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ABSTRACT

By predicting the implementation of intelligent lockdown before the onset of waves, this research offers an
efficient method to address the COVID-19 pandemic. This study introduces unified Autoregressive Integrated
Moving Average (ARIMA) and Seasonal Autoregressive Integrated Moving Average (SARIMA) models that
are capable of predicting lockdowns in more than 200+ nations. The proposed model was trained over 18,000
dataset of 237 nations and has a response time of 2.5 months. The auto-ARIMA model was used to pick the
initial variations of the model parameters and then the optimal model parameters were found based on the best
match between the forecasts and test data. The models reliability was evaluated using the analytical methods
Auto Correlation Function (ACF), Partial Auto-Correlation Function (PACF), Akaike Information Criterion
(AIC) and Bayesian Information Criterion (BIC). These models are trained using data acquired from World
Health Organizations data repository. The two ARIMA and SARIMA models are clearly gaining an advantage
over other studies by having a rapid response time. Besides, a brief comparison of trained ARIMA and SARIMA
models are presented and the ARIMA model gained an upper hand due to its accuracy. Additionally, the
models are able to predict confirmed death and confirmed cases of COVID. This research shows to be highly
beneficial for decision-making about the implementation of smartlockdowns and could provide another
dimension to time-series analysis, which is strongly dependent on models having better response time.

Keywords: ARIMA; SARIMA; Smartlockdown; Autocorrelation function; Partial autocorrelation function;
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INTRODUCTION respiratory failure. The virus’s distribution has differed between

) o o o nations due to variances in epidemiological circumstances and
The novel coronavirus was first identified in Wuhan, China in

December 2019. The first case of the disease was reported to
the World Health Organization (WHQO) on December 31, 2019.
COVID-19 is caused by the Severe Acute Respiratory Syndrome
Corona Virus-2 (SARS-CoV-2). It belongs to the coronavirus
family, which comprises viruses that may infect both animals ~ The proposed machine learning model in this study is a
and humans. The virus is considered to have started in bats  generalized model that means it is capable of making predictions
and spread to humans. This highly infectious strain of corona  for over 200+ countries having same parameters which is trained
virus has already infected over 485,243,022 cases globally and ~ over World Health Organization’s data consisting of data for 237
killed 6,137,553 deaths. The previous corona viruses, SARS and countries, the only requirement to develop this model is a dataset
MERS, were not as infectious and persistent as the COVID-19 that contains attributes as stated in the meta-data [1]. This study
as it has been called. The uncertainty and lack of clarity further ~ is a novel application of the time series forecasting for COVID-19
exacerbated the issue and many nations were infected with the  data. Additionally, this model only focuses on forecasting
virus. The virus is extremely infectious and causes death due to  lockdown periods, thus less data is required for training since the

diagnostic capabilities. Many nations throughout the world have
been affected by Covid-19. The virus has infected people of all
ages in practically every country. Germany, France, Italy, Spain
and the United States have been hit the worst [1].
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model won’t be forecasting on daily basis thereby increases the
response time.

A lot of work has been accomplished in the related areas of
research. In the study, there is significant utility in having a
prognosticative model for COVID-19 mortality that’s primarily
based entirely on demographics and underlying conditions,
and that doesn’t need initial symptoms or biopsy findings [2].
There are many beneficiaries of such a model. Specifically,
this can facilitate telemedicine for patients who test positive,
warn patients unaffected by COVID-19 of potential risks, and
undertake precautions. It can be utilized by the government
to put intelligent lockdown techniques into place. Research
is conducted to build a shortterm predictive model tracking
disease cases using the Poisson distribution for the number of
daily incidences and the gamma distribution for the serial period
to predict the future occurrence of COVID-19 [3]. Second,
calculate the reproduction amount on the assumption that it
would remain consistent for a brief period of time. Finally, create
hypothetical incidence cases based on the posterior distributions
of the current rate of transmission assuming this rate remains
unchanged or changes by a small amount. The following is a
study to predict the spread of COVID-19 in the United States
under various resumption strategies. The model predicts that the
number of COVID-19 cases will initially increase exponentially at
the onset or shortly after the resumption of the infectious event,
but then settle into a stable, slightly diminishing protracted
stage of disease transmission. In contrast to standard Susceptible
Infected Recovered (SIR) models, this pattern is consistent with
the number of COVID-19 cases reported in the United States. A
prediction for the incidence of new COVID-19 cases is based on
various social distance criteria. It concludes that reducing social
distance will significantly increase the number of COVID-19
cases [4]. And a comparative study in to analyze and forecast the
COVID-19 outbreak in India [5]. In India, the adopted states
of Maharashtra, Andhra Pradesh, Tamil Nadu, Karnataka and
Uttar Pradesh. Three categories of forecasts were made using the
ARIMA and prophet time series forecasting models: reported
cases, fatalities, and recovered cases. Followed by much more

such research on COVID-19 data.

The usage of ARIMA and SARIMA model in studies shown in
Table 1 are similar to the study in this research paper, but the
results are different and focus on forecasting lockdown periods
i.e. start and end time of lockdowns during the crisis (Table 1)
[6-9].

Table 1: Models reported with similar studies for COVID-19

forecasting.

S.No. Reference Remarks
Paper

Study conducted on 16 countries to forecast the
spread, recovery and confirmed death cases due to
novel coronavirus. This paper suggests the use of new
Autoregressive Integrated Moving Average (ARIMA)/
Seasonal Autoregressive Integrated Moving Average
(SARIMA) models for each country individually. The
discussed models required 7 months (January 22 to
August 3, 2020) response time.

1 [6]
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This study includes a comparison between Gated
Recurrent Units (GRU), Long-Short Term Memory
(LSTM), ARIMA and SARIMA to forecast the
trend of COVID-19. Response time for the models

reported in this research is 6 months.

2 [7]

This study reports the use of ARIMA model to
forecast the COVID-19 confirm cases trend for 5
countries including India, Russia, Spain, US and

Brazil. Total infected cases from the stated five
nations are used for training in a daily time series
approach from February 15 to June 30, 2020, i.e.

response time of 4.5 months.

3 [8]

Study conducted on 235 countries (as stated in
WHO data repository) and developed a unified
ARIMA/SARIMA model that works efficiently for
200+ countries. The said models were trained over
18,000 dataset of 237 nations, i.e. response time of
2.5 months approximately.

4 Proposed

This paper is organized as follows. After a brief introduction to
the research problem, a theoretical framework on ARIMA and
SARIMA is presented in Section 2. Theoretical Framework
discusses the mathematics and applications of ARIMA and
SARIMA respectively. Section 3 introduces the Methodology
for the research. The initial step to select the parameters of the
proposed ARIMA and SARIMA model using ACF and PACF
is discussed. Followed by model design and descriptions of
ARIMA and SARIMA model respectively. Section 4 presents
the observations for the ARIMA and SARIMA forecasts. Finally,
section 5 concludes the paper by presenting results and future
scope of this study. The APPENDIX presented the verified results
for countries such as Brazil, South Africa, Chile, Ghana and

Canada.
LITERATURE REVIEW

This study focuses on the Auto-Regressive Integrated Moving
Average (ARIMA) and Seasonal Auto-Regressive Integrated
Moving Average (SARIMA) machine learning algorithms to
create a machine learning model which is capable of forecasting
lockdown periods for novel coronavirus (Figure 1).

ARIMA (p,d,q)
e —’

linear parameters non-linear parameters

(P.D.Q) S

seasonal order

SARIMA (p,d,q)
—

linear parameters non-linear parameters

(PD.Q) S

seasonal order

Figure 1: Representation format of Auto-Regressive Integrated
Moving Average (ARIMA) and Seasonal Autoregressive Integrated
Moving Average (SARIMA) Model.
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Autoregressive integrated moving average (ARIMA): Developed
in 1970, the Box-Jenkins forecasting system is sometimes called
ARIMA. In essence, it is an extrapolation technique that forecasts
the underlying variable using past time series data. The ARIMA
model must be identified, estimated, and evaluated, which are
the three processes in the model estimation process [9]. Any
variable’s future value is regarded in this as a linear function of
its preceding values and errors, which are expressed as (Figure 2).

Model Selection

F

Paramter Estimation

l

Madel Verification. NO
Is the result Satisfactory?

YES

STOP

Figure 2: Flowchart depicting the entire Box-Jenkins model training
process.

Autoregressive Model, a statistical model known as the AR model
illustrates how one variable depends on a previous time period.
In this model, the data x, is dependent on its prior values. For
instance, the model MA(p), can be written as P of its previous
values.
X=a+sg, +iai.XH. (0]

i=1
Where, &, is the error and @, &,, &5 ... &, are coefficients.
The order 7 for the map) model can be chosen based on the
PACEF plot’s significant spikes. The slow decay of the ACF plot is
another sign of the AR process.
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Moving Average (MA), the weighted average of prior errors is
used by the MA(g) model to determine its forecast value. In time
series data, it is mathematically derived that the MA model has
the capacity to comprehend patterns and trends. For instance,
MA(q) for a data X, can be described as

q
X, = ,u"'zngiﬂi (2

i=1
where, u is the series’ mean, 6,, 6,, 6,,..., 0, are coefficients,
and &, &5, &3, &_, are errors with a normal distribution
having zero mean and standard deviation to be unity. (also
known as white noise). In comparison to the AR model, we can
determine the value of gif the ACF plot has a significant cut
after lag g for model Ma(g). The slower decay of the PACF plot
is another indication of the MA process. Now, an ARMA(p,q)
equation can be formulated to be

)4 q
X, =a+e +Zai.XH. +H+ZSH-‘9I- 3)
i=1 i=l

Now an integration operator d can be introduced, defined as
follows, to help deal with non-stationary data.

X=X = XX 8
where d is the order of differencing and X' = X,

t

Now that we can fit an ARMA(p,q) model to xinstead of X,, we
get the equation for ARIMA(p,d,q)

A'X, =a+Ae + iai.AdXH. U+ Zq:a,A"g,,,. ®)

i=1 i=1

Here, X, is the value predicted for the variable, which is calculated
by adding the total of its arbitrary error term €; that occurred in
the ‘2" time period and its lag variables in the previous L time
period. The coefficients are ¢, and®,. Here, Pand gstand in
for the moving average and autoregressive lags, respectively. The
Moving Average component (MA) is represented by the second half
of the equation, while the Autoregressive part (AR) is represented
by the first half of the equation from &, to,.X,_,. Consequently,
the whole equation is known as the 4RMA(p,q) model. The level
at which the dependent variable X,stays static is indicated by the
symbol I(d), which stands for the order of integration. In order
to account for the dependent variable’s lag, the random error
from estimation, and the sequence in which the variable becomes
steady, ARIMA models are stated as ARIMA(p,d,q). Plotting a
correlogram with the Partial Autocorrelation Function (PACF)
and Autocorrelation Function (ACF) will reveal the order of P

and ¢ [10].

An equation for ARIMA(51,5 can mathematically be represented
as,

5 5
AlXt =a+ (gt - gr—])+ zax'(Xz—i - X(t—l)—i) +u+ zei'(gr—i _g(r—l)—i) (6)
i=1

i=1

Applications of ARIMA: There have been earlier studies on
COVID-19 data to forecast the spread using various supervised
learning methods and other hybrid models [11,12]. In this paper,
the ARIMA model has been used to forecast the time period
at which a lockdown must be imposed over various regions/
countries. One of the studies that have been completed on
COVID-19 data using the ARIMA model is to forecast the spread
of COVID across nine countries [13].

ARIMA model is popular for its usage in forecasting stocks. In,
the automatic ARIMA algorithm is discussed to forecast stock
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returns from 50 stocks of the Indian National Stock Exchange’s
minute-wise records [10]. And in the author recreates the ML
model for stock market prediction to that of a weekly version
of SAARC (India, Sri Lanka, Pakistan) countries using a hybrid
model of ARIMA and RNN which decomposes the time-series
into its linear and non-linear data components of stock prices
[14]. Additionally, research of fifty-six equities from seven sectors
is done in the report [15]. The stocks chosen are all listed on the
National Stock Exchange (NSE). The set empirical study will use
data from the last 23 months. The ARIMA model’s accuracy in
forecasting stock prices was tested. The best ARIMA model was
chosen using AIC. This study also looked at how changing the
time span of earlier or past data affected accuracy. The research
provides a hybrid technique for predicting stock prices that makes
use of the ARIMA and SVMs models’ particular strengths. The
organized selection of optimal parameters of the hybrid model is
of significant relevance for future research [16].

There have been many other uses of the ARIMA Model in the
latest Al technology. The ARIMA model is used to predict rainfall
in certain regions using various parameters, there is a study of
the ARIMA Model predicting the rainfall of the climatological
station of Banjarbaru with the help of the Kalman Filter, even so,
the ARIMA Model is used to an extent of making hybrid models
with Long Short Term Memory (LSTM) to forecast drought using
SPEI data [17,18].

Amongst the most important tools used by policymakers
throughout the world is to make decisions concerning the
forecasting of energy consumption in emerging nations. Most
early research in Turkey used multiple statistical modelling
techniques. But on the other side, time-series forecasting typically
results in better outcomes since expected demographic and
economic features typically deviate from the actual results. This
study used ARIMA, and SARIMA methods to predict Turkey’s
primary energy consumption from 2005 to 2020 [19].

A study to develop a forecasting machine learning model to
forecast inflation in Kenya is presented in [20]. And in the light
of both monetary and revenue-based policymaking, inflation
forecasting is critical. In Kenya, like in any other nation, inflation
projections are envisioned to allow the Central Bank of Kenya
(CBK) to maintain some control over future inflation. In order
to model and forecast inflation in Kenya, the use of both ARIMA
and GARCH approaches in this work. The results indicated that

inflation will rise.

Forecasting demand is a crucial part of supply chain management.
It is one of the most essential planning techniques a firm may
apply in the future because of its link to other business activities.
An ARIMA model for forecasting demand for completed goods
in grocery stores is being developed using the time-series Box-
Jenkins method [21]. Numerous models are built using historical
demand data, and four performance metrics: standard error,
maximum likelihood, Schwartz Bayes’ criterion, and Akaike’s
criterion are used to determine which model has the best
performance. ARIMA (1, 0, 1) is the chosen model to minimize
the four previous criteria. The outcomes point to the possibility
of using this model to simulate and estimate future needs in the
food manufacturing industry. In this sector, these results will give
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managers reliable criteria for making decisions.

Seasonal autoregressive integrated moving average: SARIMA
is an extended algorithm that has a seasonal component along
with the Auto-Regressive Integrated Moving Average (ARIMA)
method. The model assumes that the WHO COVID-19 data

comprises trends, seasonal components, and irregular terms.

For ARMA(p,q) equation we will use L operator, which denotes
the lag operator, where L'x, =x,_,
P q
X, =a+Y a.UX +u+Y 0,Lc+e, @)
i=1 i=1
The equation can be further represented by a polynomial
operator, here polynomial operator results in
9q
>6,.Ls, =0(L)'s, | thus we obtain
i=1

X, =a(L)’ X, +0(L)'¢, +¢, (8)
It can be assumed that 4RIMA(p,d,q) equation will turn out to be
A'X, = (L)’ A"X, +O(L) Ale, + A's, (9)

Now, using seasonal lags and anA4RMA(P,0)model on the
differenced values, we can extract any remaining structure. In
other words, we use L’ rather than the standard lag operator L.
Once more, P and ¢ are seasonal time lags.

APX, = ALY AP X, +O(L)°APe, +AP¢, (10)

We can now apply another 4rMA(p,d,qymodel to ADsXt by
multiplying the seasonal model by the new ARIMA model
in order to remove any remaining seasonality and obtain a
mathematical representation of SARIMA(p.d.qy P,D,0.S). Thus, the
equation for sarmaiLsiLo29can be formulated by replacing the
values in the equation (11).

AAPX, =a(L) ALY A'APX, + (L)' O(L )P A‘/APe, + A'APe, (11)

The SARIMA models are created using the approaches described
in this article. The order of seasonal differencing is determined by
the OCSB test [22]. Then the order of differencing is established
by the KPSS unitroot test [23]. The order of the autoregressive
and moving average components,?, 4, P, and Q, is then
measured by traversing the model space using stepwise processes.
Finally, the best model is selected using tests based on AIC or
BIC and estimated residuals from Oliveira et al. [24-27].

Applications of SARIMA: The study on the SARIMA model
has shown that this model has various uses in forecasting data
related to-Weather and Temperature forecasting, fire frequency
or accidents forecasting, healthcare industry, Tourism, and the
financial sector [28-32]. Talking about the healthcare industry,
the current paper deals with the analysis and forecasting of
region-wise smart lockdowns. Paper describes a SARIMA Model
capable of forecasting monthly temperature values in Ghana’s
northern area [28]. The SARIMA (1,0,0)(1,0,0)(12) is the best-
fitting model, according to the results. The model produced will
aid in the development of future agriculture and tourist initiatives
in the region.

A study to look into the implementation of the SARIMA model
is conducted to predict the fire accident frequency as studied
in reference Ma et al., [29]. Here the authors have worked on

the China Fire Service Data from 2004 to 2018 and developed
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an optimized predictive model SARIMA (1,1,1)(1,1,1)(12). It is
claimed to have increased the accuracy of the model by 11.5%
with a root mean square of the predicted data from 2018 to 2019
to be 2826.93. This result may provide a better understanding
of fire aggregation laws and provide theoretical support for fire
protection and fire protection activities by fire departments.

Qi et al., [30] is a comparative study of SARIMA and Seasonal
Auto-Regressive  Fractionally Integrated Moving Average
(SARFIMA) to predict the incidence of Haemorrhagic Fever
with Renal Syndrome (HFRS). Its conclusion states the better
predictive performance of SARFIMA over SARIMA with 6.7%
Root Mean Square Error which is 5% less than the SARIMA
model. Moreover, there are studies that are able to predict the
dengue cases in Campinas, State of Sao Paulo, Brazil [33]. The
model is based on the monthly incidence of dengue from 1998
to 2008. And is tested using data gathered between January
and December 2009. SARIMA (2,1,2) (1,1,1) (12) was found to
be the model that best suited the data. The number of dengue
cases in a given month may be anticipated using the number of
dengue cases one, two, and twelve months before, according to
this model. The anticipated 2009 numbers are quite similar to
the actual ones. And a study is conducted in KwaZulu-Natal,
South Africa to predict monthly malaria cases [34]. The research
was conducted utilizing a two-part clinically confirmed monthly
malaria case dataset. The training dataset was used to create a
SARIMA model using the Box-Jenkins technique from January
2005 to December 2013, while the testing dataset was used to
evaluate the forecast given by the bestfit model from January to
December 2014. As a consequence, the SARIMA (0,1,1) (0,1,1)
(12) model may be used to model and predict monthly malaria
incidences in KZN.

Cross-correlation functions are used to create comparative
structures using different models in monthly natural gas
production and consumption forecasts to evaluate relationships
between extrinsic variables. In addition, for the first time in a
literature review of study [35], SARIMA model for monthly
predictions of US natural gas production and consumption will
be tested using the proposed method. The performance of the
model is compared with SARIMA (p,d,q)*(P,D,Q)S. The Root-
Mean-Squared Error (RMSE) and Mean Absolute Percentage
Error (MAPE) results show that the bestfit model is superior.
This strategy forecasts monthly natural gas production and
consumption in the United States by 2025.

A technique to predict the detection duration of different objects
used in the reported smart home context. Prognosis will help
quantify an elderly person’s health and alert them to routine
or abnormal behavior in daily activities. Seasonal Automatic
Regression Integrated Average (SARIMA) procedures are used in
health modelling to predict the functioning of common objects
used by an elderly person living alone [36].

The purpose of the paper’s research is to determine the utility
of analytics models in developing a system capable of providing
an approximate estimate of future pollution levels within a
reasonable confidence interval [37]. For time-dependent data,
conventional linear regression approaches are shown to be
inadequate. In this context, a time series forecasting technique is
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employed to estimate future levels of several contaminants with
a high degree of confidence. The experimental investigation of
forecasting for Bhubaneswar City’s air pollution levels shows
that the suggested strategy employing SARIMA and the Prophet
model is successful.

Some Machine Learning Models have also been trained in hybrid
mode with the SARIMA Algorithm. For forecasting the daily
tourism arrivals at Macau SAR, China, the SARIMA-LSTM
Hybrid model (using 2-year tourism data) is developed by the
authors in reference Wu et al., [31] which claims to outperform
the previously used SARIMA model for the same purpose. In
addition, the hybrid SARIMA-FFNN model was tested to predict
Kediri money inflows and outflows using hidden layers selected
by the minima of Mean Absolute Percentage Error (MAPE) and
Root-Mean-Squared Error (RMSE). The hybrid SARIMA-FFNN

shows excellent predictive performance [32].

A hybrid model study that combines the benefits of both
strategies is provided [38]. This model, executed in four steps,
(SARIMA-ANFIS) incorporates a Seasonal Auto-Regressive
Integrated Moving Average (SARIMA) and a new hybrid model,
the Adaptive Neurophagy Inference System (ANFIS). In the first
step, the data is pre-processed for linear component modelling.
In the second stage, the SARIMA model estimates linear and
nonlinear factors. In the third phase, the linear and non-linear
components of the decomposed inflow and the validity of the
parameters of the SARIMA model are examined in a specific
fitting test. After selecting the component’s sovereign, ANFIS
models the non-inear component in the fourth step. This
technique uses ANN modelling (SARIMA-ANN model) instead
of ANFIS. The results show that the accuracy of ANFIS is
more than ANN and SARIMA coupled-ANN models, making
SARIMA-ANFIS the best of all. A similar study in is employed
where a new hybrid approach SARIMA-GEP combines a Seasonal
Autoregressive Integrated Moving Average (SARIMA) model
with a Gene Expression Programming (GEP) model to predict
monthly reservoir inflows [39].

Index: 194183 entries, 2828-81-83 to 2822-83-31
Data columns (total 7 columns):

#  Column Non-Null Count Dtype
8 Country code 193284 non-null object
1 Country 194183 non-null object
2 WHO region 194183 non-null object
3 New cases 194183 non-null inté4
4 Cumulative cases 194183 non-null intod
5  MNew_deaths 194183 non-null inté4
6 Cumulative deaths 194183 non-null inté4

dtypes: int64(4), object(3)
memory usage: 11.8+ MB

Figure 3: Meta-data for WHO COVID-19 dataset used in this study.
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MATERIALS AND METHODS

The data for this study was acquired from World Health
Organization (WHO). Figure 3 is the metadata for the COVID
data being used to analyze and develop forecasting machine
learning models.

ACF and PACF

The data is tested for ACF and PACF plots. This is a very
crucial step in getting the values of AR(p), I(d), and MA(q) to
build the optimized model. Although the Automatic ARIMA
function is used that finds out the bestfit model by minimizing
the Akaike Information Criterion (AIC), Figure 4 shows the
full implementation of the automatic ARIMA function which
shows the testing of various ARIMA models. Calculations of the
graph for the Auto-Correlation Function (ACF) and Partial Auto-
Correlation Function (PACF) are made [40].

Performing stepwise search to minimize aic

ARIMA(2,1,2)(@,@,0)[@] intercept : AIC=120580.685, Time=40.97 sec
ARIMA(@,1,0)(0,0,8)[@] intercept : AIC=136467.249, Time=8.86 sec
ARIMA(1,1,@)(@,0,0)[@] intercept : AIC=135286.437, Time=1.76 sec
ARIMA(@,1,1)(@,@,0)[@] intercept : AIC=133472.287, Time=18.38 sec
ARIMA(@,1,@)(0,0,0)[e] : AIC=136465.252, Time=9.41 sec
ARIMA(1,1,2)(@,@,8)[@] intercept : AIC=132427.499, Time=25.22 sec
ARIMA(2,1,1)(@,@,8)[@] intercept : AIC=132282.845, Time=22.80 sec
ARTMA(3,1,2)(0,8,8)[8] intercept : ATC=129845.163, Time=48.84 sec
ARTMA(3,1,1)(0,8,8)[8] intercept : AIC=132128.842, Time=22.58 sec
ARTMA(4,1,2)(0,8,8)[8] intercept : AIC=126518.485, Time=66.66 sec
ARIMA(4,1,1)(9,8,8)[8] intercept : AIC=131667.661, Time=41.57 sec
ARIMA(S,1,2)(9,8,8)[8] intercept : AIC=125081.883, Time=66.11 sec
ARIMA(5,1,1)(9,8,8)[8] intercept : AIC=120725.832, Time=25.28 sec
ARIMA(5,1,3)(@,@,0)[@] intercept : AIC=124986.823, Time=85.17 sec
ARIMA(4,1,3)(@,@,0)[@] intercept : AIC=120625.657, Time=73.17 sec
ARIMA(5,1,4)(@,@,8)[@] intercept : AIC=122408.768, Time=04.60 sec
ARIMA(4,1,4)(@,@,0)[@] intercept : AIC=125983.957, Time=02.35 sec
ARIMA(5,1,5)(@,@,0)[@] intercept : AIC=122153.733, Time=108.98 sec
ARIMA(4,1,5)(@,@,0)[@] intercept : AIC=122949.18@, Time=07.43 sec
ARIMA(S,1,5)(@,0,8)[e] : AIC=122096.887, Time=07.99 sec
ARIMA(4,1,5)(@,0,8)[0] : AIC=122944.888, Time=88.36 sec
ARTMA(S,1,4)(0,8,8)[8] : ATC=122484.895, Time=83.79 sec
ARTMA(4,1,4)(0,8,8)[8] : ATC=125982.138, Time-80.68 sec

Best model: ARIMA(5,1,5)(@,8,0)[8]

Figure 4: Testing of various Autoregressive Integrated Moving

Average (ARIMA) models by Automatic ARIMA function.

ARIMA using ACF and PACF for new cases and new deaths:
The ACF and PACEF plots are depicted in Figures 5-8, for ARIMA
model that helps in determining the initial parameters for the

ARIMA model (Figures 5-8).
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Figure 5: Simple Autocorrelation Function (ACF) plot for new
deaths data.
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Figure 6: Simple Partial Autocorrelation Function (PACF) plot for
new deaths data.
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Figure 7: Simple Autocorrelation Function (ACF) plot for new cases
data.
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Figure 8: Simple Partial Autocorrelation Function (PACF) plot for
new cases data.

SARIMA using ACF and PACF for new cases and new deaths:
The ACF and PACF for SARIMA model are presented for new
deaths and new cases data to calculate the initial parameters for
the model, as shown in Figures 9-12.



Chhabra H, et al. OPEN @ ACCESS Freely available online
i Partial Autocorrelation
Autocorrelation 100
100
0.75
D75 -
0.50 1
050 1
0.25 1
0.25 1
0.00 etee.ale i veesvaswns
0.00 “.“I.L ;lula ;lul- ;lul- il “l“ ‘l :
025 -0.25 -
050 | ~0.50 -
075 | -0.75 -
—_ T T T T T T T _]..DD T T T T T T T
100 L 1 = 0 B o 0 5 10 15 20 5 E

Figure 9: Autocorrelation Function (ACF) plot to check seasonality
for new deaths data.
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Figure 10: Partial Autocorrelation Function (PACF) plot to check
seasonality for new deaths data.
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Figure 12: Partial Autocorrelation Function (PACF) plot to check
seasonality for new cases data.

Model design for ARIMA and SARIMA

The statistics of the trained ARIMA and SARIMA model as
depicted in Figures 13-16, where ar.L1, ar.L2, ar.L3, ... corresponds
to @, ,23, ... from the equations (6) and (11) i.e. they belong
to linear parameters of Autoregressive (AR) component. Similar
to AR component, ma.L1, ma.L2, ma.L3,... belongs to Moving
Average (MA) component from linear parameters and sigma2
represents error. However in Figures 15 and 16, ar.S.L9 belongs to
non-linear parameters of AR components representing seasonality
to be 9 and ma.S.L9 and ma.S.L18 represents MA of non-linear
components. Moreover, it is clearly mentioned that the ARIMA
and SARIMA models took 18,000 data for confirmed cases and
confirmed deaths for 237 countries and the model is judged on
the basis of AIC, BIC and Hannan-Quinn Information Criterion
(HQIC) (Figures 13-16).

Figure 11: Autocorrelation Function (ACF) plot to check seasonality

for new cases data.
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SARIMAX Results
Dep. Variable: New_deaths No. Observations: 18000
Model: SARIMAX (5, 1, 3) Log Likelihood -67608.889
Date: Mon, 08 Aug 2022 AIC 135243.779
Time: 08:33:20 BIC 135345.154
Sample: 0 HQIC 135277.116
- 18000
Covariance Type: opg
coefl std err Z Pxlz| [0.025 0.975]
xl -3.1690 3.584 -0.884 0.377 -10.1%4 3.856
x2 0.7334 1.489 0.492 0.622 -2.186 3.652
ar.Ll 0.4030 0.002 167.964 0.000 0.404 0.414
ar.L2 -1.1125 0.002 -334.224 0.000 -1.117 -1.108
ar.L3 0.2249 0.004 63.622 0.000 0.218 0.232
ar.L4 -0.6708 0.002 -334.414 0.000 -0.675 -0.667
ar.L3 -0.3853 0.002 -160.016 0.000 -0.3%0 -0.381
ma.Ll -1.0526 0.002 -427.469 0.000 -1.0587 -1.048
ma. L2 1.4259 0.003 486.888 0.000 1.420 1.432
ma.L3 -1.0350 0.004 -284.671 0.000 -1.042 -1.028
ma.L4 0.9147 0.002 387.569 0.000 0.910 0.919
ma.L3 -0.2383 0.002 -120.188 0.000 -0.242 -0.234
sigma2 107.5040 0.139 770.700 0.000 107.231 107.777
Ljung-Box (L1) (Q): 0.13 Jarque-Bera (JB): 30642510.56
Prob(Q) : 0.71  Preob(dJB): 0.00
Heteroskedasticity (H): 2.24  Skew: 3.41
Prob (H) (two-sided): 0.00 FKurtesis: 205.02
Figure 13: ARIMA model summary for death as the dependent
variable.
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SARIMAX Results

Dep. Varizble: New cases  No. Observations: 18000
Model: SERIMAX(5, 1, 5) Log Likelihoed -133380.485
Date: Mon, 08 Aug 2022 AIC 266786.970
Time: 08:31:40 BIC 266888.345
Sample: 0 HOIC 266620, 307
- 18000

Covariance Type: opg

coef  std err z P>|z| [0.025 0.975]
x1 -1446.3423 22.218  -65.098 0.000 -1489.888  -1402.79%6
x2 273.4060 7.548 36.218 0.000 258.611 288.201
ar.L1 0.3627 0.008 47.579 0.000 0.348 0.378
ar.Lz -1.0873 0.006 -171.301 0.000 -1.100 -1.075
ar.L3 0.1861 0.011 16.890 0.000 0.164 0.208
ar.Le -0.6377 0.006 -102.236 0.000 -0.650 -0.626
ar.Ls -0.4082 0.007  -54.480 0.000 -0.423 -0.334
ma.Ll -0.7619 0.008 -100.323 0.000 -0.777 -0.747
ma. L2 1.2280 0.008  152.513 0.000 1.212 1.244
ma.L3 -0.6347 0.012  -60.018 0.000 -0.717 -0.672
ma.L4 0.7503 0.007  103.195 0.000 0.736 0.765
ma.L5 -0.0230 0.007 -4.152 0.000 -0.043 -0.015
sigma2 2.106e+05 392,302  355.530 0.000  2.09e+03  2.12e+05
Ljung-Box (L1) (O): 0.06 Jargue-Bera (JB): 14650678.83
Prob(Q) : 0.81  Prob(JB): 0.00
Heteroskedasticity (H): 6.65  Skew: -2.81
Prob(H} (two-sided): 0.00 Kurtosis: 142.66

Figure 14:
variable.

ARIMA

model summary for cases as

the dependent

SARIMAX Results

Dep. Variable: New deaths No. Observations 18000
Model: SARIMBX(S, 1, S)x(1, 0, [1, 21, 9) Log Likelihood -66919.147
Date Mon, 08 Aug 2022 ATC 133866.294
Time: 13:58:11  BIC 133575467
Sample: o =EIC 133502.195
= 18000
Covariance Type: apg
coef  std err z P>izl 10.025 0.375]
ar L1 02565 0.002  109.742 0.000 0.252 0.262
ar.L2 -0.9971 0.002 -508.550 0.000 -1.001 -0.993
ar L3 0.0305 0.003 5.125 0.000 0.024 0.037
ar_La -0 .5432 0.002 -276.487 0.000 -0.547 -0.539
ar.1s -0.5125 0.002 -225.557 0.000 -0.517 -0.508
ma_L1 -0 .9084 0.002 -37%.202 0.000 -0.913 -0.904
ma_L2 1.1471 0.003 387.445 0.000 1.141 1.183
ma.L3 -0.7569 0.004 -215.350 0.000 -0.764 -0.750
ma. L4 0.6916 0.002  284.426 0.000 0.687 0.696
ma.L5 -0.0876 0.002  -41.091 0.000 -0.092 -0.083
ar.5.L3 -0 1644 1.397 -0.082 0.534 -4.078 3.745
ma.§.L9 0.4948 1.997 0.248 0.804 -3.418 4.408
ma_5.L18 0.0536 0.660 0.081 0.935 -1.241 1.348
sigma2 360533 0.132  728.047 0.000 55.795 36312
Ljung-Box (L1) (@ : 0.35 Jarque-Bera (JB): 1785036550
Prob(Q) - 0.55 Prob (JB) - 0.00
Heteroskedasticity (H): 2.16  Skew z.08
Prob(H) (two-sided): 0.00 Kortosis: 157.40

variable.

Figure 15: SARIMA model

summary for deaths as the dependent

SARIMAX Results

Dep. Variable: Hew_cases No. Observations 18000
Model: SARTMAX(S, 1, S)x{1, 0, [1, 2], 9) Log Likelihood -133422 095
Date Mon, 08 Aug 2022 AIC 266872.191
Time 14:00:13 BIC 266981.364
Sampls o =HOIC 266508.092
- 18000
Covariance Type: opg
coaf std err z Pzl [0.025 0.9751
ar.Ll 0.3115 0.008 40.105 0.000 0.296 0.327
ar.L2 -1.0430 0.006 -161 040 0_000 -1.056 -1.030
ar.L3 0.1033 0.011 9.205 0.000 0.082 0.126
ar L4 -0.5943 0.006  -%2 141 0_000 -0_608 -0._582
ar.L5 -0.4583 0.008  -60.404 0.000 -0.472 -0.443
ma L1 -0.6986 0.008 -89 607 0.000 -0.714 -0_683
ma. L2 1.1032 0.009  126.705 0.000 1.086 1.120
ma_ L3 -0.5587 0.012  -45.776 0_000 -0.583 -0.535
ma. L4 0.6629 0.008 §5.071 0.000 0.648 0.678
ma.Ls 0.0332 0.007 4.599 0.000 0.019 0.047
ar.5.L9 -0.2230 2.871 -0.078 0.938 -5.850 5.404
ma.§. LY 0.4102 2. 871 0.143 0.886 -5.216 6.037
ma_ 5 L18 0.0401 0.533 0074 0341 -1.016 1.096
sigmaz 2.148e+05 355770 603800 0.000  2.14e+D5 2 .16e+05
Ljung-Box (L1) (Q): 0.62  Jarque-Bera (JE) 35137597.14
Prob (@) : 0.43  Prob(JE): 0.00
Heteroskedasticity (H): 8.18  Skew -2.78
Prob(H) (two-sided) 0.00 Kurtosis: 215 24

variable.

Figure 16: SARIMA model summary for cases as the dependent
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After finding the appropriate parameters to work with the
ARIMA and SARIMA models, these models were then trained
using those parameters. Otherwise the automatic ARIMA
function gave us the ARIMA (5,1,5)(0,0,0,0) as the bestfit model.
Elsewhere, Figures 13 and 14 have the complete ARIMA model
summary of deaths and cases due to COVID as the dependent
variables respectively.

The SARIMA model summary with Deaths as the dependent
variable on which the model has been trained for SARIMA (5,1,5)
(1,0,2,9) as shown in Figure 15. And a SARIMA model with the
same parameters is developed over new cases as the dependent
variable.

ARIMA model description: There is a need to calculate the
order (p, d, q) of an autoregressive moving average sequence for
building a dependable forecasting ARIMA model, and studies
[41-45] tell us different algorithms to determine the order of
ARIMA model. These suggest an iterative/recursive approach
to determine the order of the ARIMA model [46,47] or the use
of a pattern identification approach using the autocorrelation
function else by minimizing the AIC [48,49].

Following the selection of a specific model from the general
class, effective statistical techniques are used to ascertain the
model’s parameters. To estimate parameters, the most widely
used computer programs use a non-linear least-squares technique,
maximum likelihood, or harmony search algorithm as used in the

study (24,41].
AIC = (-2)log(maximum likelihood) +2

(number of independently adjustedparameters within the model) (7)

BIC = (-2)log(maximum likelihood) + 2(number of samples used for fitting) (8)

One can calculate the maximum likelihood for the ARIMA
model to perform the statistical task for model verification [41].
Furthermore, we require some objective function that will evaluate
model performance on a validation set in order to determine the
ideal pairing of p and q. Normally, this task in accomplished by
Akaike Information Criterion (AIC) and Bayesian Information
Criterion. Calculations of both techniques are based on the
maximum likelihood for the autoregressive model [26]. The latest
automatic ARIMA model uses AIC to find the best-fit model.

The next step is to fit/train the bestfit autoregressive model as
studied in [27]. Once a suitable model has been fitted to the data,
it may be extrapolated to get predictions of future time series
data. It’s also feasible to construct confidence intervals around
these point projections if one considers normalcy.

SARIMA model description: Before a SARIMA function is
implemented; various tests were conducted to analyse the data
set. These tests are separated into stages. Firstly, the data is pre-
processed to make sure that it is in the appropriate form so that a
time-series-based analysis can be conducted over it. Next, the data
is processed via ACF and PACF functions to check for reliability
of the data in the case of AR(p), I(d), and MA(q) factors. Later
comes the stage where OCSB Test and KPSS unit-root tests occur.
Now, let the various algorithms perform training over various
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parameters of the SARIMA model and find the bestfit model
based on parameters. The last stage is to train the best fit model
for SARIMA and forecast the values against the test data. This
stage will determine the results that are obtained, whether it is up
to the expectations or failed to meet the expectations. One can
verify this by Root Mean Square Error, R-squared function, Mean
Squared Error, etc. As discussed for the ARIMA, the same steps
are employed to build a SARIMA model capable of forecasting.
One can also use Akaike’s information criterion, maximum
likelihood, or harmony search algorithm [24, 41] to obtain the
parameters that will determine the bestfit model.

OPEN aACCESS Freely available online

Observation

Observations from the resulting graphs show the forecasted result
along with actual values. The forecasted result of the ARIMA and
SARIMA model are shown in Figures 17 and 18 respectively. One
can observe that the predicted result suggests smart lockdown at
various time intervals that will help control the spread of the
novel coronavirus. The observations also show that the same
ARIMA and SARIMA model parameters can be used to predict
the results of models with deaths occurring due to COVID Virus
as the dependent variable. Predictions made by the ARIMA and
SARIMA models are depicted in Figures 19 and 20.
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Figure 17: ARIMA model’s prediction based on COVID cases for Ind

T T T T T
2021-D2-06 2021-05-17 2021-08-25 2021-12-03 2022-03-13

Date_reported

ia. Note: (—) New cases, (—) ARIMA model case.

200000

150000

100000

50000

W

_AAMA L M

— New_cases
sarima_model_case

2020.01-03 2020-04-12 2020.07-21 2020.10-29

Figure 18: SARIMA model’s prediction based on COVID cases for In
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dia. Note: (—) New cases (—) SARIMA model case.

Adv Tech Biol Med, Vol. 11 Iss. 1 No: 1000399



Chhabra H, et al.

OPEN aACCESS Freely available online

2000

— New_deaths
arima_model_death

2020-01-03 2020-04-12 2020-07-21 2020-10-29

Figure 19: ARIMA model’s prediction based on death for India. Note: (—) New deaths, (—) ARIMA model deaths.
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Figure 20: SARIMA model’s prediction based on death for India. Note: (—) New deaths, (—) SARIMA model deaths.
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RESULTS AND DISCUSSION

Time-series analysis and machine learning are used to make
predictions about the spread and fatalities of the novel
coronavirus. This information can be used to alert stakeholders
and prepare for potential spikes in cases. It can also help with
planning lockdowns and informing citizens, which is especially
important in countries with high population of migrant workers,
such as India and China. The goal is to use this information to
assist people and government agencies in managing the pandemic
effectively.

The ARIMA and SARIMA machine learning models produced
resulting graphs which can predict the spike of new deaths and
new cases due to the COVID pandemic. Based on this prediction,
the models have forecasted the time periods to execute smart-
lockdowns. These are step-line graphs and the severity toimplement
a lockdown depends on the size of each step. The feature that
can inform us about the urgency of lockdown implementation

Adv Tech Biol Med, Vol. 11 Iss. 1 No: 1000399

can either be numerically computed or computationally acquired
from the given forecasted result. The bigger the size of the step
means our machine learning model forecasted that there will be
a severe spread of cases and consecutive deaths thus a need to
impose lockdown in the upcoming time period is required. Refer
to APPENDIX and confirm the results of nations such as Brazil,
Ghana, Canada, Chile and South Africa.

Future scope

This study to develop Machine Learning models capable of
forecasting the lockdown periods for the spread of new cases
as well as death cases of diseases such as novel coronavirus
which spreads via air medium that makes this disease capable
of widespread. This study proves to be very useful in predicting
the lockdown periods which alerts the people about the potential
threat from the disease. It is believed that such methodology must
be adopted if such pandemic occurs in future.

It has been emphasized that gathering sufficient training data

10
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is essential for the machine learning model to be accurate and
generalizable. However, precedence to the quality, not quantity, of
the data is given. The forecasted data from the model has the
feature of determining severity of situation based on the size of
each step. Determining the step size requires more computation
power.

CONCLUSION

Time-series analysis and machine learning can be used to forecast
the SARS-CoV-2 spread and deaths. The predictions can alert
stakeholders and enable them to prepare for potential increases
in cases. In addition, this information can help plan lockdowns
and inform citizens, which is particularly significant in countries
with a large population of migrant workers like India and China.
The aim is to utilize this information to aid individuals and
government organizations in effectively managing the pandemic.

This research proposes an effective method to address the
COVID-19 pandemic by predicting the implementation of
intelligent lockdowns in over 200 countries using unified ARIMA
and SARIMA models. The models were trained on data from 237
countries and had a response time of 2.5 months. The models’
reliability was evaluated using analytical methods. They have a
rapid response time and predict both confirmed cases and deaths
due to COVID-19.This study add a new perspective to time-series
analysis and aid decision-making regarding implementation of
intelligent lockdowns.
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