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Abstract

World is now experiencing the new pandemic caused by COVID-19 virus and all countries are affected by this disease
specially Iran. From the beginning of the outbreak until April 30, 2020, over 90,000 confirmed cases of COVID-19 have
been reported in Iran. Due to socio-economic problems of this disease, it is required to predict the trend of the outbreak
and propose a beneficial method to find out the correct trend. In this paper, we compiled a dataset including the number of
confirmed cases, the daily number of death cases and the number of recovered cases. Furthermore, by combining case num-
ber variables like behavior and policies that are changing over time and machine-learning (ML) algorithms such as logistic
function using inflection point, we created new rates such as weekly death rate, life rate and new approaches to mortality rate
and recovery rate. Gaussian functions show superior performance which is helpful for government to improve its awareness

about important factors that have significant impacts on future trends of this virus.
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Introduction

On 31 December 2019, the World Health Organization
[WHO] was informed of a cluster of cases of pneumonia
which related to coronavirus family. At first, a novel coro-
navirus was identified in Wuhan, Hubei Province, China
causing severe respiratory disease including pneumonia.
It was originally named Novel Coronavirus and this virus
causing the infection has been named by The World Health
Organization (WHO)—severe acute respiratory syndrome
coronavirus 2 (SARS-CoV-2) (The faculty of Intensive Care
Medicine, 2019). SARS-CoV-2 is spreading between people
globally and WHO (2019) has announced that on August
16, 2020, there have been over 21 million confirmed cases
of COVID-19, including over 761,000 deaths. The COVID-
19 pandemic is far more than a health crisis: it is adversely
affecting societies and economies of countries across the
globe such as increasing the unemployment rate and decreas-
ing production. According to the results of a survey study,
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conducted by Imam Sadiq University, in relation to the
beginning of the outbreak, 65% of the economic enterprises
declared that they cut back their production, while only 4%
stated that their activities increased (Iranian Students’ News
Agency [ISNA], 2020). According to an another survey
study by ISPA (Iranian Student Opinion Polling Center) in
Tehran, about 70% of the respondents said that their house-
hold incomes had declined, due to the unfavorable effects
of the coronavirus on the economy (Iranian Students’ News
Agency [ISNA], 2020). Without urgent socio-economic
responses, global suffering will escalate, jeopardizing lives
and livelihoods for years to come. Development trajectories
in the long-term will be affected by the choices countries
make now and the support they receive.” (United Nations
Development program, 2020).

The World is suffering from the new pandemic caused
by the COVID-19 virus affecting most countries includ-
ing Iran. In mid-February, Iran became the second-largest
country with highest prevalence of coronavirus in the
world after China (The New York Times 2020). The first
case of COVID-19 was reported in Qom on February 19,
2020. Because of the high prevalence of the virus, almost
all cities in Iran became infected. According to World
Health Organization (WHO 2020) as of August 16, 2020,
the number of confirmed cases of COVID-19 in Iran was
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341,070 and the number of deaths was 19,492. Tehran, the
capital of this country, has the highest prevalence among
Iranian cities (World meter 2020).

According to recent studies, a number of factors may
influence the spread of COVID-19 such as climatol-
ogy parameters (Ahmadi et al. 2020), tobacco smoking
(Ahmed et al. 2020), and air pollution (Wu et al. 2020).
For example, Ahmadi et al. (2020) showed that areas with
a little amount of wind, humidity, and solar radiation sup-
port the virus’s survival. Ahmed et al. (2020) indicated
that smoking tobacco can be a possible mode of transmis-
sion for the virus for both active and passive smokers. The
authors argued that COVID-19 transmits through salivary
droplets and causes severe lung pneumonia, thus, tobacco
smokers are at high risk of infection Wu et al. (2020) noted
that a small increase in long-term exposure to air pollution
leads to a large increase in the COVID-19 death rate.

To the best of our knowledge, no effort has been made
to model this prevalence by ML methods. In this study, we
aim on predicting death, recovered, and confirmed cases in
different periods of time and trends of analytical parts of
healthcare with statistics and machine-learning tools. Our
data format is time-series since our data are gathered by
the number of cases per day. Our study area is categorized
into two parts due to variables: (1) first, we desire to pre-
dict the number of cases with machine-learning algorithms
as much as accurate. (2) Second, using variables to define
helpful rates and use them to control conditions by statis-
tics approximation and data mining tools and also check
whether the predictions will become quite real is intended.
We implemented substantial tools used in the trend calcu-
lation and dynamic rates are used to analyze encounters
obstacles in fields of explaining results more accurately
and meaningfully. Findings of this study can help decision
makers to control the pandemic using our analysis.

Materials and methods
Study area

Before predicting trends of this disease throughout the
world, we need to get acquainted with the current pan-
demic situation. Therefore, in Fig. 1, a heat map of most
affected countries is plotted according to the number of
confirmed cases.

Since Iran has a large portion of COVID-19’s spread
compared to other countries, a comparison is undertaken
to realize Iran’s share related to the whole world. Iran’s
number of confirmed cases is 215,096 out of 9,344,686
global cases. It is equal to 2.30% of all confirmed cases.
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Fig. 1 The most affected areas by geography

Data collection and preparation

Variables in our research include number of newly found
cases, new death cases, and newly found recovered cases in
Iran. All information was collected and categorized from
reputable sources such as WHO (World Health Organiza-
tion). These variables are chosen to utilize in our prediction
methods due to their numerical nature.

The high prevalence rate of COVID-19 and the need for
estimated calculations necessitate collecting the required
data sets from reliable sources including WHO and worl-
dometer. Research data including observation data are
obtained from a collection of samples’ reports in three parts
(i.e. death, confirmed, and recovered). This countrywide
daily information (database mendeley, 2020) is confirmed
by the WHO. It should be noted that the relevant data was
collected between February 19th and June 25th, 2020.

Machine learning

ML methods help us perceive trends and variables behaviors
using a wide range of methods which is almost better than
human performance. Previous studies used some techniques
such as statistical techniques, machine learning, and data
mining followed by a discussion on segmentation strategies
including Distributed, Parallel Processing, and Statistical
Inference and classification of data mining applications in
Operation Management studies into two categories includ-
ing forecasting and risk analysis in operations management.
To calculate the approximate growth distribution and the
delayed disease transmission, methods of Log-normal dis-
tributions, Weibull, and Gamma were utilized (Li et al.
2020). The laboratory, hospital, and epidemic characteris-
tics of patients with coronavirus were found out and used to
identify patients in and out of the ICU using the screening
method of patients with pneumonia in Wuhan (Huang et al.
2020). The type of COVID-19 was determined using four
virus detection methods by examining three patients with
pneumonia, centrifugation, electron microscopy, and viral
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genome sequencing, leading to the discovery of a new coro-
navirus through seafood (Zhu et al. 2020). Drug screening
based on the 2019-nCov_main_protease model structure was
studied (Zhang et al. 2020). A preliminary screening model
to differentiate COVID-19 pneumonia from influenza viral
pneumonia and healthy cases with pulmonary CT images
using deep learning techniques were developed (Xiaowei
et al. 2020). A neural network algorithm with the least pre-
diction error called PNN was developed (James et al. 2020).
VHP (virus-host prediction) was introduced to predict the
potential host of viruses using deep learning algorithms
(Guo et al. 2020). 2019-nCoV was classified using MLDSP
and MLDSP-GUI. Also, Machine learning and Digital Sig-
nal Processing (DSP) were used as alignment methods for
genome analysis (Randhawa et al. 2016).

The following workflow is extracted to implement this
research as depicted in Fig. 2. As the figure shows, we aim
to predict the trend of COVID-19 using novel machine-
learning techniques for Iran’s case. For this purpose, after
collecting the dataset which carried out on the global data
and the data related to Iran, we determined and investigated
death, recovered and confirmed rates and after that we pre-
dicted these rates with predicting tools including cumulative
distribution, SVM, linear regression, Gaussian and prophet.
Finally, we have predicted the trend of virus infection in
Iran in short-term, mid-term, and long-term. This analysis
is conducted on the case of Iran to predict the spread and
end of this disease.

Python software is used to implement operations such
as data cleaning, data manipulation, and machine-learning

algorithms. Some operations such as cleaning data, joining,
summarizing, defining functions, building, and changing
data frames are applied. “Numpy”, “Pandas”, “datetime”,

“sklearn”, “math”, “seaborn”, “matplotlib”, “statsmodels”
and “scipy” packages are utilized in this analysis.

Descriptive analytics

Data analytics tools are categorized in three classes: descrip-
tive analytics, predictive analytics, and prescriptive analytics
(Hazen et al. 2016). Descriptive analytics, extracts informa-
tion from raw data appeared in business and management
reports regarding sales, customers and operations. It helps
organizations in grasping the reasons of the events happened
in the past. Combined with simple graphical analysis, they
shape the quantitative data analysis basis (Choi et al. 2018).

In this section, descriptive analysis is done to review the
position. Choosing the death rates and analyzing them more
accurately is another way to survey them as the main factor
and make new rates. Therefore, the mortality rate which is
calculated as Death/Recovered cases, is smoothing, as well
as Death/Confirmed cases. This is mainly because of a dras-
tic increase in the number of deaths at first and appropriate
reactions to them in countries like Iran.

Prescriptive analytics
Prescriptive analytics phase provides studies with adap-

tive, automated, time-dependent, and optimal decisions. In
general, prescriptive analytics is predictive analytics that

Fig.2 The proposed prediction
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prescribes one or more courses of action and shows the
likelihood of outcome/influence of each action. Prescriptive
analytics is purely built on the “what-if” scenarios. The main
tools of prescriptive analytics are optimization, simulation,
and evaluation methods. Simply, it provides advice based on
predictions (Choi et al. 2018).

Based on the literature, analysis in this section provides
suggestions for future behaviors and policies with attention
to rates instead of cases. Some known rates such as recov-
ery and death are limited in usage. Thus, two new rates are
considered and defined here.

Rates are the best indexes to predict the future and end of
disease, some useful rates are as follows:

e The “Weekly recovered rate” is the ratio of the average
weekly number of people have cured over the average
weekly number of people infected with COVID-19.

e The “Weekly death rate” is the ratio of the average
weekly number of dead people over the average weekly
number of people have infected with COVID-19.

Growth factor on day N =

rate or sharpness of the curve. The logistic function is
just a solution for the following first-order, non-linear
ordinary differential equation where f(0)=0.5. The solu-
tions stability is explored. Since it may not be conducive
to predict approved cases, growth criteria have been used.

e The Analysis Growth Factor, Growth Ratio, Growth Rate,
2nd Derivative are growth metrics being used to gain
insight into which countries may have already hit their
inflection points. For example, whether Iran’s growth fac-
tor has stabilized around 1.0, which is a sign this country
has reached its inflection point. Thus, curve fitting is used
to fit a logistic curve to the number of confirmed cases,
helping predict if Iran has hit its inflection point, and
when it will reach a possible maximum number of con-
firmed cases.

The growth factor just shows the curvature of the data.
Whether the cases are growing at an accelerating or deceler-
ating rate is quite important. The derivative test is used to test
concavity and find saddle points. The inflection point is where
the curve changes concavity, as follows:

Confirmed cases on day N — Confirmed cases on day (N — 1)

Confirmed cases on day (N — 1)

— Confirmed cases on day (N — 2)

e The “Life rate” increase or decrease is the difference
between the weekly recovered rate and the weekly death
rate. It shows an increase when it is positive, while it
indicates a decrease when it is negative.

The infectious disease spread is better to be modeled
using a logistic curve rather than an exponential curve. The
growth starts exponentially, but slows down after the point
called the “inflection point” which is in the midpoint of
the spread. The number of confirmed cases using a logistic
curve is modeled. At first, three things are needed to get
defined: (1) an equation for such a curve, (2) a differential
equation for which this curve is a solution, (3) the graph of
the curve are.

e Logistic Function A logistic function or “logistic curve”

is an equation of the form where: X 0 =the inflection
point, N=the curve’s maximum value, and k= growth
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Confirmed cases on day N

Growthratio on day N = .
Confirmed cases on day (N — 1)

Predictive analytics

Predictive analytics phase incorporates the descriptive analyt-
ics output as well as some ML algorithms and simulation tech-
niques to build accurate models that predict the future trends.
Predictive analytics assists studies in identifying future oppor-
tunities and likely risks by distinguishing specific patterns over
the historical data. Some outstanding techniques which are
utilized in this phase are data mining (DM), text/web/media
mining, and forecasting approaches such as regression, SVM,
K-Nearest neighbors and Random forest (Choi et al. 2018).

In the following, a question arises regarding where and
when COVID-19 will be eradicated.

Cumulative cases prediction As predicting the future of out-
break is something nearly impossible, a great approach toward
several each case including confirmed, death, and recovered,
is enforced through using density distribution for fitting cumu-
lative amounts of each category. Due to the cumulative nature
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of these numbers, the cumulative distributions under consid-
eration should not follow the normal distribution.

Gaussian function The Gaussian distribution fitting of the
data is one great method for predicting the trend when vari-
ables and functions are defined. To implement it, the func-
tion should be built. In one dimension, the Gaussian function
is the probability density function of the normal distribution,
sometimes also called the frequency curve (in below).

Fo) = — L - ®-w /%)
o\ 2«

The full width at half maximum (FWHM) for a Gaussian
is found by finding the half-maximum points X,,. The constant
scaling factor can be ignored, so we must solve

o~ Ko=n?/20%) %f(x

max)'

In two dimensions, the circular Gaussian function is
the distribution function for uncorrelated variates X and Y
having a bivariate normal distribution and equal standard
deviation 6 = o, = 0,. The corresponding elliptical Gauss-
ian function:

fx,y) = 2;e—[((x—ux)z/(%f))+((y—uy)2/(263))].
70,0,

In conclusion, we will use the following function in our
calculations:
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Fig.3 Number of confirmed, active, recovered and dead cases

Fig.4 Bar chart of cases per
day (Black: Confirmed, Green:
Recovered, Red: Death)

l
f(x, l, k, XO) = m .
This function has variables with initial values including:
L (maximum number of confirmed cases) = (80,000 taken
from figures above), k (growth rate) =0.2 (approximated
value from most of the countries), X O (the day of the inflex-
ion) =50 approximated.

Results
Descriptive analytics

Based on our dataset, active cases are derived. Figure 3
reveals the number of confirmed, recovered, and death cases
per day. A tremendous rise in the case number is obvious
though freshly the active cases number is decreasing. Death
cases trend has a gentle slope.

A case variety review in this country is executed in the
following to assess the extent of the spread. However, one
way to go through if this trend is amplified or not is related
to instances ratio assessing. As shown in Fig. 4, numbers of
all three categories are rising daily and so maybe the peak
of disease is near (X-axis is date and Y-axis is number of
cases). Besides, recovered cases are getting raised sharply.
Rate of recovery growth being more than death growing rate
is a hopeful point here.

Considering a significant factor is the main point about
the COVID-19 prevalence in the world is that has been a
hot topic everywhere; age is considered in comparison with
recovered cases and death cases as shown in Fig. 5. It is
obvious most of the confirmed cases that are not recovered
are about 35-65, most of the recovered people are about
30-50 and some of them are kids. Thus, age is an important
factor in recovering procedures based on average difference.
In death cases, it is found out that age has the most effect on
being dead, and among the people that have died, it seems
to be mainly older people, above the age 35, between 55
and 85.
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Fig.5 Age in relation to recov-
ery and death
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Some relevant information due to these graphs are all
policy that Iranian authorities have implemented have ena-
bled them to control COVID-19 in some time intervals. The
growth or decline of COVID-19 disease will depend on the
effectiveness of the policy put in place to combat this dis-
ease. Therefore, the curve does show us the correlation that
exists.

@ Springer

As shown in Fig. 6, a strange pattern is observed starting
from March 7th, which seems to indicate a certain corre-
lation between Confirmed and Recovered cases. Also, an
important issue is mortality rate oscillation which is obvious
in the disease onset.

In some other approaches, the global mortality and
recovery rates should be considered in comparison with



Modeling Earth Systems and Environment (2022) 8:579-589

585

Mortalty Hate
- Moan Monslty Rat

Number of .

Fig. 7 Mortality and recovery rates in Iran versus the mean global rate

Fig.8 Rates in Iran per day a

Iran to understand the situation more realistically. Iran’s
mortality rate has come under the global mean which is
represented on the dashed line in Fig. 7. It resembles to
continue under this line. It is better to keep this rate under
the global mean. Also, the recovery rate in Iran had some
problems till March 15th, and after that had a lot of varia-
tion around the mean rate. Unlike the past, from April 6th,
it started to increase exponentially causing many hopes
for combating the disease.

In a conclusion, Iran’s case has a growing number of
confirmed and death cases and some solutions should be
proposed to take the situation under control. These are

o
2000 04 01
x

a good sign of advancing therapeutic goals and healing
people, according to daily recovered cases number. A case
variety review in this country is executed in the following
to assess the extent of the spread. However, one way to
go through if this trend is amplified or not is related to
instances ratio assessing.

Prescriptive analytics

Computing the active confirmed cases growth rate in Iran
is as follows:

Active confirmed cases on day N — Active confirmed cases on day (N — 1)

Active confirmed growth rate on day N =

Active confirmed cases on day (N — 1)
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Fig. 10 Mortality and recovery rate in Iran versus mean global rate

Figure 8a shows that the infection rate is getting under
control overtime since the usage of appropriate policies to
qualify the disease growth. After April 6th, this growth rate
is about 0 and keeps constant, which is a good sign.
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Another vital rate is recovered-death rate (not being an
active case) which does not show whether the patient is
exactly recovered or dead, indeed it helps to determine these
people are not able to transfer the virus to others, as follows:
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Fig. 11 Density Distribution Plot for Iran Cases

Recovered cases on day N — Recovered cases on day (N — 1)

Recovered — Deaths rate on day N =

Death cases on day N — Death cases onday (N — 1) + 1

A large variation of this rate is obvious in Fig. 6, which
shows recovering methods, isolation policies, and available
hospital facilities are always in conflict with each other, in
terms of influence. Therefore, there is a correlation between
the growth rate and types of mitigation plans. The eradica-
tion of COVID-19 in a country depends on its policy for
combating the disease and how this policy is implemented
immediately. Variation in the number of recovered and death
cases is a very odd pattern. There have been two periods of
little oscillation and after that a great rise that it will happen
later too, which is shown in Fig. 8b.

Figure 9a, including two identical patterns with April
6th as a junction point, displays that the weekly recovery
rate is rising over the time because of certainty in recov-
ering methods in each of two intervals. Recently, amazing
progress is obvious in recovery process about 0.8. From a
psychological point of view, the weekly death rate is related
directly to isolation and remote working condition. Accord-
ing to Fig. 9b, Iran’s weekly death rate was unpredictable
until March 29th. But it will be accurately continuing at
0.07 and below it in the future. Life rate is the best rate that
helps us to control the disease. Figure 9c shows that this

Fig. 12 Number of cases (blue) a
and prediction (red) for Iran

rate looks like weekly recovered rate. Besides, factors with
major impact can change the trend of this variable, telling
us that situation takes time to improve in terms of improving
health conditions.

Iran’s confirmed curve and recovered curve resemble a
logistic curve, represented in Fig. 10. A dramatic decrease in
Iran’s growth ratio and growth factor, until it stabilizes around
1.0 for growth ratio and comes under 0.1 for growth rate.

Predictive analytics
Cumulative cases prediction

With notice to Fig. 11a, we forecast that it would be 200,000
confirmed cases at maximum and worst-case scenario. Note
that isolation policies will change conditions through time.

As shown in Fig. 11b, death cases distribution is skewed
by some anomalies that occurred. It predicts the zenith of
death would be 10,000 cases cumulated with the least pos-
sibility. Most of the cumulative numbers are about two inter-
vals: 02000, and 6000-8000.

Most of the recovered cases are between 0 and 35,000.
Since in comparison with scale in confirmed cases, a greater
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amount of cumulative high-numbered recovered cases is
needed (about 0-50,000), represented in Fig. 11c. In the
greatest amount, it could be around 150,000 recovered cases
in Iran. (Estimated by the distribution of data).

Gaussian functions

Mid-time prediction Forecasting in this area needs building
time intervals and analyzing each of them. In the mid-time
area, our predictor has worked well to fit the real data and
it will be useful to predict either near or far future, which is
presented in Fig. 12a.

Variables calculation results at the 108th day are: Pre-
dicted L: 162,442, Predicted k: 0.052598, and Predicted X O:
62.

Long-time prediction Predicting long-time periods, fatali-
ties and deaths caused by the disease in Iran is possible
by comparing actual values with logistic fitted values. It
needs to compare actual values with logistic fitted values.
As shown in Fig. 12b, logistic function helps us predict the
peak of the outbreak peak 150 days after the onset of the
outbreak. The period of decline will be about this period
as well, which means that the end of the outbreak will be
about 290-320 days from the start time (meaning November
2020).

Discussion

This study focused on predicting the trend of COVID-19 prev-
alence and find the best approximate fitting pattern to predict
the peak and end in different periods of time including short-
term, mid-term and, long-term, and also defining and analyz-
ing mortality rate, recovery rate, death rate, weekly rates, life
rate, and infection rate. Descriptive and prescriptive analyt-
ics is done on these rates and then predictive analytics was
performed with applying machine-learning algorithms. In our
results, Gaussian functions are the best method to predict the
outbreak since it has enough power to estimate its curve, peak
and end. These analytics are needed to find out how effective
were policies for prohibiting COVID-19 spread by the govern-
ment including isolation or closing markets have been made to
diminish commuting and traffic have been chosen.

This work is inconsistent with other studies for two rea-
sons; first, we made many comparisons between ML meth-
ods which best of them performed for revealing outbreak
peak, end and best one was utilized. Second, using results
together with rates, help us understand reality alongside
analyses to perceive situations accurately and how much
can we trust predictions because great or poor rates. Other
works like (Fanelli and Piazza 2020; Anastassopoulou et al.

@ Springer

2020), used algorithms like simple susceptible- infected-
recovered-deaths (SIRD), and scenario-based analysis may
not be the best view for forecasting situations just because
of time-series datatype. Hence, we have to do more to justify
our predictions. In the descriptive phase, this research h is
trying to survey recovered deaths, active confirmed growth
rate, and define new weekly rates like the life rate. Analysis
of mortality and recovery rates are discussed and the peak
of disease is determined. In the predictive analytics phase,
not only the cumulative distribution of cases is discussed
to predict the peak and end of the disease, but also some
functions are defined to resemble the case numbers curve.

There are a lot of drawbacks for predicting the trend of
COVID-19 disease and analyzing countries’ conditions to
explain the situation exactly such as lack of information
about social and political measurements and reactions to
illness spread, state categorized data is not available for
the public completely, many algorithms do not work in this
restricted dataset due to its time-series nature.

For future research, some environmental rates could be
defined and many other ML algorithms may have higher
accuracy and better output in forecast procedures. Some
parameters including Sociological, psychological, and cli-
matic parameters will help model this prevalence trend bet-
ter. Also with a larger dataset, predictions will have higher
accuracy on the dataset.

All Governments and health decision-making body
organizations can rely on rate analysis along with working
on rates to keep them at an appropriate level and zoom on
weak points discussed in the article. Additionally, our pre-
dictions based on ML algorithms can be used to plan for
healthcare programs and also take advantage of this situation
to improve conditions.

Conclusion

Weekly recovery rate is getting better over time and it will
continue its way not only because of certainty in recovering
methods but also people will deal with isolation situations.
Life rate is getting more, the meaning situation is getting
better, and increasing the mortality rate by both metrics and
death cases will cause a big worry. Iran’s mortality rate has
come under the global mean and is continuing under this
line. Also, the recovery rate in Iran has some problems as
said before, and has a lot of variation around the mean rate.
Toward our prediction, with most probability, the peak of
the outbreak is 150 days after the start and it will resist the
same amount of days till the end meaning 290-320 days
and Gaussian function works well for the long-term phase.
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