecasted that the confirmed cases would 

approach a plateau in contrast to the GRU model’s linear increasing trend. 

The number of cumulative confirmed cases in India are on raise to 3.5 M according to the 

LSTM model, GRU model for India has forecasted that cumulative confirmed cases would reach 

a total of 3.7 M by the end of September 2020. Both LSTM and GRU models shows that 

cumulative cases are approaching plateau by the first week of September 2020. For the same 

combination of hyper parameters, the GRU model for India has lesser RMSE and MSE values 

when compared to that of the LSTM model. The GRU and LSTM models of Russia did 

reasonably well in terms of predictions, with small difference in the RMSE and MSE values. 

However, as we have seen the performance of the models varied from country to country 

according to information embedded in the data. In case of Russia, GRU performed well with 

lesser RMSE than that of the LSTM and the cumulative confirmed cases forecasted by LSTM 

were ≈90,000 greater than the GRU forecast. From Figure 2, it is evident that according to 

LSTM model the maximum number of cumulative confirmed cases in Russia will be ≈1,200,000 

by the end of September.  
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According to Figure 2, number of cumulative confirmed cases in South Africa are 

increases at a faster pace as the trend is following an exponential growth phase since April 2020. 

Both LSTM and GRU models predicted an approaching plateau by the end of September 2020. 

The LSTM and GRU models predicted that there will be ≈675,000 and ≈710,000 confirmed 

cases in South Africa by the end of September 2020. For the Mexico’s data, the GRU model 

outperformed LSTM model with lower values of MSE and RMSE. The forecasted number of 

cumulative confirmed cases by GRU model of Mexico are ≈300,000 lesser than the LSTM based 

predictions.  

For the Peru’s forecast, both LSTM and GRU models have shown the similar trend, but 

GRU’s predictions are higher than the LSTM predictions (Figure 2). Both models show that 

cumulative confirmed cases reach a steady value (plateau) by the end of September 2020. For the 

same combination of hyper parameters, the LSTM model has lesser MSE and RMSE values 

when compared to the evaluation metrics of GRU model. For the rest of the countries such as 

Mexico, Chile, UK and Iran, GRU model predicted a gradual increment but LSTM model 

predicted a sharp rise in the cumulative confirmed cases for next 60 days. According to the 

LSTM model, the maximum number of confirmed cases for countries Mexico, Chile, UK, and 

Iran will reach ≈1 M, ≈0.7 M ≈0.4 M ≈0.57M, respectively. Similarly, GRU’s model predicted 

maximum number of cases ≈0.8 M, ≈0.42 M ≈0.34 M ≈0.47M for countries Mexico, Chile, UK 

and Iran respectively. The MSE and RMSE of GRU model are lower than that of the LSTM 

model for countries Mexico, UK (Table 1). However, for Chile and Iran, LSTM model has lesser 

MSE and RMSE values.  

3.1.1. Factors contribute to the surge in the confirmed cases: 
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From the above-mentioned results, it is evident that the forecasted number of cumulative 

confirmed cases of top 10 countries is alarmingly increasing. Our forecasted trends and values 

give these top 10 countries, a good picture of the upcoming surge in the number of cumulative 

confirmed cases to review their precautionary measures, healthcare policies and interpositions. 

Moreover, the results of cumulative confirmed cases provide the information of the upcoming 

number of cases thereby helping governments to prepare the long term and short-term response 

to the ongoing COVID-19 crisis. For example, according to the forecast of the cumulative 

confirmed cases of USA there will be 12M new cumulative confirmed cases by the end of 

September 2020. By knowing the upcoming number of cases, USA can avoid or cutdown the 

forecasted number of confirmed cases by implementing social distancing practices, curtailing the 

travel, and limiting the social gathering at local businesses such as restaurants etc. Our forecasted 

results can also assist countries that are implementing or implemented strict lockdowns. One 

such country is India, as it went into lockdown for 3 months during early April 2020. By 

considering our forecasted cumulative confirmed cases, India can plan for economic recovery by 

opening borders, local businesses, public schools etc. to new normalcy, while planning a better 

preventive measure thereby decreasing the potential number of forecasted cumulative confirmed 

cases. Our forecast results of cumulative confirmed cases not only alert these top 10 countries 

but also help rest of the world to prepare for the ongoing COVID-19 crisis. 

To control the escalation of the number of the COVID-19 cases, along with the 

government’s involvement there must be a proper response from the public as well, because 

there are many factors at the personal level which are in control of the citizens rather than the 

government. Some of those factors include social habits, quality (hygiene) of the homes, choice 

of mobility and the use of masks. According to a Germany’s data-based case study on 
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relationship between social habits and odds ratio for wearing masks published by Cornelia et al, 

people who avoid handshaking are more likely to wear masks to protect themselves and others. 

However, as of 12
th

 of May 2020, there are 60% of the sample population think these policies are 

exaggerated [30]. In such scenario it is important to monitor the adherence to the compulsory 

infection control measures in the public places. Deep learning and artificial intelligence can help 

monitor control measures. In a study published by Shashi Yadav [31], he proposed a deep 

learning algorithm based on MobileNetV2 architecture and Convolutional Neural Networks 

(CNN) which can differentiate people wearing masks from the population. Their model detected 

the face masks with a precision score of 91.7% and 0.7 confidence score. Such automation is 

useful in highly populated regions where the risk of infection is high for security personals. The 

COVID-19 infection rate is directly proportional to the population density as the probability of 

the exposure increases as the population density increases [32]. The mortality rate is higher in 

extremely populated areas as the health care facilities are insufficient to meet the demand of 

increasing new cases [33]. However, in a study, the R
2
 value of the relation between infection 

rate and population density was found to be moderate (0.67) [34]. This indicates only a fraction 

of the infection rate is described by population density meaning other factors contribute to the 

increase in new daily cases of COVID-19. Mobility restriction is another factor that plays a key 

role in the spread of the infection. After implementing mobility controls, UK [35] and China has 

seen decline in the association between the fatalities and social mobility [36].  
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Table 1: Models used for forecasting cumulative confirmed cases and their parameters 

No. Country 
RNN 

model 
Epochs 

Hidden 

size 

Number 

of layers 

Learning 

rate 
MSE RMSE 

1 

 

USA GRU 5.00E+02 3.00E+02 2.00E+00 1.00E-05 2.96E+12 1.72E+06 

LSTM 1.69E+03 3.00E+02 3.00E+00 1.00E-05 2.87E+12 1.69E+06 

2 Brazil GRU 3.00E+02 3.00E+02 2.00E+00 1.00E-05 1.86E+10 1.36E+05 

LSTM 1.00E+02 3.00E+02 2.00E+00 1.00E-05 1.76E+10 1.33E+05 

3 India GRU 1.00E+02 3.00E+02 2.00E+00 1.00E-05 4.58E+08 2.14E+04 

LSTM 1.80E+03 3.00E+02 2.00E+00 1.00E-05 5.57E+08 2.36E+04 

4 Russia GRU 1.00E+03 3.00E+02 2.00E+00 1.00E-05 8.79E+05 9.37E+02 

LSTM 2.56E+02 3.00E+02 2.00E+00 1.00E-05 1.10E+06 1.05E+03 

5 South 

Africa 

GRU 1.52E+03 3.00E+02 2.00E+00 1.00E-05 1.08E+07 3.29E+03 

LSTM 2.00E+03 3.00E+02 2.00E+00 1.00E-05 3.64E+07 6.03E+03 

6 Mexico GRU 5.00E+02 3.00E+02 2.00E+00 1.00E-05 1.60E+07 4.00E+03 

LSTM 1.50E+03 3.00E+02 2.00E+00 1.00E-05 2.36E+07 4.86E+03 

7 Peru GRU 6.00E+02 3.00E+02 2.00E+00 1.00E-05 5.37E+07 7.33E+03 

LSTM 7.00E+01 3.00E+02 2.00E+00 1.00E-05 1.97E+07 4.44E+03 

8 Chile GRU 3.00E+03 3.00E+02 2.00E+00 1.00E-05 6.52E+06 2.55E+03 

LSTM 1.30E+03 3.00E+02 2.00E+00 1.00E-05 1.49E+06 1.22E+03 

9 UK GRU 2.50E+02 3.00E+02 2.00E+00 1.00E-05 1.77E+05 4.21E+02 

LSTM 3.00E+02 3.00E+02 2.00E+00 1.00E-05 3.84E+05 6.91E+02 

10 Iran GRU 4.50E+02 3.00E+02 2.00E+00 1.00E-05 3.06E+05 5.52E+02 

LSTM 7.05E+02 3.00E+02 2.00E+00 1.00E-05 1.78E+04 1.33E+02 
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Figure 2: 60-day ahead forecast of cumulative confirmed cases for top-10 countries based on 

RNN-GRU and RNN-LSTM models.  
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3.2 Cumulative recovered cases 

To propose the best model for each country, we have developed and validated GRU and 

LSTM models for forecasting the cumulative recovered cases in top-10 countries that are 

severely affected by the COVID-19 pandemic. For countries USA, Brazil, Russia, Mexico and 

Peru, GRU performed better than LSTM according to the values of evaluation metrics - RMSE 

and MSE. The RMSE values of GRU models of these countries are lesser 6.01E+05 (USA), 

9.24E+04 (Brazil) 1.08E+03 (Russia), 1.27E+03 (Mexico), and 2.56E+03 (Peru) in comparison 

to that of the RMSE values of LSTM models of these countries 6.10E+05 (USA), 1.20E+06 

(Brazil), 2.77E+03 (Russia), 1.32E+04 (Mexico), 4.61E+03 (Peru). For rest of the top-10 

countries, India, South Africa, Chile, U.K. and Iran, LSTM model performed better than GRU 

model. The LSTM models of these countries (India, South Africa, Chile, U.K., and Iran) have 

RMSE values of 2.57E+02, 4.05E+03, 8.74E+02, 3.03E+00 and 4.25E+02 respectively. 

Whereas, the GRU models have RMSE values of 2.76E+02, 4.08E+03, 1.15E+03, 3.40E+00 and 

1.04E+03, respectively. Figure 3 shows the number of reported recovered cases and 60 day 

forecast from the latest date of reported recovered cases in top-10 countries. It is clear from 

Figure 3, according to GRU based model the number of recovered cases in USA, Brazil, India, 

Russia, South Africa, Mexico, Peru, Chile, UK and Iran by the end of September 2020 will be 

≈2,650,000, ≈3,250,000, ≈3,000,000, ≈1,000,000, ≈850,000, ≈810,000, ≈510,000, ≈370,000, 

≈1,500 and ≈350,000 respectively. According to LSTM models of USA, Brazil, India, Russia, 

South Africa, Mexico, Peru, Chile, UK, and Iran the cumulative recovered cases will be 

≈2,100,000, ≈3,770,000, ≈2,500,000, ≈1,000,000, ≈700,000, ≈870,000, ≈510,000, ≈,380,000 

≈1,500, and ≈470,000 respectively. It is found that there are two different trends that can be 
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observed, one with continuous increase in the recovered cases and the other with reaching a 

stagnant value of the recovered cases (plateau).  

For countries Russia, Peru, Mexico, Chile, and UK, both the models have shown very 

similar trend and similar predictions. For USA, India, Brazil, South Africa, and Iran both the 

models have predicted similar values for the initial couple of weeks and after that starts deviating 

from each other. For countries UK, Chile, India, and South Africa both GRU and LSTM models 

are showing an approaching plateau. Approaching a plateau in recovered cases can only be 

possible if there is an implementation of stringent measure to control the spread of COVID-19.  

Further, in countries such as UK and Chile there is very negligible number of recovered cases 

forecasted. This could be explained by observing the figure 3, during the period between March 

and July 2020 very few recovered cases were reported. In contrast to this observation, when we 

examine the data of the USA, it is evident that the reported recovered cases during the same 

period (March to July 2020) has an exponential trend. 

3.2.1 Factors contribute to the variation in reported recovered cases  

The above discussed contradiction in the observations from country to country implies 

that the definition of recovered case and the process of reporting the cumulative recovered cases 

is different from country to country. For example, in USA [37], there are 16 states that have no 

definition for recovered case and do not report or document the recovered cases. Another 8 states 

of USA count the number of hospital discharges as recovered case. In states such as South 

Dakota the recovered case is defined as day-based meaning the infected individual is free from 

any symptoms for 3 – 42 days. According to John Hopkins, a COVID-19 patient is considered 

recovered only if the patient is appearing symptom free for 10 days since the occurrence of the 
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first symptom and no fever for 24 hours without using fever reducing medication. Whereas, the 

loss of smell and taste for weeks cannot be considered in defining the recovered cases [38]. 

However, the reverse transcription polymerase chain reaction (RT-PCR) test conducted on the 

four patients who met the criteria for hospital discharge were tested positive after 10 days of the 

hospital discharge [39, 40]. In a study, [8] Fotios presented a brief insight on the importance of 

recovered cases, They reported the recovered cases are increasing exponentially as the number of 

days in the pandemic increase. However, their study was restricted to short time-series data. 

Whereas in India few tests are conducted per 1,000 population [41] therefore the reported 

cumulative cases do not represent the actual number of cumulative recovered cases. 

Despite the above-mentioned results and limitations, from Figure 3, it is evident that the 

recovery rate is increasing in most of the countries. The increase in number of recovered cases 

depends not only on the definition of recovered case, on the process of the recording the 

recovered cases but also on various factors such as age, underlying health conditions, preventive 

measures, and local weather conditions. The recovery statistics [42] show that 60%  patients 

between the age group 20-40 years have recovered. The percentage of patients recovered 

decreased to 56% for the age groups 50-59 and > 60 years. Moreover, the susceptibility to the 

COVID-19 and rate of transmission of the disease was varied based on the age of the person. In a 

case study [43], it is reported that the percentage of manifestation of the clinical symptoms in age 

group over 70 years is 69%  and in individuals under 20 years of age have only 11% chance of 

manifestation of clinical symptoms. In this scenario, our results based on LSTM and GRU 

models not only provide information about the number of recovered cases of the near future but 

also shed light on the importance of factors that control the number of recovered cases and the 
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importance in consistency of the process of record keeping of the recovered cases all over the 

world.  

 

 

 

Table 2: Models used for forecasting recovered cases and their parameters 

 

No. Country 
RNN 

model 
Epochs 

Hidden 

size 

Number 

of layers 

Learning 

rate 
MSE RMSE 

1 

 

USA GRU 2.50E+02 3.00E+02 2.00E+00 1.00E-05 3.61E+11 6.01E+05 

LSTM 2.30E+01 3.00E+02 3.00E+00 1.00E-05 3.72E+11 6.10E+05 

2 Brazil GRU 6.56E+02 3.00E+02 2.00E+00 1.00E-05 8.53E+09 9.24E+04 

LSTM 4.02E+02 3.00E+02 2.00E+00 1.00E-05 1.44E+12 1.20E+06 

3 India GRU 1.52E+03 3.00E+02 2.00E+00 1.00E-05 7.67E+04 2.76E+02 

LSTM 1.26E+03 3.00E+02 2.00E+00 1.00E-05 6.62E+04 2.57E+02 

4 Russia GRU 3.00E+02 3.00E+02 2.00E+00 1.00E-05 1.17E+06 1.08E+03 

LSTM 1.00E+02 3.00E+02 2.00E+00 1.00E-05 7.65E+06 2.77E+03 

5 South 

Africa 

GRU 2.70E+03 3.00E+02 2.00E+00 1.00E-05 1.67E+07 4.08E+03 

LSTM 2.00E+03 3.00E+02 2.00E+00 1.00E-05 2.15E+06 4.05E+03 

6 Mexico GRU 6.50E+02 3.00E+02 2.00E+00 1.00E-05 1.61E+08 1.27E+04 

LSTM 1.65E+03 3.00E+02 2.00E+00 1.00E-05 1.73E+08 1.32E+04 

7 Peru GRU 2.66E+02 3.00E+02 2.00E+00 1.00E-05 6.56E+06 2.56E+03 

LSTM 7.50E+01 3.00E+02 2.00E+00 1.00E-05 2.13E+07 4.61E+03 

8 Chile GRU 3.00E+02 3.00E+02 2.00E+00 1.00E-05 1.32E+06 1.15E+03 

LSTM 2.60E+02 3.00E+02 2.00E+00 1.00E-05 7.65E+05 8.74E+02 

9 UK GRU 3.00E+02 3.00E+02 2.00E+00 1.00E-05 1.19E+01 3.40E+00 

LSTM 6.46E+02 3.00E+02 2.00E+00 1.00E-05 9.20E+00 3.03E+00 

10 Iran GRU 7.00E+02 3.00E+02 2.00E+00 1.00E-05 1.09E+06 1.04E+03 
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Figure 3: 60-day ahead forecast of cumulative recovered cases for top-10 countries based on 

RNN-GRU and RNN-LSTM models. 
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3.3. Cumulative fatalities 

The forecast of the cumulative fatalities for top-10 countries were presented in this 

section. Figure 4 depicts the forecasted trends of cumulative fatalities and the corresponding 

simulation details of both the models for each country are given in Table 3. From the Figure 4, it 

is evident that the number of cumulative fatalities in USA will be in between 200,000 and 

240,000 according to forecasts of the GRU and LSTM based models, respectively. As per both 

the models, the fatalities are continuously increasing as the number of days into the pandemic is 

increasing. For the number of cumulative fatalities in USA, Peru, Chile, and UK, GRU based 

model performed better than the LSTM model which is evident from the Table 3. The MSE and 

RMSE values of the GRU based models for countries USA, Peru, Chile, and UK are lesser than 

the MSE and RMSE values of their respective LSTM models, The RMSE values of GRU models 

of the USA, Peru, Chile, and UK, are 4.57E+02, 5.89E+03, 6.64E+01, and 4.40E+01, 

respectively. The RMSE value of LSTM model of these countries is greater than the RMSE 

value of GRU models as described in Table 3. From the Figure 4 and based on GRU model of 

the countries - Peru, Chile, and UK there will be ≈26,000, ≈12,100, ≈49,000, cumulative 

fatalities, respectively. Whereas the LSTM model of these countries predicted that there will be 

≈31,000, ≈12,100, ≈49,000 cumulative death cases by the end of September 2020. Whereas for 

fatalities in other countries – Brazil, India, Russia, South Africa, Mexico and Iran, LSTM model 

performed better than the respective GRU models. The RMSE value of the LSTM models of 

these countries are 3.66E+04, 2.57E+02, 7.20E+01, 8.74E+02, 3.04E+02, and 5.20E+01 

respectively. The number of cumulative fatalities predicted by LSTM models of Brazil, India, 

Russia, South Africa, Mexico, and Iran are ≈130,000, ≈70,000, ≈21,000, ≈10,000, ≈65,000, 

≈27,000, respectively. Similarly, the RMSE values of the GRU models of the countries are 
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described in the table 3. The number of cumulative fatalities forecasted by the GRU models of 

Brazil, India, Russia, South Africa, Mexico, and Iran are ≈139,000, ≈81,000, ≈17,650, ≈16,000, 

≈70,000 and ≈26,000, respectively. The forecasted trends for Mexico, Chile, UK and Iran are 

almost same for both LSTM and GRU models and both models show that the cumulative 

fatalities will reach a plateau by the end of September 2020. Fatalities in Peru, South Africa, 

Russia also followed a plateau but the agreement between the models is not good. Similar 

deviation between the models were observed for countries USA, Brazil and India, but the 

fatalities found to continuously increasing as the pandemic is increasing. According to Figure 4, 

the number of cumulative death cases are either increasing (USA, Brazil, India Russia, Mexico, 

Chile and Iran) or reaching a steady value (South Africa, Peru and UK) as the pandemic period is 

increasing.  

3.3.1 Factors contribute to the variation of trends in fatalities: 

The varied trends in the graphs as shown in Figure 4 could be because of the lesser 

availability of infrastructure such as number Intensive Care Units (ICU), number of hospital beds 

[44], available healthcare workers per number of patients[45]  in developing countries such as 

South Africa, Mexico, Peru, Brazil, India etc.  But the raise of the number of fatalities in wealthy 

nations could be not only because of the above-mentioned factors but also due to lack of strict 

social distancing, and other preventive measures. Moreover, the average age of the nation also 

determines the number of fatalities caused by COVID-19. For example in USA, there are 54.3 

million residents who are 65 years and older [46], to whom COVID-19 can cause severe illness 

and can be fatal when compared to younger people of the population[47]. The increased risk of 

hospitalizations of senior citizens  is described elsewhere by Center for Disease Control and 

Prevention  (CDC) [47]. The raise of number of cases is directly related to social distance 
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practices and implementation of other preventive measures. This is evident from the reported 

data of USA until 3
rd

 August 2020 of the Figure 2. The number of cumulative confirmed cases 

increased drastically from the first reported case in USA. Similarly, there are other factors that 

contribute to the higher mortality in some regions of the world and countries.  Such factors 

include, economic status[48], race/ethnicity[49, 50], housing conditions[51]. Moreover, there is a 

positive correlation between the poor housing conditions and COVID-19 occurrence and 

mortality. In USA, the deaths related to COVID-19 pandemic were high in the communities with 

higher percentage of poor housing conditions[52]. Moreover, there is a strong evidence for the 

positive correlation between the COVID -19 fatalities and ethnicity. In USA, regions with higher 

population of Black and Latino residents had higher number of COVID-19 cases per 100,000 

population[49]. COVID-19 mortality relation with the health at the county level is more 

pronounced in the non-urban counties. In these counties the people who work on the farms, and 

who have lower income are at high risk for COVID-19 mortality[53]. Similarly in a country level 

case study, it is found that higher COVID-19 mortality is associated with lower government 

effectiveness, fewer hospital beds and lower test number[54]. Based on the discussion it is 

important to identify the vulnerable communities of the society so that the public health officials 

can develop strategies specific to such communities. Tiwari et al;[55] reported an innovative 

COVID-19 impact assessment algorithm based on random forest machine learning model  to 

identify and map vulnerable counties. In such situation, our results not only provide an 

information on the upcoming number of fatalities, but also considers the various factors that play 

curial role in increasing the mortality caused by COVID-19 disease. 
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Table 3: Models used for forecasting cumulative death and their parameters 

 

  

No. Country 
RNN 

model 
Epochs 

Hidden 

size 

Number 

of layers 

Learning 

rate 
MSE RMSE 

1 USA GRU 5.00E+02 3.00E+02 2.00E+00 1.00E-05 2.09E+05 4.57E+02 

LSTM 2.01E+02 3.00E+02 3.00E+00 1.00E-05 2.91E+05 5.39E+02 

2 Brazil GRU 6.00E+01 3.00E+02 2.00E+00 1.00E-05 1.47E+05 3.83E+02 

LSTM 1.50E+02 3.00E+02 2.00E+00 1.00E-05 1.34E+09 3.66E+04 

3 India GRU 2.50E+02 3.00E+02 2.00E+00 1.00E-05 7.67E+04 2.76E+02 

LSTM 2.00E+02 3.00E+02 2.00E+00 1.00E-05 6.62E+04 2.57E+02 

4 Russia GRU 2.00E+02 3.00E+02 2.00E+00 1.00E-05 5.48E+03 7.40E+01 

LSTM 6.40E+02 3.00E+02 2.00E+00 1.00E-05 5.27E+03 7.20E+01 

5 South 

Africa 

GRU 3.50E+01 3.00E+02 2.00E+00 1.00E-05 1.71E+06 1.31E+03 

LSTM 2.00E+03 3.00E+02 2.00E+00 1.00E-05 7.64E+05 8.74E+02 

6 Mexico GRU 1.00E+02 3.00E+02 2.00E+00 1.00E-05 6.78E+05 8.23E+02 

LSTM 7.00E+02 3.00E+02 2.00E+00 1.00E-05 9.29E+04 3.04E+02 

7 Peru GRU 1.50E+03 3.00E+02 2.00E+00 1.00E-05 3.47E+07 5.89E+03 

LSTM 1.50E+03 3.00E+02 2.00E+00 1.00E-05 4.33E+07 6.58E+03 

8 Chile GRU 4.00E+02 3.00E+02 2.00E+00 1.00E-05 4.42E+03 6.64E+01 

LSTM 2.00E+03 3.00E+02 2.00E+00 1.00E-05 5.74E+04 2.40E+02 

9 UK GRU 3.00E+03 3.00E+02 2.00E+00 1.00E-05 1.95E+03 4.40E+01 

LSTM 3.00E+03 3.00E+02 2.00E+00 1.00E-05 5.81E+03 7.60E+01 

10 Peru GRU 1.75E+02 3.00E+02 2.00E+00 1.00E-05 9.43E+03 9.71E+01 

LSTM 1.43E+03 3.00E+02 2.00E+00 1.00E-05 2.76E+03 5.20E+01 
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Figure 4: 60-day ahead forecast of cumulative fatalties for top-10 countries based on RNN-GRU 

and RNN-LSTM models. 
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4. Conclusions 

The present study reported a 60-day forecast of the covid-19 pandemic using RNN-

LSTM and RNN-GRU models. Model with less values of MSE and RMSE is believed to be the 

best model for forecast. For confirmed cases, LSTM model performs better for countries such as 

USA, Brazil, South Africa, Peru, Chile and Iran, on the other hand, GRU model performed better 

for India, Russia, Mexico and UK. LSTM model has predicted to report an alarmingly rise in the 

confirmed cases in the USA, but GRU predicted a gradual rise in the cases. Confirmed cases in 

Brazil could reach a plateau (LSTM model) or linear increase in counts (GRU). According to 

both the models, cumulative cases in India, South Africa and Peru could reach a plateau, in 

contrast, cases in Russia, Mexico, Chile, UK and Iran may continuously increase.  

For recovered cases, LSTM model performs better for India, South Africa, Chile, UK and 

Iran, whereas GRU model performed better for USA, Brazil, Russia, Mexico and Peru. The 

recovered cases in Mexico, Iran, Peru and Russia will increase according to both the models. 

Though the GRU model is over predicting, recovered data in USA, India and South Africa will 

reach a plateau as per both the models. Similarly, Brazil will also reach plateau but with LSTM 

overpredicting compared to the GRU. Recovered cases in Mexico, Iran, Peru and Russia will 

continuously increase in near future, according to LSTM and GRU models. The recovered cases 

in UK and Chile will reach a plateau in upcoming 60 days, which might be not true due to 

inconsistency in the reported data.  

For the forecast of fatalities data, LSTM model outperformed GRU model for Brazil, 

India, Russia, South Africa, Mexico and Iran. For fatalities data in countries USA, Peru, Chile 

and UK, GRU models outperformed LSTM model. Shockingly, the fatalities in USA, Brazil, 

Russia and India will be continuous to increase with respect to both the LSTM and GRU model. 
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Mexico, Chile, UK and Iran have reported to show a plateau with both model’s predictions very 

consistent with each other. Fatalities in South Africa and Peru will reach a plateau but with less 

agreement between the model’s predictions. Based on the results from the present work, it is 

highly recommended that to develop a deep learning models by feeding all three cumulative data 

sets (confirmed, recovered and fatalities) simultaneously to predict the pandemic trends. Further, 

more amount of data and accurate data is needed to develop robust and accurate models to 

obtained forecasts with less margin of error and to correlate the forecasts with factors that 

contribute to the COVID-19 rapid spread. Our study also helps countries realize the importance 

of the  various factors that contribute  to the spread of COVID-19  thereby helping them better 

prepare for the upcoming surge.  
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