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Abstract 

The world is facing a tough situation right now because of an outbreak of a lethal virus called 

SARS Cov-or COVID-19. Lots of people are being infected by the virus. A great number of 

people are dying because of severe health conditions after being infected with the virus. This virus 

has caused a significant negative impact on the day-to-day activities of human life as well as in the 

world economy. Unfortunately, no vaccines have been invented now to diminish the virus. 

Although some drugs– (e.g., chloroquine, hydroxychloroquine, and azithromycin) –have been 

suggested to treat COVID-19 patients. However, using those medicines often does not reduce the 

number of cases and death. So, now is the question of when this deadly virus will come to its end. 

A precise forecasting model is required to respond to this inquiry. For forecasting, it is necessary 

to have enough historical data. The reliability of forecasting also depends on accurate data. There 

are several outbreak forecasting models used by researchers around the world to make informed 

decisions and to take the necessary precautions beforehand. Between those models, researchers 

have found time-series and statistical models more precise. To estimate key epidemiological steps 

and to predict the potential trajectory of the epidemic, this paper will concentrate on a comparative 

study of ARIMA models and Exponential Smoothing (Holt’s Method) models to forecast monthly 

COVID-19 cases in Bangladesh. 
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I. Introduction 

COVID-19, a word-wide catastrophe, is an 

infectious virus that spreads across the world and 

is responsible for contaminating millions and 

causing death to a vast number of people of all 

ages after primary deaths were confirmed at the 

end of 2019. In about a few months, the disease 

spread easily around the globe, arriving at a sum 

of roughly 12.7 million confirmed cases and 

563,296 death cases starting on 31 December 

(John Hopkins, 2020). On 20th March 2020, 

WHO (World Health Organization) stated the 

spread of COVID-19 as a worldwide pandemic. 

According to WHO, the virus is transferred 

from one person to another. The infected person 

may start showing symptoms within 14 days, 

depending on the incubation period, or may not 

show any symptoms. Also, from WHO the clinical 

signs of mild to moderate cases include dry 

coughs, nausea, and fever, and in extreme cases, 

shortness of breath, fever, and tiredness can occur. 

Individuals with pre-existing conditions such as 

diabetes, heart disease, and so on are more 

susceptible to the virus. Currently, there are no 

vaccines for preventing deadly virus attacks. The 

drugs like hydroxychloroquine are used for 

symptomatic treatment (Schraer, 2020). According 

to WHO, people are being suggested to wash their 

hands with soap for at least 20 s and avoid close 

contact with people. 

The first case of COVID-19 in Bangladesh 

was started in Dhaka on the 3rd of March 2020. 

By 11 July 2020, Bangladesh had registered 

181,129 confirmed cases, and 2,305 deaths (John 

Hopkins, 2020). The ongoing worldwide COVID- 

19 pandemic has shown a nonlinear and complex 

nature. For this purpose, reasonable forecasting of 

possible reported cases is taking place and this is 

playing a vital role in developing a strategic plan 

and interventions to avoid much worse situations. 

Various statistical approaches like the Time 

Series model (Kurbalija et al., 2014), multivariate 
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linear regression (Thomson et al., 2006), gray 

forecast simulations (Wang et al., 2018a; Zhang et 

al., 2017), wavelength models (Bulut et al. 2020) 

have recently been used to forecast epidemics. But 

because of the randomness of epidemics above 

mentioned statistical methods are insufficient for 

predicting the trends and generalizing the 

outcome. 

Autoregressive Integrated Moving Average 

(ARIMA) models are the most widely used 

statistical models and are considered the best at 

predicting infectious diseases such as malaria 

(Anokye et al. 2018), measles (Sharmin and 

Rayhan 2011, Ceylan, 2020), Alzahrani et al., 

2020). ARIMA concept has been successfully 

extended to any kind of disease trend forecasting 

also in other areas because it's pretty 

straightforward to explain to the end-user (Cao et 

al., 2020), implementation is fast and for its ability 

to illustrate the data collection. The ARIMA 

model is widely used for forecasting purposes with 

the time series data. Mostly, it deals with 

nonstationary time series (e.g., the series data 

mean and standard deviation changes over time) to 

capture the linear pattern of an epidemic 

pandemic. It forecasts the value of the potential 

time series by recognizing the values of the prior 

time series of its own and the error from an earlier 

point of time. In our study, several ARIMA 

models have been formulated with different sets of 

ARIMA parameters (e.g., ARIMA (2, 1, 0), 

ARIMA (2, 2, 2), ARIMA (0, 2, 1)). ARIMA (2, 

2, 2) was chosen as the best model for assessing 

the prevalence trends of COVID-19 in 

Bangladesh. 

Various analytical, computational and 

machine learning models have been used in recent 

studies to predict the incidence, prevalence, and 

mortality rates of COVID-19 worldwide as well as 

in countries such as China, France, Italy, Spain, 

Brazil, Germany, Turkey, Saudi Arabia, and 

others. For example, Cylan (2020) developed an 

ARIMA model with a data-driven approach to 

estimate the prevalence of COVID-19 in Italy, 

Spain, and France. Alzahrani et al. (2020) have 

employed the ARIMA model to forecast the daily 

new cases of COVID-19 for about four weeks in 

Saudi Arabia. Singh et al. (2020) analyzes 

dynamic models with a data-driven approach of 

advanced ARIMA models to produce 20-day 

forecasts of accumulated reported deaths and 

recoveries from COVID-19 by region, territory for 

the top 15 affected COVID-19 countries. Ribeiro 

et al. (2020) analyzed and explored the predictive 

ability of machine learning regression and 

statistical models for one, three and six days in 

advance of combined events of COVID-19 cases 

in Brazil with models like ARIMA, Cubist 

regression (CUBIST), SVR (Support Vector 

Machine), LR (Linear Regression) (Random 

Forest). Roda et al. (2020) compared the 

conventional SIR and SEIR systems with the 

COVID-19 model in Wuhan Province, China 

(Roda et al., 2020). Wang et al. (2020) developed 

a Patient Information Based Algorithm for 

estimating the death rate of COVID-19 in real-

time using publicly available data from Wang et 

al. (2020). Rustom et al. (2020) analyzed four 

forecasting models for predicting new cases, death 

rate showing Exponential Smoothing models as 

best over LR, LASSO, and SVM models. Yonar et 

al. (2020) modeled the data using some curve 

estimation approach and proposed Box- Jenkins, 

Holts, and Brown linear exponential smoothing for 

forecasting newly infected cases. 

This paper aims to forecast the outbreak of 

COVID-19 cases in Bangladesh for one month as 

well as to identify the best model to forecast the 

COVID-19 pandemic among ARIMA and 

Exponential Smoothing (Halt’s Method). Health 

care authorities can gain crucial information about 

the intensity of the epidemic at peak times from 

this study. They will have ideas about materials 

needed for patients across the country shortly. 

 

II. Related Works 

The comparison of ARIMA and GM (1,1) is 

used for the prediction of the hepatitis B forecast. 

The author found that the ARIMA model has 

shown the best outcome over the GM (1,1) model. 

The root means square error (RMSE), mean 

absolute error (MAE), and mean absolute 

percentage error (MAPE) of ARIMA (3,1,1) 

(0,1,2) 12 model was lower than GM (1,1) model 

on the fitting part and forecasting part (Wang et 

al., 2018). 

Zheng et al. (2015) showed that the ARIMA 

model is an important forecasting model to predict 

dangerous diseases. ARCH models are a kind of 

similar tool used to deal with time series if the 

variability of the random disturbance is different 
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across elements of the vector. The author 

establishes ARIMA (1, 1, 2) (1, 1, 1) 12 model and 

ARIMA (1, 1, 2) (1, 1, 1)12-ARCH (1) model can 

be used to forecast the morbidity of TB in 

Xinjiang, China. Modified analyses show that the 

blended model has better performance. 

In their article by Bulut and Yildiz (2020), the 

wavelength model has been used to predict the 

magnitude of the COVID-19 pandemic. The 

authors have used two different data sets for 

predicting the first 36 days of the pandemic. The 

authors used data mining techniques to combine 

the two data sets and Microsoft Excel and R 

programming to predict the pandemic situation. 

A regressive Support Vector Regression 

(SVR) has been used to forecast the monthly 

outbreak of measles. The study transformed the 

data into some features that may reflect in the 

measles outbreak. This paper also shows that the 

efficiency of the model increases when window 

sizes vary. The authors showed that lower window 

size generates low mean error but higher window 

sizes generate a higher mean error and reflected 

the best outcome of the model (Uchenna et al., 

2020). 

The research focuses on a detailed statistical 

analysis of Covid-19 cases as well as on the 

forecast of newly infected cases in all countries. 

The authors modeled the data using a curve 

estimation approach and then used Box-Jenkins, 

Brown, and Holt linear exponential smoothing to 

estimate newly infected cases (Yonar et al., 2020). 

This research demonstrates the ability of ML 

models to estimate the number of future patients 

affected by COVID-19. The authors analyzed four 

forecasting models Like Linear Regression, Least 

Absolute Shrinkage and Selection Operator 

(LASSO), Vector Machine Support (SVM), and 

Exponential Smoothing (ES). Each model makes 

three types of predictions, such as the number of 

newly infected cases, the number of deaths, and 

the number of recoveries in the next 10 days. The 

author pointed out that the Exponential Smoothing 

is doing well following the LR and LASSO 

models whereas the SVM performs very poorly on 

all predictions. 

Abebe (2020) analyzed that Holt’s Method is 

better than the exponential growth and single 

exponential smoothing to estimate potential cases 

of COVID-19 in Ethiopia using the Root Mean 

Sum of Square Error (RMSSE) to assess the 

effectiveness of these models. The study showed 

that new predicted cases had an exponential 

growth rate for the next three weeks in Ethiopia. 

 

III. Methodology 

Data collection (A) and analysis (B) have been 

performed for analyzing and validating the 

forecasting of the COVID-19 case. 

A. Data Collection 

The data has been available to the public ever 

since the WHO (World Health Organization) 

declared Covid-19 a global epidemic. So that by 

studying this deadly virus and its dangerous 

consequences, one can predict the future horrors. 

Many public sites are providing access to these 

data at no cost. We have collected a dataset from 

an open-source coronavirus data source 

https://ourworldindata.org (Ritchie, et al., 2020). 

The data source is being regularly updated. Those 

data sets consist of confirmed cases, death cases, 

testing. 

B. Data Preprocessing 

Data preprocessing is a crucial part of any data 

analyzing method or prediction. Nan and empty 

values have been filtered out from the data as data 

may contain Nan values or empty values or 

unnecessary data. Check for stationarity of the 

data has also been performed. There are several 

steps involved in analyzing data. Figure 1 shows 

the methodology diagram. 

 

 

Figure 1: Methodology Diagram 

C. Model Selection 

Forecasting with time series needs some 

historical data. If there is no data or lack of data, 

then forecasting has been made depending on the 

judgmental approach, which does not always 

predict or forecast reliable output. Our data set can 
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be fit into the well-known forecasting methods 

ARIMA model as the model works well for 

historical data. Box and Jenkins first developed the 

model in the 1970s. It's the Auto-Regressive 

Optimized Moving Average Model principally a 

more suitable combined version of the Auto-

Regressive Moving Average (ARMA) model. The 

AR represents Auto regression which depends on 

its past values. The MA uses historical projection 

errors in regression as a model rather than past 

estimation vector values. The ARIMA model 

represents Non- mainly a more suitable combined 

version of Auto Regressive Moving Average 

(ARMA) model. The AR represents Auto 

Regression which basically depends on its past 

values. The MA uses past forecast errors in a 

regression like a model rather than using past 

values of the prediction variable. The ARIMA 

model represents Non- Seasonal as ARIMA (p, d, 

q), where p represents the direction of the auto 

regressive model, d represents how many times 

subtracted from the past values, and q represents 

the moving average model. In our ARIMA model, 

we have used the order of ARIMA (0, 1, 2) for AR 

and MA, and for ARIMA we choose ARIMA (2, 

1, 0). We also choose the Exponential Smoothing 

model to compare and contrast the forecasted 

output with the ARIMA model. As COVID-19 

cases are increasing day by day (e.g., trend in the 

data and no seasonal factor) so it is clear that 

Holt’s Linear Exponential Smoothing method can 

be used in our data sets. 

 

IV. Results and Discussions 

Google Colab was used for getting the output 

predicted by the model, which is a free cloud 

service provider and does support GPU 

processing. With this tool, one can do Machine 

Learning, Deep Learning, or any forecasting work. 

Google Colab provided us with 12 GB RAM and 

100 GB SSD shareable storage when we 

connected our application to their server. 

For more information and accuracy, the data 

set has been divided into one-third of the data. For 

the pre-part, we used the attest prediction model 

and matched the outcome with the final result to 

see how well the model is forecasting the 

outbreak. COVID-19 data sets for Bangladesh 

have been taken from https://ourworldindata.org 

(Ritchie, et al., 2020). Date starting from 06 April 

2020 as per Fig. 2, in Bangladesh, the first 

COVID-19 case was recorded on 15 March 2020. 

When accessed the data set was recorded from 6 th 

April 2020 to 6 th October 2020. 

 

 

Figure 2: Sample data from head and tail of the data set 

 

Initially, a graph for confirmed cases as in Fig. 

3 was shown where the X-axis represents the date, 

and the Y-axis represents the new cases. Some 

pre-task had to perform to get a good outbreak 

forecast. Among them checking for stationarity of 

data is important in time-series analysis. There are 

two ways to check stationarity in time-series data: 

i. Rolling Statistics 

ii. ADCF (Auto Distance Correlation Function) 
 

 
Figure 3: Plot value for row data frame 

 

In rolling statistics, the mean and standard 

deviation have been found using a window size of 

From Fig. 4 (a), it is easily seen that data is not 

stationary data as the mean and standard deviation 

are not constant which indicates to proceed to the 

next step. 

After this, another important test called the 

dickey fuller test has been performed to find the 
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performance of the data. The test required Ad 

fuller’s function. In this function, we put the raw 

data to find these four and some critical values of 

different percentages. The results are shown in 

Table 1. 

 
Table 1: Dickey-Fuller Test Table 

 
 

Initially, the p-value was set to 0.05 but in the 

test, the result showed the p-value is 0.365248 

which is a better estimation for the hypothesis. On 

the other hand, it is found that the critical value is 

less than the test statistic, and as our data is not 

stationary, so this defines that model is performing 

better. 

After all those tests and validation, it’s time to 

get more insight from the data. This time data was 

converted into a log scale to find more accurate 

values to predict the result of our hypothesis. In 

Fig. 4 (b), we can see the number of Y-axis is 

changed because of its log but trends remain the 

same. 

 
 

 

Figure 4: (a) Row Data Frame Rolling Mean and 

Standard Deviation. (b) Rolling Statistics in Log Scale 

Data Set. (c) Augmented Data Frame Rolling Mean 

and Standard Deviation. (d) Augmented Rolling 

Statistics in Log Scale Data Set. 
 

Table 2: Augmented Dickey-Fuller Test Table 

 
 

All the NaN values were removed from our 

new log scale data set. Then an Augmented 

Dickey-Fuller test was performed for the log scale 

data set. The Adfuller’s function gave an insight as 

shown in Figs. 4 (c)-(d). The graph shows no static 

value of the data set in rolling mean and standard 

deviation. 

In the dickey fuller test, the test statistic shows 

a negative value and the p-value is near to zero 

which indicates our model is performing well for 

the data set. 

 

 

Figure 5: Exponential Decay Average 

 

To find the weighted average the Exponential 

Decay Average has been used to finally find 

whether the dataset is stationary or not? And the 

result showed that the data has no stationarity. 

After performing all checks, it is time to 

perform the actual forecasting using the time 

series model. In time series, seasonal decompose 

function, Trend, Seasonality, Residuals have been 

used. 

In the second stage, the ARIMA model has 

been applied to find the predicted value. Before 

proceeding with the ARIMA model it is necessary 

to find the P and Q values. To find the P and Q 
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value ACF (Autocorrelation Function) and PACF 

(Partial Autocorrelation Function) have been used 

with OLS (Ordinary Least Square) method. As 

shown in Fig. 6. 
 

 

Figure 6: ACF (Auto-correlation Function) and PACF 

(Partial Auto-Correlation Function) 

 

So, from the graph, it is found that the p-value 

is equal to 1, and the Q value is equal to 2. Now 

time to introduce the ARIMA model, but first, it is 

good to have RSS (Residual Somu’s Square) value 

for the AR and MA model and finally for the 

ARIMA model. Placing P and Q in the AR model 

gave an RSS value of 7.4576 as in Fig. 7 (a) and 

the MA model gave an RSS value of 7.6576 as in 

Fig. 7 (b) later than those AR and MA values had 

been used in the ARIMA model to get RSS value 

of 7.0513. 

 

 

Figure 7: (a) AR (Auto-regressive) Model (b) MA 

(Moving Average) model (c) ARIMA Model (d) 

Prediction ARIMA Experimental Part 

 

Figure 8: Final Prediction Plot 
 

After performing all validation testing a final 

result of prediction is shown in the graph as in Fig. 

8, where the orange line shows the new case. The 

blue line is the forecast value and the model 

accuracy or confidence interval of 95%. Finally, 

when a full data set is fitted into the module, then 

it shows that the data is not stationary and the 

ARIMA model RSS value is 14.2236. The model 

accuracy was approximately 95%. 
 

 
Figure 9: Exponential Smoothing 

 

Later, after Exponential Smoothing as in Fig. 

9, particularly Halt’s Method was selected to 

forecast COVID-19 new cases. Halt’s Method is 

good when the data set has a clear trend view. For 

this, we use the stat model’s python module that 

has tons of built-in functions for statistical models. 

Long-term prediction with Exponential Smoothing 

is not very effective as forecasting will increase or 

decrease indefinitely in the future. The Damped 

Trend model can be used to restrict the indefinite 

behavior. In our forecast case, 
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1. Alpha: The level smoothing element. 

2. Beta: Smoothing component of the trend. 

3. Trend Type: additive or multiplier. 

4. Dampen Type: additive or multiplier. 

5. Phi: Coefficient of steaming. 

Values have been formulated to forecast with 

Holt’s Method (e.g., alpha - 0.8, beta- 0.3,) or (0.7, 

0.2) but found (0.8 and 0.3) best for the Holt’s 

Linear Trend. In additive, the damped trend (0.8, 

0.2) produces a good result. 

The damped pattern method is a method that 

incorporates a dampening parameter such that the 

trend can converge to a fixed value in the future (it 

flattens the trend). The forecast shows that the 

damped trend has a high constant trend of forecast 

in the future where the ARIMA model has a clear 

lower linear trend of forecast and 95% confidence, 

so it is certain that ARIMA can be a good choice 

of forecasting for the data set. 

 

V. Conclusions 

The paper did not consider the vaccination 

process and any way to prevent the pandemic. 

This study mainly focused on the monthly 

outbreak forecasting for the local government. The 

ARIMA and Exponential Smoothing models were 

used for predicting the monthly new confirmed 

cases. The output of the study shows that the 

ARIMA model performs best on the given data 

sets for monthly COVID-19 prediction. Based on 

the findings from the study of these two models, 

the newly infected number of people will increase 

in the coming month. This study will help the 

government or people directly involved in 

coronavirus treatment to take the necessary steps 

to follow beforehand. The efficiency can be 

improved by providing a lot more data. And this 

study can be further improved by categorizing 

whether a male will be more affected or females as 

well as improving the ARIMA parameters and 

smoothing factors for exponential smoothing. The 

model can also be used in other infectious diseases 

outbreak predictions. 
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