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Highlights 

 

 comparing Iranian coronavirus data with other countries; 

 

 predicting the trends of deaths from COVID-19 using regression; 

 

 spatial modelling, risk mapping, and change detection of COVID-19 using the random 

forest (RF) machine learning technique; 

 

 validation of the modelled risk maps. 

 

 

 

 

Abstract 

Objectives Coronavirus disease 2019 (COVID-19) represents a major pandemic threat that has 

spread to more than 212 countries and 2 international conveyance with more than 432,902 recorded 

deaths and 7,898,442 confirmed global worldwide so far (on June 14, 2020). It is crucial to 

investigate the spatial drivers to prevent and control the epidemic of COVID-19.  

Methods This is the first comprehensive study of COVID-19 in Iran and it undertakes spatial 

modeling, risk mapping, change detection, and outbreak trend analysis of the disease spread. Four 

main steps were taken: comparison of Iranian coronavirus data with the global trends; prediction 

of mortality trends using regression modelling; spatial modelling, risk mapping, and change 

detection using the random forest (RF) machine learning technique (MLT); and validation of the 

modelled risk map.  
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Results The results show that from February 19 to June 14, 2020 the average growth rates (GR) 

of COVID-19 deaths and the total number of COVID-19 cases in Iran were 1.08 and 1.10, 

respectively. Based on World Health Organisation (WHO) data, Iran’s fatality (deaths/0.1 M pop) 

is 10.53. Other countries’ fatality rates were, for comparison, Belgium – 83.32, UK – 61.39, Spain 

– 58.04, Italy – 56.73, Sweden – 48.28, France – 45.04, USA – 35.52, Canada – 21.49, Brazil – 

20.10, Peru – 19.70, Chile – 16.20, Mexico– 12.80, and Germany – 10.58. This fatality rate for 

China is 0.32 (deaths/0.1 M pop). The heatmap of the infected areas over time identified two 

critical time intervals for the COVID-19 outbreak in Iran. The provinces were classified in terms 

of disease and death rates into a large primary group and three provinces that had critical outbreaks 

that were separate from others. The heatmap of countries of the world show that China and Italy 

were distinguished from other countries in terms of nine viral infection-related parameters. The 

regression models for death cases showed an increasing trend but with some evidences of turning. 

A polynomial relationship was identified between coronavirus infection rate and province 

population density. In addition, a third-degree polynomial regression model for deaths showed an 

increasing trend recently, indicating that subsequent measures taken to cope with the outbreak 

have been insufficient and ineffective. The general trend of deaths in Iran is similar to the worlds, 

but it shows lower volatility. Change detection of COVID-19 risk maps with a random forest model 

for the period from March 11th to March 18th showed an increasing trend in COVID-19 in Iran’s 

provinces. It is worth noting that using the LASSO MLT to evaluate variables’ importance 

indicated that the most important variables were distance from bus stations, bakeries, hospitals, 

mosques, ATMs (automated teller machines), banks, and the minimum temperature of the coldest 

month.  
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Conclusions We believe that the risk maps provided by this study is the primary, fundamental step 

for managing and controlling COVID-19 in Iran and its provinces.  

Keywords: Spatial modelling, Risk map, Outbreak trend, Heatmap, Regression model, Iran 

 

 

Introduction 

Phylogenetic analysis suggested coronaviruses (CoV) belong to Coronavirinae subfamily which 

is comprised of the Alphacoronavirus, Betacoronavirus, Gammacoronavirus and 

Deltacoronavirus genera1, 2. Of the four genera, alpha and beta coronaviruses results in respiratory 

illness in humans and gastroenteritis in animals, and gamma and delta affect birds3. The first report 

of pathogenic behaviour of alpha and beta coronaviruses was announced when the outbreak of 

severe acute respiratory syndrome (SARS) occurred in 2002 in Guangdong Province, China1, 2. 

Prior to the 2002 outbreak, the coronaviruses showed mild infections among humans. A decade 

after SARS, the Middle East respiratory syndrome coronavirus (MERS-CoV) was identified as a 

highly pathogenic virus in Middle Eastern countries4. Swine Pandemic (pH1N1) Influenza – a 

virus that developed in Mexico in 2009 – and the emergence of MERS-CoV Saudi Arabia were 

reported in other countries5, 6. SARS-CoV infected more than 8000 people and caused 774 deaths7, 

but the MERS-CoV showed higher infection rates and lower fatality rates6. Pathogenic behaviour 

of SARS- CoV and MERS- CoV was not limited to human communities and severe respiratory 

syndrome was reported in animals8. Analysis of the genetics of coronaviruses demonstrated the 

receptor-binding motif of SARS- CoV has been mutated in humans and wild animals (bats and 

civets) 9. A recombinant SARS- CoV was detected in bats and transmitted to people through civets 

in Guangdong Province3. A virus outbreak in 2012 showed a similar scenario might have occurred 
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for MERS-CoV. In December 2019, a novel and alarmingly contagious primary atypical (viral) 

pneumonia named COVID-19 broke out in Wuhan, China and aggressively spread over the world. 

COVID-19 reportedly shared an identical receptor, Angiotensin-converting enzyme 2 (ACE2), 

with the SARS-Cov6, 10.  

On 11th February 2020, the World Health Organization (WHO) named the novel viral pneumonia 

“Corona Virus Disease (COVID-19)”7. Recently, the International Committee on Taxonomy of 

Viruses (ICTV) proposed this novel coronavirus name as “SARS-CoV-2” as a result of the 

phylogenetic and taxonomic analysis of this novel coronavirus11. These three emerging infectious 

diseases (SARS-CoV, MERS-CoV, and COVID-19) spreading globally are caused by β-

coronaviruses, mainly infecting bats, but also found in camels and rabbits7. There is currently 

neither a vaccine against COVID-19 nor any specific, proven, antiviral medication12, 13, and this 

makes it a severe threat globally.  

Coronaviruses are a continuous pandemic threat that has spread to more than 212 countries and 2 

international conveyance, with over 432,902 recorded deaths and 7,898,442 confirmed global 

infections (as of 14th June 2020), the number of new confirmed cases continues to rise.  Moreover, 

83,132 COVID-19 cases have been confirmed in mainland China of whom 4,634 have died. There 

have been 187,427 confirmed cases of infection in Iran and the death toll has reached 8,83714. The 

WHO’s decision15 was partly based on the fact that most of the virus’s global spread can still be 

traced to countries that have experienced large outbreaks, such as USA, Iran, India, and Brazil15. 

Therefore, health boards, governments, and public services need to co-operate globally to prevent 

its spread. Many publications have addressed the new coronavirus in term of the clinical 

characteristics, immunological studies, and international spread of COVID-195-7, 15-25. Only a few 

studies have investigated the spread and to produce risk maps either during the COVID-19 
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outbreak, for similar coronavirus respiratory syndromes6, 26 and or even risk assessments of other 

viral diseases globally27-32. Given the clinical severity of COVID-19 infections, the extent of the 

outbreak, and public concern, it is important to establish accurate epidemiological limitations, so 

robust information is essential for inputs into models. In general, there aree too many factors on 

each pandemic diseas includeing environmental, agro-ecological, and meteorological variables. 

Each disease and risk mapping related to it has some effective factors and it can be connected to 

climate, water, animals, humans, and even soils33-35. So, it is important to select the most important 

effective factors on each pandemic diseas. Also, it is vital to rapidly develop robust information 

using unbiased and reliable methods to provide situational awareness and to improve response to 

the pandemic6. The aim of this study is to conduct spatial modeling, risk mapping, change 

detection, and outbreak trend analysis of COVID-19 in Iran (Fig. 1) to produce the first 

comprehensive investigation to assist with the management and control of the COVID-19 crisis.  

Methods 

Study area 

The study area is the country of Iran with an area of 1,648,195 square kilometres located between 

25°3′50" and 39°46′16" N and between 44°2′19" and 63°19′18" E. Iran borders Armenia, 

Azerbaijan, and Turkmenistan on its north, Afghanistan and Pakistan on its east, Turkey and Iraq 

on its west, and the Persian Gulf and Oman Sea to the south. Unfortunately, at various times, Iran 

has faced a number of serious infectious diseases, many of which have been successfully 

controlled. Plague is a pandemic disease that is still outbreak in some regions around the world, 

that has affected Iran at different times in its history from 1829 to 1966 with an estimation of two 

million deaths lands36. Between January 2000 and September 2010, 738 cases of Crimean–Congo 

Haemorrhagic Fever (CCHF) with 108 deaths were described in Iran37. Tuberculosis was well 
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controlled in Iran. The incidence of tuberculosis in Iran is 17/100,000 population, and its spread 

was 23/100,000 population. It has a mortality ratio of 1.8/100,000 people37, 38.The annual outbreak 

of malaria in Iran was predictable to be 0.14– 8.74/1000 people in 2010. According to the WHO, 

there were nearly 70,000 confirmed cases of malaria in Iran in 201037, 39. 

This study undertakes four steps: 1) comparing Iranian coronavirus data with other countries; 2) 

predicting the trends of deaths from COVID-19 using regression; 3) spatial modelling, risk 

mapping, and change detection of COVID-19 using the random forest (RF) machine learning 

technique (MLT); and 4) validation of the modelled risk maps (Fig. 2). 

 

Comparing Iran’s COVID-19 trend with the trend globally 

First, we assess the growth rates (GRs) of active cases and deaths in Iran. To do this, the data were 

extracted from the daily reports produced by Iranian’s Ministry of Health and Medical Education 

(IMHME). All active cases, deaths, and recoveries were compiled in Excel. An analysis of the 

correlation between the number of active cases and the number of deaths was conducted using 

Spearman’s Rho. Another analysis was examined the relationships between ages and sexes of 

active cases and deaths. Following to the IMHME approach, these age groups were used to produce 

9 classes: 1) <=9, 2) 10-19, 3) 20-29, 4) 30-39, 5) 40-49, 6) 50-59, 7) 60-69, 8) 70-79, and 9) >=80. 

All analyses were done using Excel, SPSS, SAS, and ArcGIS. The data for Iran were compared to 

data describing the experiences of other countries, particularly the 24 countries with highest 

COVID-19 confirmed death rates. The data for the other countries were collected from the 

“Worldometer” page (https://www.worldometers.info/coronavirus/) 40. Also, the corona virus 
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cases of six continents (Europe, North America, Asia, South America, Africa, and Oceania) were 

compared in total active cases, total recovered, and total deaths40. 

Heatmap and correlation analysis 

Simple correlation coefficients for the number of the infected cases in Iran’s 31 provinces were 

calculated with SAS software. A heatmap was created using cluster analysis and shiny heatmap 

tools41. The data used for heatmap construction were normalized based on Z-scores (Eq. 1) 

σ

i
X X

z


                                                                                                           (1) 

where, Xi, X , and σ are raw data, mean, and standard deviation for each tested trait. The number 

of infected case (y) and the number of days (x) after the first report of coronavirus in each province 

were subjected to regression to identify the best model parameters. The number of infected case 

(y) was also regressed on province population (x).    

Prediction of death cases trend using regression model 

The trend of deaths was captured by a cubic or third-degree polynomial specification as: 

𝐷𝑎𝑖𝑙𝑦 𝑑𝑒𝑎𝑡ℎ(𝑡) = α0 + α1𝑡 + α2𝑡2 + α3𝑡3                                                                             (2) 

where 𝐷𝑎𝑖𝑙𝑦 𝑑𝑒𝑎𝑡ℎ(𝑡) represents the death cases in a day, and t denotes the days starting from the 

19th of February. This model was extracted from the equation applied to estimate total deaths as 

accumulation of daily cases. Other specifications, including quadratic or fourth-degree polynomial 

forms, were examined, but it was determined that the cubic form produced the most accurate 

predictions42. We also used an ARMA model to compare the processes used to generate the data 
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for Iran and for the rest of the world. This model includes two procedures: the autoregressive (AR) 

and moving-average (MA) processes. An ARMA model of order (p, q) can be written as43: 

 

    𝑦(𝑡) = β0 + ∑ 𝛽𝑖𝑦𝑡−𝑖
𝑝
𝑖=1 + ∑ 𝛽𝑗𝜀𝑡−𝑗

𝑞
𝑗=1                                                                                  (3) 

 

where y is the dependent variable and 𝜀 is the white noise stochastic error term. In this model, y 

denotes the total number of deaths and t is the number of days since the date on which the first 

death was reported. In the case of significant fluctuations in the numbers of deaths per day, a 

volatility model, the autoregressive conditional heteroskedasticity (ARCH) model, was applied so 

that in order of p, it can be presented as: 

    𝜎2(𝑡) = θ0 + ∑ 𝜃𝑖𝜖𝑡−𝑖
𝑝
𝑖=1                                                                                                              (4) 

where 𝜎2(𝑡) is the one-period ahead forecast variance, it is obtained from past information.  

 

 
Spatial modelling and risk mapping using RF MLT 

One of the most important spatial modelling and risk mapping steps is to prepare data matrices 

that include the dependent variables (the total number of cases) and sets of independent (or 

predictor) variables. In this study, data describing several anthropogenic and climatic factors were 

compiled and mapped. These variables included: distances from bus stations, bakeshop (bakeries), 

hospitals, mosques, automated teller machines (ATMs), banks, fuel stations, and attraction sites, 

the density of cities, human footprint, distance from roads, the density of villages, minimum 

temperature of coldest month (MTCM), maximum temperature of warmest month (MTWM), 

precipitation of wettest month (PWM), and precipitation of driest month (PDM) (Fig. 3 (a-p)).  
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Predictor variables  

The 16 predictor variables were chosen based on a review of the literature and on expert 

knowledge. There is much debate on the impact of local climate coalitions on the outbreak of the 

COVID-19. While previous studies have confirmed the effects of weather conditions on the 

survival and spread of droplet-mediated viral diseases44, 45, the roles of temperature and humidity 

on rates of COVID-19 spread have been assessed in few studies. One study46 showed that changes 

of temperature and humidity alone do not necessarily lead to decreased transmission of COVID-

19. More research into the effects of climatic variables on COVID-19 transmission is needed. 

MTCM, MTWM, PWM, and PDM were acquired at a spatial resolution of 30 seconds (~1 km2) 

from WorldClim datasets (https://www.worldclim.org/data/index.html) 47, 48 to spatially model 

COVID-19. To account for the effects of anthropogenic factors that may increase infection risk 

through contact with contaminated surfaces or person-to-person contact, public spaces of primary 

importance were included in the modelling. These data were acquired from Open Street Map 

(https://www.openstreetmap.org/ )49. The Euclidian distance to the most critical social 

concentration spaces and facilities, including banks, bakeries, ATMs, bus stations, fuel stations, 

hospitals, and mosques were measured using ArcGIS Spatial Analyst Tools. To evaluate the effects 

of settlements and of infrastructure at a broader scale, we calculated geographic distances to road 

networks, as well as the densities of cities and towns. Also, to factor in the effects of other human-

features on the outbreak, the human footprint layer was integrated into the models. This layer is 

measured using variables related to human development (e.g., population, electric power) and 

combined them into one seamless layer at a spatial resolution of ~1 km50. Because of the coarse 

precision of the human footprint map, we also included the village density across the country using 
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kernel density function applied to village locality-layer obtained from a topographic map of the 

country at a scale of 1: 50,000.  

 

Random forest (RF) 

RF51 is an extensively employed robust MLT that applies abundant trees to attain superior 

classification precision as single trees produce feeble results due to greater adjustment and bias52. 

RF is highly efficient for handling obscure and unknown data and functions well even if a dataset 

is large and intricate53. RF has been used in many fields and has demonstrated very high forecast 

accuracy26, 54-62. It consists of two major internal phases: the algorithm constructs copious 

bootstrap trials which are considered calibration sets and builds categorization conditions for every 

tree. During the former process, a few datasets not used during the bootstrapping are left behind; 

these are known as out-of-bag trials (OOB) and are used to evaluate the accuracy of categorization 

and to estimate precision. Afterward, a number of factors are selected arbitrarily from the entire 

set of factors to reduce interdependence among all sets of trees, thereby reducing the chances of 

miscalculation63. The advantages of the RF technique are: (a) elimination of overfitting, (b) 

minimized preconception and inconsistency owing to the assimilation of outcomes of each tree, 

(c) less association due to the large number of trees and the restriction of the number of factors, 

(d) error measurements through OOB information, and (e) maximized forecast precision64, 65.  The 

execution of RF is expressed as follows: 

1. For c=1 to C, 

(a) Drag a bootstrap trial X* of amount M from the calibration dataset. 

(b) Develop the RF tree Yc to the bootstrapped dataset through iteration of the subsequent 

measures for all concluding tree node, unto the least node extent of Mmin is arrived. 
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(i) Choose d variables arbitrarily from the s variables. 

(ii) Opt the finest variable amongst the d. 

(iii) Make two daughter nodes by rifting the node. 

2. Produce the ensemble of trees 
1

[ ]
C

c
Y  

For doing a forecast for an instance y: 

1

1
: ( ) ( )

C

cg j

c

R eg ress io n f y Y y
C





   

Classification: ( )cL y



 is the forecast classification of the cth RF tree. Now, ( )g jL y



= maximum 

opt for 
1

[ ( )]
C

cL y



.  

The RF can be conducted using the ‘randomForest’ package66 in R software.  

Variable importance using the least absolute shrinkage and selection operator (LASSO) 

LASSO is based on ridge regression67 and non-negative Garrote68. It regularizes, manages 

collinearity, and performs feature selection67,69. In regularization, the model sets an upper limit to 

the sum of the absolute values of the selected variables of the regression model. If the sum exceeds 

the limit, the model shrinks the coefficients by penalizing (l1 norms) with a shrinkage factor and 

making some coefficients equal to 070. In particular, it reduces the residual sum of squares (RSS) 

subject to an l1 penalty term: 

2

2 1
a rg m in C B           (5) 

where λ refers to the tuning parameter determined based on the crosscheck. However, the non-

zero coefficients are also chosen in the variable-selection procedure to reduce the prediction-

accuracy error. The model is suitable for several statistical problems and multi-dimensional 

problems due to its accurate predictions and ease of interpretability71. 
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Validation of COVID-19 risk maps 

Receiver operating characteristics (ROC) curve was applied to the verification and validation of 

the model. The ROC curve and its AUC (area under the curve) values were classified in five 

classes72-75:  poor (0.5-0.6), moderate (0.6-0.7), good (0.7-0.8), very good (0.8-0.9), and excellent 

(0.9-1.00). AUC values close to 1 indicate high accuracy values closer to 0.5 indicate low accuracy. 

Results and discussion 

Data for the 24 countries with the highest confirmed total cases (more than 50,000), deaths, total 

recovered, active cases, serious/critical, and test rates per 0.1 M pop (as of 13th June 2020) were 

compiled (https://www.worldometers.info/coronavirus/)40 and analysed (Table 1). Results show 

that, Belgium – 83.32, UK – 61.39, Spain – 58.04, Italy – 56.73, Sweden – 48.28, France – 45.04, 

USA – 35.52, Canada – 21.49, Brazil – 20.10, Peru – 19.70, Chile – 16.20, Mexico– 12.80, Iran – 

10.40, and Germany – 10.58. The lowest deaths/0.1 M pop among these top 24 countries were 

between 0.3 and 5.7 in China – 0.3, Bangladesh – 0.7, India – 0.7, Pakistan – 1.20, South Africa – 

2.40, Qatar – 2.50, Saudi Arabia – 2.70, Russia – 4.70, and Turkey – 5.70. Iran’s portions of the 

world pandemic were 2.35% of all active cases, 2.02% of all deaths, 3.64% of all recovered, 0.87% 

of active cases, 5.09% of serious/critical cases, and 220.3 people of total cases per 0.1M 

population. Also, Table 1 shows that countries with more of 200 cases per 0.1 M population are 

Qatar (2792.8), Chile (875.8), Peru (683.3), USA (647.4), Spain (621.7), Belarus (563.40), 

Belgium (517.10), UK (433.7), Brazil (400.4), Italy (391.4), Russia (356.4), Saudi Arabia (354.5), 

Canada (260.9), France (240.3), Germany (223.7), Iran (220.3), and Turkey (209.6), respectively. 

The active cases of > 100 people per 0.1 M population find in Qatar, USA, Peru, Brazil, Russia, 

Chile, and Saudi Arabia, respectively, whereas the highest serious cases related to Chile (8.67), 

Qatar (8.26), Saudi Arabia (5.3), Canada (5.13) and USA (5.06). The corona virus cases of six 
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continents (Europe, North America, Asia, South America, Africa, and Oceania) were compared in 

total active cases, total recovered and total deaths (Fig.4). Results shows that the highest total 

deaths observed in Europe (42.21%), North America (33.40%), South America (13.70%), Asia 

(9.20%), Africa (1.45%), and Oceania (.03%), respectively. The highest total active cases found 

in North America (31.12%), Europe (27.86%), Asia (20.28%), South America (17.62%), Africa 

(2.99. %), Oceania (0.11%), respectively. Also, the highest total recovered cases are related to 

Europe (29.83%), North America (26.99%), Asia (25.07%), South America (15.10%), Africa 

(2.80. %), Oceania (0.22%), respectively (as of 13th June 2020).  

Distribution of the GR of total active cases in Iran is presented in Fig. 5. Results show that the two 

days with the lowest growth rates of cases in Iran were March 04 (GR=0.67) and March 08 

(GR=0.69). The 5 days with the highest growth rates of Iranian cases occurred on February 21 

(GR=3.67), February 27 (GR=2.41), February 25 (GR=1.89), March 01 (GR=1.88), and March 06 

(1.85). The average GR during the 116-day period was 1.10. It decreased from March 31 to June 

14. 

Of 187,427 people who were confirmed to have been infected by Covid-19 in Iran between 19 

February and 14 June 2020, 8,837 died (Fig. 6). The days with the highest GR of deaths were 

February 22 (3.00), March 3 (2.50), March 7 (2.38), and February 26 (2.33). The days with the 

lowest death GR were February 21 (GR=0.5), May 25 (GR=0.59), May 15 (GR=0.68), May 16 

(GR=0.73), Feb 25 (GR=0.75), May 22 (GR=0.77), May 22 and June 2 (GR=0.79). In total, we 

had a decreasing tend from March 25, but in our analyses, we observe some increasing trends on 

April 01 and April 04. The average death GR over the 116-day period was 1.08. Also, the numbers 

of total active cases and deaths (Table 2) were highly correlated (0.921) at a confidence level of 

99%. 
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The number of infected patients per 100,000 inhabitants and the cumulative curves for Iranian 

provinces (Fig. 7) is fairly high, particularly for residents of the Qom County. The rate of infection 

per 100,000 was highest in Semnan Province. 

In terms of the outbreak among age groups and by sex (Fig. 8), the highest number of active cases 

was among 50-59-year olds. In this cohort, the percentages of women (23.7%) and men (21.6%) 

were similar. The group with the second highest risk was the 60 to 69-year-old cohort. The 

percentages of active cases in this class were 20.2% and 18.2% for women and men, respectively. 

The age cohort with the fewest cases was children younger than 9 years old. There was no 

discernible difference between the sexes in this age group.  Women have more risk than men, 

especially in age groups 10-19, 30-39, 40-49, 70-79, and >80 years old. Between the ages 40 and 

69, men have a lower (58.2%) rate of infection than women (59.1%).  

The reports of deaths (Fig. 9) indicate that the group with the largest percentage of deaths from 

COVID-19 was the 60 to 69-year-olds. Men comprised a greater proportion of the deaths in this 

cohort. The average percentage of deaths by sex for this age group was equal at 25.12%. The 

analysis indicated 70 to 79-year-olds had the second highest death rates at 22.3% (men=20.3% and 

women= 24.3%). The people older than 50 is the most vulnerable category based on deaths 

(average=84.15, men=85.6, and women=82.7%) (Fig. 9). There are more deaths among the elderly 

than among youth. The age group with the greatest number of deaths among women was the 

younger-than-39 group. However, the number of men who died in this group exceeded the number 

of women. 

Virus infections in the provinces of Iran 
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The number of infections in Isfahan Province were strongly correlated (above 0.80) to the number 

of infections in Semnan, Zanjan, and Yazd provinces (Table 3). Yazd neighbours Isfahan, 

demonstrating that there are close communications between these provinces that enables the spread 

of the virus. Alborz, also showing a high level of infection, was highly correlated to Qazvin. The 

centres of these provinces are fairly close to each other and a highway connecting them facilitated 

social contact and consequently high communication of the virus to Qazvin. East Azerbaijan was 

highly correlated with Tehran and West Azerbaijan. Although, these provinces are not neighbours, 

there is air travel and ethnic affinity between the people of these provinces. Tehran was weakly 

correlated to neighbouring Alborz Province. One reason for this low correlation may be that there 

was a timely alert about the virus in the centres of these provinces, discouraging intercity traffic. 

Qom, the centre of the coronavirus outbreak in the country, was strongly correlated with Golestan, 

Guilan, and Mazandaran. These three Northern provinces have good weather and many tourist 

attractions. The Ministry of Transportation reported that there was heavy traffic between Qom and 

the northern provinces during the first days of the COVID-19 outbreak in Qom. Sistan-o-

Balouchistan with low infection rates, was strongly correlated (r=0.76) to its neighbouring 

province, Kerman. In conclusion, correlation analysis suggests that distance, tourism attraction, 

and ethnic affinity might promote inter-province spread of the virus; the role of other factors 

remains unclear.  

 

Heatmap for coronavirus spread in Iran and other countries  

The heat map represents the provinces that are grouped by similarity using color intensity 

(COVID-19 contamination rate) (Fig. 10). The heatmap shows two critical time intervals for 

COVID-19 outbreak in Iran. Similar color patterns from February 19 to 28 establishes the first-

time interval, which had low numbers of diagnosed cases in all provinces. The second interval was 

Jo
ur

na
l P

re
-p

ro
of



in March when infection aggressively spread to most provinces. The virus outbreak was critical in 

Tehran, Qom, Markazi, and East Azerbaijan in the third time period. The heatmap divided 

provinces into several groups with respect to disease rate and days since February 19. Tehran, 

Isfahan, and Mazandaran were distinct from a large number of other provinces. Qom, Alborz, and 

Markazi, three neighbours, were grouped. The color spectrum of the heatmap shows that March 

6th, 10th, and 14th were critical infection days for all provinces.   

The countries with more than 100 infected coronavirus cases were clustered in the heat map based 

on nine parameters (Fig. 11). The heat map suggested that there are two multiple-member groups, 

and China and Italy set off separately. France, Germany, Iran, Spain, and South Korea constituted 

a distinct group. Of the nine coronavirus related parameters, total recovered and the number of 

cases of infection were detected as separate from the rest of the parameters.  

  

Goodness-of-fit for the relationship between the number of diagnosed infections and the number of 

days after the first appearance of coronavirus 

Results of regression models for the relationship between the number of infected cases and the 

number of days after the first virus outbreak in Iran (Fig. 12). No single response curve was 

significant for all provinces, but the cubic model represented the highest coefficient of 

determination (R2) for most provinces. The number of diagnosed cases in Kohgiluye and Boyer-

Ahmad provinces showed no significant relationship to the day since the outbreak began. The 

quadratic model was the best fit for Bushehr, North Khorasan, Golestan, and Yazd provinces. For 

the remainder provinces, cubic was the best model for the relationship of infections to the lapsed 

time. The highest coefficients of determination (R2) were observed in the regression model fitted 

for West Azerbaijan (R2= 79.3%), and then Semnan, Fars, and Yazd. In 14 of the 31 provinces, 
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the number of infections slowed down after several days of outbreak and spread in Iran, but 

infections continued to rise in Yazd until 17th March. The results showed that infection rate was 

related to population densities in Iran's provinces. Apart from virus evolution and adaptation, the 

human factors population growth, urbanization, movement and travel, and vector travel are the 

most important factors driving virus outbreaks76, 77. The number of people required for virus 

circulation in an area is at least 200,000. The results revealed that the coronavirus outbreak was 

critical in Tehran, the country’s most crowded city. Coronaviruses need to maintain themselves in 

the population and larger populations facilitate the spread of the virus and incidence of disease in 

susceptible individuals77. Infection with coronavirus was more critical in more populated Iran's 

provinces (i.e Tehran and Isfahan). Isfahan is an industrial city with many factories and intense 

human traffic might assist higher rates of spread around the urban area. It has been shown that 

low-income citizens migrating from the countryside for work has driven disease-spread to high-

density urban areas in African countries61.    

The regression models suggested a cubic trend for the relationship between province population 

and infections (Fig. 13).  

The trends of deaths in Iran 

A regression model was used to determine trends in death rates Iran (Table 4). The explanatory 

variables that are exponents of the lag of days after outbreak explain more than 99% of variation 

in the patterns of deaths. The Ljung–Box Q-statistics (Table 4) indicated that the residuals are not 

significantly correlated. In addition, the Jarque-Bera test of normality also shows that residuals are 

normally distributed. Evaluation of prediction accuracy (Fig. 14) determined that predicted values 

were (to a great extent) able to keep pace with the actual values.   
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The main point is that the deaths are increasing over the prediction horizon; however, it shows two 

turning points. Around the mid-April a turning point is observed. In other words, based on the data 

applied to estimate the regression model, the death trend slowly tends to reveal the turning point. 

Regarding the global context, for instance, for the incidence of SARS78, HAV79, ARI80 and A 

(H1N1) v81, a turning point is expected to occur, meaning that after passing a peak death should 

decease. Emerging a slowly increasing trend simply means that the measures taken by the Iranian 

government might have been effective to cope with the outbreak at that time. However, the slowly 

increasing trend, in the first of June tends to reveal a rapidly increasing trend which may be 

considered as second turning point. This fact simply means that the subsequent measures taken by 

the Iranian government have not yet been enough to cope with the outbreak, and that there is a 

need for more restrictive measures, like widespread quarantine. Note that the model is more 

appropriate to investigate the effectiveness of the measures taken by the Iranian health body rather 

than for predicting the future values of mortality rate. In general, we should see a decreasing trend, 

however; the current situation is far from that, indicating that there has been an inadequate impact 

and there is a lot of room for improvement.   

 
Comparing global and Iranian death rates  

Both the global and Iranian views are presented with a fourth-degree polynomial specification 

(Fig. 15). For both, deaths are increasing exponentially but there is a steeper rate for Iran spread 

of deaths in the beginning. This fact has been examined more deeply and in a quantitative way 

using ARMA time-series estimation (Table 5).    

These models may show the activities of the variables in a specific time horizon. To ensure 

comparable models, a 116-day time horizon was used for both. This is the time period for which 

data are available for Iran (19th of February to 14th of June). The world model is generated by an 
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AR (31,2,8) process (Table 5), while the Iranian modelling of the death trend was obtained with a 

moving average, resulting in an ARMA (2, 1). However, the absolute value of the AR terms for 

Iran is higher than those of world model, indicating a trend of faster increase. Also, the death trend 

is characterized by volatility since a moving average process (Iran) and autoregressive conditional 

heteroskedasticity (ARCH) (World) were determined. These processes model volatility. Given the 

significant coefficients for these variables, the deaths in World tend to fluctuate more than those 

occurring in Iran. This is not easily captured in the trends (Fig. 15).  

The diagnostic statistics indicate that the models are acceptable, since Q-statistics indicate that the 

residuals are not significantly correlated. The Jarque Berra statistic supports the normality of 

residuals at a conventional significance level for Iran specification However, for World 

specification residuals are not normally distributed, thus, one needs to exercise caution. All 

coefficients are significant at 99 percent.   

        
Variables importance of coronavirus outbreak using LASSO MLT 

As stated in methods section, the LASSO MLT was used to determine the relative importance of 

the variables and to determine the impact of each factor on the COVID-19 outbreak in Iran (Fig. 

16). Accordingly, the most important variables were the distances from bus stations, bakeshop, 

hospitals, mosques, ATMs, and banks, and MTCM. On the other hand, the outbreak was least 

related to the village’s density, PWM, and PDM. 

COVID-19 risk mapping using the RF MLT 

In the current study, the RF MLT was used for spatial modelling and mapping COVID-19 in Iran 

twice, on March 11th and March 18th. To run the RF, the tree and variables numbers were set on 

1000 and 4, respectively. The results of the confusion matrix (Table 6) indicate the classification 
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model’s performance. In total, 5,263 active cases were predicted as locations of coronavirus. 

Among that set, almost 4,940 cases were predicted in the correct class, whereas 323 cases were 

predicted in the wrong class. The value of OOB as an error rate was 21.14%, meaning that the 

accuracy of the training dataset (the modelling process) is 78.86%. Finally, the COVID-19 risk 

map (Fig. 17 (a-b)) on March 11th was prepared and divided into four classes according to the 

natural break method. Visual interpretation shows that provinces of Tehran, Qom, Alborz, 

Mazandaran, and Guilan, are classified as high risk of coronavirus (COVID-19). In contrast, 

Sistan-o-Balochistan, Hormozgan, Bushehr, Kerman, and South Khorasan are all low-risk 

provinces. The results of classification of the COVID-19 risk map on March 18th show an 

increasing trend in outbreak of COVID-19 in Iran after a week. Also, our analysis (Fig. 16) 

indicates that, in addition to Tehran, Alborz, Qom, Mazandaran, and Guilan, the provinces of 

Qazvin, Markazi, Golestan, Ardabil, Isfahan, East Azerbaijan, and parts of provinces of Khorasan 

Razavi, Semnan, and Lorestan are also high-risk regions. This is suggesting that the COVID-19 

outbreak is increasing every day, and it is important to consider some new tactics, particularly 

quarantines to control and manage the virus. At the moment (March 17th), parts of southern and 

southwestern Iran are safer than other regions. So, the risk mapping can be introduced as an 

important tool in assessing and considering speed of pandemic trend for each country. There are 

too many machine learning and expert-based techniques for this aim as we have suggested a model 

namely the RF in this study. A boosted regression tree (BRT) used for spread mapping of Avian 

influenza A (H7N9) in China. For this aim, some environmental, agro-ecological, and 

meteorological factors applied and ability of model considered using the ROC curve82. In this line, 

a spatial risk maps were prepared for monitoring and trend analysis influenza A H5N1 and H7N9 

in China. In this research, a MaxEnt (Maximum Entropy) model applied using several 
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environmental factors and its results validated by ROC curve83. These days a WEB GIS-based 

approach is known as commonly tool in mapping various epidemic outbreaks. One of these 

applications was mapping dengue outbreak in the tropical and sub-tropical areas including, Lahore 

Distric. Results of mapping using climate, land use/ land cover, NDVI (Normalized Difference 

Vegetation Index), and population density showed that the most important factor for this disease 

was population density84. In relation to COVID-19, John Hokins University is pioneer for mapping 

daily reports of active cases and deaths (https://coronavirus.jhu.edu/map.html). This site is known 

as coronavirus resource centre and this can be effective for other countries to simulate and estimate 

COVID-19 outbreak using various machine learning techniques by presenting a risk mapping. This 

map is a management robust information for managers, prime ministries, governments to decrease 

effects of socioeconomic and also deaths in each country and can provide situational awareness 

and to improve response to the pandemic. 

 

 

 

Validation of the RF MLT 

Results of the validation of the COVID-19 risk maps (Fig. 18 and Table 7) show that the accuracies 

of these maps for March 11th and March 17th are 0.866 and 0.836 and standard errors of 0.005 and 

0.004, respectively. Hence, according to ROC-AUC category72, the maps can be categorized as 

very good (0.8-0.9). 

 

Conclusions 
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Coronavirus disease 2019 (COVID-19) represents a continuous pandemic threat and has spread 

globally. It is crucial to investigate the spatial drivers in order to prevent and control the epidemic 

of COVID-19. An RF MLT was used to model and map risk of COVID-19 with 16 independent 

variables. The LASSO algorithm determined the relative importance of each of these 16 variables. 

The GR of active cases, deaths, and correlations between them, age cohorts, and sexes were 

considered. Some comparisons were made of the death rates in Iran and in 18 other countries. 

Finally, a non-linear regression model was used to evaluate the general trend of daily deaths. The 

estimated equation shows how a variable would behave if the current management regimes 

continued. Comparing the general trends of Iran and the world revealed that the trends of death 

are similar but the Word’s trend shows significant volatility. The more volatility for World may 

mean that some countries experience coronavirus death volatility with a different severity than that 

experience in Iran. The main policy implication is that deaths, to some extent, may be limited by 

using more effective measures. These measures may be more important and more effective 

particularly when the early-experiencing countries measures are taken into consideration. We 

speculate that the risk map and analyses provided in this study implies that this analysis may be 

the first and most important step in the future management and control of COVID-19 in Iran and 

in its provinces. 

 

Conflict of interests  

We declare no competing interests. 

Funding 

Shiraz University, Iran, Grant No. 98GRC1M271143. 

Availability of data and materials  

Jo
ur

na
l P

re
-p

ro
of



All data and materials used in this work were publicly available. 

Ethics approval and consent to participate  

The ethical approval or individual consent was not applicable 

Contributors 

HRP, SP, BH, ZF, SRFSh, SB, RKh, ME, GhGh, AF, RS, ZH, MHT, JPT, AZ, FS contributed to 

study design, the literature search, data collection, data analysis, software working, and writing of 

this article. All authors read and approved the final report. 

 

Declaration of Interest Statement 

All of authors collaborate to the mentioned MS and there isn’t any conflict among four 

authors. 

I am corresponding of this article and confirm this letter on behalf all authors 

 

 

References 

1 Zhong NS, Zheng BJ, Li YM, Poon, Xie ZH, Chan KH, Li PH, Tan SY, Chang Q, Xie JP, Liu 

XQ, Xu J, Li DX, Yuen KY, Peiris, Guan Y. Epidemiology and cause of severe acute 

respiratory syndrome (SARS) in Guangdong, People’s Republic of China, in February, 

2003. Lancet 2003; 362: 1353-1358. 

2 Fouchier RA1, Kuiken T, Schutten M, van Amerongen G, van Doornum GJ, van den Hoogen 

BG, Peiris M, Lim W, Stöhr K, Osterhaus AD. Aetiology: Koch’s postulates fulfilled for 

SARS virus. Nature 2003; 423: 240. 

Jo
ur

na
l P

re
-p

ro
of



3 Cui J, Li F, Shi ZL. Origin and evolution of pathogenic coronaviruses. Microbiology 2019; 17: 

108-192. 

4 Zaki, AM, van Boheemen, S, Bestebroer, TM, Osterhaus, AD, Fouchier, RA. Isolation of a novel 

coronavirus from a man with pneumonia in Saudi Arabia. The New England Journal of Medicine 

2015; 367: 1814–1820. 

5 Zowalaty ME El, Järhult JD. Jo ur na l P of. One Health 2020; 100124. 

https://doi.org/10.1016/j.onehlt.2020.100124. 

6 Wu JT, Leung K, Leung GM. Articles nowcasting and forecasting the potential domestic and 

international spread of the 2019-nCoV outbreak originating in Wuhan, China: a modelling 

study. The Lancet 2020; 395(10225): 689–697.  

7 Chang L, Yan Y, Wang L. Coronavirus Disease 2019: Coronaviruses and blood safety. 

Transfusion Medicine Reviews 2020; in press (available 21 February) 

https://doi.org/10.1016/j.tmrv.2020.02.003. 

8 Masters, P. S. Perlman, S. in Fields Virology Vol. 2 (eds Knipe, D. M. & Howley, P. M.) 

825–858 (Lippincott Williams & Wilkins, 2013). 

9 Hu B, Ge X, Wang LF, Zhengli Shi Z. 2015. Bat origin of human coronaviruses. Virology 

Journal 2015; 12: 221. DOI 10.1186/s12985-015-0422-1. 

10 Zhao D, Yao F, Wang L, et al. A comparative study on the clinical features of COVID-19 

pneumonia to other pneumonias. Clinical Infectious Diseases, ciaa247, March 12, 2020. 

DOI: https://doi.org/10.1093/cid/ciaa247external icon. 

11 Gorbalenya AE, Baker SC, Baric RS, de Groot RJ, Drosten C, Gulyaeva AA, Haagmans BL, 

Lauber C, Leontovich AM, Neuman BW, Penzar D, Perlman S, Poon LLM, Samborskiy 

D, Sidorov IA, Sola I, Ziebuhr J. Severe acute respiratory syndrome-related coronavirus: 

Jo
ur

na
l P

re
-p

ro
of

https://doi.org/10.1093/cid/ciaa247


The species and its viruses—a statement of the Coronavirus Study Group Preprint 2020; 

at https://www.biorxiv.org/content/10.1101/2020.02.07.937862v1 (2020). 

12 World Health Organization [Internet]. R&D Blueprint: Coronavirus disease (COVID-2019) 

R&D; accessed 23rd February 2020.   

13 Coalition for Epidemic Preparedness Innovations [Internet]. CEPI launches new call for 

proposals to develop vaccines against novel coronavirus, 2019-nCoV; accessed 23rd 

February 2020. 

14 (https://multimedia.scmp.com/widgets/china/wuhanvirus/). 

15 Velavan TP, Meyer CG. The COVID-19 epidemic. Tropical Medicine and International Health 2020; 

25(3): 278–280. https://doi.org/10.1111/tmi.13383. 

16 Ahmed SF, Quadeer AA, Mckay, M. R. Preliminary identification of potential vaccine targets for 

the COVID-19 coronavirus (SARS-CoV-2) based on SARS-CoV Immunological Studies 

2020; 1–15. https://doi.org/10.3390/v12030254. 

17 Al-rabiaah A., Temsah M, Al-eyadhy A A. Middle east respiratory syndrome-corona virus 

(MERS-CoV) associated stress among medical students at a university teaching hospital in 

Saudi Arabia. Journal of Infection and Public Health 2020; 1–5. 

https://doi.org/10.1016/j.jiph.2020.01.005. 

18 Chen N, Zhou M, Dong X, Qu J, Gong F, Han Y, Yu T. Epidemiological and clinical 

characteristics of 99 cases of 2019 novel coronavirus pneumonia in Wuhan , China : a 

descriptive study. The Lancet 2020; 395(10223): 507–513. 

19 Gao J, Tian Z, Yang X. Breakthrough: chloroquine phosphate has shown apparent efficacy in 

treatment of COVID-19 associated pneumonia in clinical studies. BioScience Trends 2020; 

1–2. https://doi.org/10.5582/bst.2020.01047. 

20 Lai C, Liu YH, Wang C, Wang Y, Hsueh S, Yen M, Hsueh P. Asymptomatic carrier state, acute 

respiratory disease, and pneumonia due to severe acute respiratory syndrome coronavirus 2 

(SARSCoV-2): Facts and myths. Journal of Microbiology, Immunology and Infection 2020; 

2. https://doi.org/10.1016/j.jmii.2020.02.012. 

21 Lai C, Shih T, Ko W, Tang H, Hsueh P. Severe acute respiratory syndrome coronavirus 2 (SARS-

Jo
ur

na
l P

re
-p

ro
of

https://www.biorxiv.org/content/10.1101/2020.02.07.937862v1
https://www.who.int/blueprint/priority-diseases/key-action/novel-coronavirus/en/
https://www.who.int/blueprint/priority-diseases/key-action/novel-coronavirus/en/
https://cepi.net/news_cepi/cepi-launches-new-call-for-proposals-to-develop-vaccines-against-novel-coronavirus-2019-ncov/
https://cepi.net/news_cepi/cepi-launches-new-call-for-proposals-to-develop-vaccines-against-novel-coronavirus-2019-ncov/
https://multimedia.scmp.com/widgets/china/wuhanvirus/
https://doi.org/10.1111/tmi.13383


CoV-2) and coronavirus disease-2019 (COVID-19): The epidemic and the challenges. 

International Journal of Antimicrobial Agents 2020; 105924. 

https://doi.org/10.1016/j.ijantimicag.2020.105924. 

22 Level R, Level G, High V. Coronavirus disease 2019 ( COVID-19 ). 2019(February). 

23 Mallapaty BS. (n.d.). China bans cash rewards for publishing papers. Nature 2020; 579: 18. 

24 Xu X, Wu X, Jiang X, Xu K, Ying L, Ma C., Li L. Clinical findings in a group of patients infected 

with the 2019 novel coronavirus ( SARS-Cov-2 ) outside of Wuhan , China : retrospective 

case series. BMJ  2020; 368:m606  https://doi.org/10.1136/bmj.m606. 

25 Zhang S, Diao M, Yu W, Pei L, Lin Z, Chen D. International Journal of Infectious Diseases 2020; 

https://doi.org/10.1016/j.ijid.2020.02.033. 

26 Chen W, Peng J, Hong H, Shahabi H, Pradhan B, Liu J, Duan Z. Landslide susceptibility 

modelling using GIS-based machine learning techniques for Chongren County, Jiangxi 

Province, China. Science of the Total Environment 2018; 626: 1121–1135.  

27 Dom NC, Ahmad AH, Latif Z A, Ismail R. Application of geographical information system-based 

analytical hierarchy process as a tool for dengue risk assessmentAsian Pacific Journal of 

Tropical Disease 2016; 6(12): 928–935.  

28 Li X, Liu T, Lin L, Song T, Du X, Lin H, Liu L. Application of the analytic hierarchy approach 

to the risk assessment of Zika virus disease transmission in Guangdong. BMC Infectious 

Diseases 2017; 1–9. https://doi.org/10.1186/s12879-016-2170-2. 

29 Sabir M, Ali Y, Muhammad N. Forecasting incidence of dengue and selecting best method for 

prevention. Journal of Pakistan Medical Association 2015; 63 (9): 1383–1386. 

30 Saito EK, Shea S, Jones A, Ramos G, Pitesky M. A cooperative approach to animal disease 

response activities : Analytical hierarchy process ( AHP ) and vvIBD in California poultry. 

Preventive Veterinary Medicine 2015; 121(1–2): 123–131. 

31 Sarfraz MS, Tripathi NK, Faruque FS, Bajwa UI, Kitamoto A, Souris M. Mapping urban and peri-

urban breeding habitats of Aedes mosquitoes using a fuzzy analytical hierarchical process 

based on climatic and physical parameters. Geospatioal Health 2014; 8(3): S685-97. 

Jo
ur

na
l P

re
-p

ro
of



32 Tu C, Fang Y, Huang Z, Tan R. Application of the analytic hierarchy process to a risk assessment 

of emerging infectious diseases in Shaoxing city in Southern China. (i), Japanese Journal of 

Infectious Disease 2014; 417–422. 

33 Brevik, E.C., Steffan, J.J., Rodrigo-Comino, J., Neubert, D., Burgess, L.C., Cerda, A. Connecting 

the public with soil to improve human health. European Journal of Soil Science, 2019; 70 

(4): 898-910 

34 Kumar, V., Parihar, R.D., Sharma, A., Bakshi, P., Singh Sidhu, G.P., Bali, A.S., Karaouzas, I., 

Bhardwaj, R., Thukral, A.K., Gyasi-Agyei, Y., Rodrigo-Comino, J., Global evaluation of 

heavy metal content in surface water bodies: a meta-analysis using heavy metal pollution 

indices and multivariate statistical analyses. Chemosphere, 2019; 236:124364.doi: 

10.1016/j.chemosphere.2019.124364 

 

35 Yadav, N., Singh, S.,  Goyal, S.K. Effect of seasonal variation on bacterial inhabitants and 

diversity in drinking water of an office building, Delhi," Air, Soil and Water Research, 

2020; 12(1) https://doi.org/10.1177/1178622119882335 

36 Hashemi Shahraki A, Carniel E, Mostafavi E. Plague in Iran: its history and current 

status. Epidemiol Health. 2016; 38: e2016033. Published 2016 Jul 24. 

doi:10.4178/epih.e2016033 

37 Askarian M, Mansour Ghanaie R, Karimi A, Habibzadeh F. Infectious diseases in Iran: a bird's 

eye view. Clin Microbiol Infect. 2012; 18(11):1081‐1088. doi:10.1111/1469-0691.12021 

38 World Health Organization. Regional health observatory: malaria, reported confirmed cases. 

Available at: Http://rho.Emro.Who.Int/rhodata/?Vid=2694 (last accessed 23 August 2012) 

39 World Health Organization. Tuberculosis profile 2012. Available at: 

Https://extranet.Who.Int/sree/reports?Op=replet&name=/who_hq_reports/g2/prod/ext/tbc

ountryprofile&iso2=ir&outtype=html (last accessed 23 June 2012) 

40 (https://www.worldometers.info/coronavirus/). 

Jo
ur

na
l P

re
-p

ro
of

https://bioone.org/search?author=Neha_Yadav
https://bioone.org/search?author=Sradhanjali_Singh
https://bioone.org/search?author=Sanjeev_K_Goyal
https://doi.org/10.1177/1178622119882335
https://www.worldometers.info/coronavirus/


41 Khomtchouk BB, Hennessy JR, Wahlestedt C. shinyheatmap: Ultra-fast low memory heatmap 

web interface for big data genomics. Plos One 2017; 1-9. | 

https://doi.org/10.1371/journal.pone.0176334. 

42 Aik J, Heywood A E, Newall A T, Ng LC, Kirk MD, Turner R. Climate variability and 

salmonellosis in Singapore – A time series analysis. Science of the Total Environment 

2018; 639: 1261-1267.  

43 Enders, W. Applied Econometric Times Series. John Wiley & Sons. 2004. 

44 Shaman J, Goldstein E, Lipsitch M. Absolute humidity and pandemic versus epidemic 

influenza. American Journal of Epidemiology 2011; 173(2): 127-135. 

45 Barreca AI, Shimshack JP. Absolute humidity, temperature, and influenza mortality: 30 years 

of county-level evidence from the United States. American Journal of Epidemiology 2012; 

176(suppl 7): S114-S122. 

 

46 Luo W, Majumder MS, Liu D, Poirier C, Mand KD, Lipsitch M, Santillana M. The role of 

absolute humidity on transmission rates of the COVID-19 outbreak. medRxiv 2020; 
https://www.medrxiv.org/content/10.1101/2020.02.12.20022467v1. 

47 Hijmans RJ, Cameron SE, Parra JL, Jones PG, Jarvis A. Very high-resolution interpolated 

climate surfaces for global land areas. International Journal of Climatology 2005; 25: 

1965–1978.  

48 http://www.worldclim.org/bioclim. 

49 (OSM: https://www.openstreetmap.org/#map=5/32.723/53.682). 

50 Venter O, Sanderson EW, Magrach A, Allan J R, Beher J, Jones KR, Possingham H P, Laurance 

WF, Wood P, Fekete BM, Levy MA, Watson JE. Global terrestrial Human Footprint maps 

for 1993 and 2009. Scientific Data 2016; 3: 160067. 

51 Breiman L. Random forests. Machine Learning 2001; 45(1): 5–32.  

52 Arabameri A, Pradhan B, Pourghasemi H R, Rezaei K, Kerle N. Spatial modelling of gully 

erosion using GIS and R programing: a comparison among three data mining algorithms. 

Applied Sciences 2018; 8(8): 1369. https://doi.org/10.3390/app8081369. 

53 Rahmati O, Falah F, Naghibi SA, Biggs T, Soltani M, Deo RC, Tien Bui D. Land subsidence 

modelling using tree-based machine learning algorithms. Science of the Total Environment 

2019; 672: 239–252.  

Jo
ur

na
l P

re
-p

ro
of

https://www.medrxiv.org/content/10.1101/2020.02.12.20022467v1
http://www.worldclim.org/bioclim
https://www.openstreetmap.org/#map=5/32.723/53.682


54 Masetic Z, Subasi A. Congestive heart failure detection using random forest classifier. 

Computer Methods and Programs in Biomedicine 2018; 130: 54–64.  

55 Hong H, Pourghasemi HR, Pourtaghi ZS. Landslide susceptibility assessment in Lianhua 

County (China): A comparison between a random forest data mining technique and 

bivariate and multivariate statistical models. Geomorphology 2016; 259: 105–118.  

56 Pham BT, Khosravi K, Prakash I. Application and comparison of decision tree-based machine 

learning methods in landside susceptibility assessment at Pauri Garhwal area, Uttarakhand, 

India. Environmental Processes 2017; 4(3): 711–730.  

57 Al-Quraishi T, Abawajy JH, Chowdhury MU, Rajasegarar S, Abdalrada AS. Breast cancer 

recurrence prediction using random forest model. In: Ghazali R., Deris M., Nawi N., 

Abawajy J. (eds) Recent Advances on Soft Computing and Data Mining. SCDM 2018. 

Advances in Intelligent Systems and Computing 2018; 700. Springer, Cham 

https://doi.org/10.1007/978-3-319-72550-5_31. 

58 Heddam S, Kisi O. Modelling daily dissolved oxygen concentration using least square support 

vector machine, multivariate adaptive regression splines and M5 model tree. Journal of 

Hydrology 2018; 559: 499–509.  

59 Pourghasemi HR, Rahmati O. Prediction of the landslide susceptibility: Which algorithm, 

which precision? Catena 2018; 162: 177–192.  

60 KimJ-C, Lee S, Jung H-S, Lee S. Landslide susceptibility mapping using random forest and 

boosted tree models in Pyeong-Chang, Korea. Geocarto International 2018; 33(9): 1000–

1015.  

61 Patel H, Parikh S, Patel A, Parikh A. An application of ensemble random forest classifier for 

detecting financial statement manipulation of Indian listed companies. In: Kalita J., Balas V., 

Borah S., Pradhan R. (eds) Recent Developments in Machine Learning and Data Analytics. 

Advances in Intelligent Systems and Computing 2019; 740. Springer, Singapore 

Jo
ur

na
l P

re
-p

ro
of



https://doi.org/10.1007/978-981-13-1280-9_33. 

62 Hashimoto H, Wang W, Melton F S, Moreno A L, Ganguly S, Michaelis A R, Nemani R R. 

High-resolution mapping of daily climate variables by aggregating multiple spatial data 

sets with the random forest algorithm over the conterminous United States. International 

Journal of Climatology 2019; 39(6): 2964–2983.  

63 Genuer R, Poggi JM, Tuleau-Malot C. Variable selection using random forests. Pattern 

Recognition Letters 2010; 31(14): 2225–2236.  

64 Prasad AM, Iverson LR, Liaw A. Newer classification and regression tree techniques: Bagging 

and Random Forests for ecological prediction. Ecosystems 2006; 9(2): 181–199.  

65 Wiesmeier M, Barthold F, Blank B, Kögel-Knabner I. Digital mapping of soil organic matter 

stocks using Random Forest modelling in a semi-arid steppe ecosystem. Plant and Soil 

2011; 340(1–2): 7–24.  

66 Breiman L, Cutler A, Liaw A, Wiener M. Breiman and Cutler’s random forests for classification 

and regression. 2018; Retrieved from https://cran.r-

project.org/web/packages/randomForest/randomForest.pdf. 

67 Frank lE, Friedman J H. A statistical view of some chemometrics regression tools. 

Technometrics 1993; 35(2): 109–135.    

68 Breiman L. Better subset regression using the nonnegative Garrote. Technometrics 1995; 37(4): 

373-384.  

 69  Vasquez M M, Hu C, Roe D J, Chen Z, Halonen M, Guerra S. Least absolute shrinkage and 

selection operator type methods for the identification of serum biomarkers of overweight 

and obesity: simulation and application. BMC Medical Research Methodology 2016; 

16(1): 154.  

Jo
ur

na
l P

re
-p

ro
of



70 Li Z, Sillanpää MJ. Overview of LASSO-related penalized regression methods for quantitative 

trait mapping and genomic selection. Theoretical and Applied Genetics 2012; 125(3): 419–

435.  

71 Bühlmann P, van de Geer S. Lasso for linear models. In (eds) P, Bühlmann, S, van de Geer, 

Statistics for High-Dimensional Data 2011; 7-43 Springer, Berlin. 

https://doi.org/10.1007/978-3-642-20192-9_2. 

72 Yesilnacar EK. The application of computational intelligence to landslide susceptibility 

mapping in Turkey, Ph.D Thesis. Department of Geomatics the University of Melbourne 

2005; p 423. 

73 Pourghasemi HR, Gayen A, Edalat M, Zarafshar M, Tiefenbacher JP. Is multi-hazard mapping 

effective in assessment of natural hazards and integrated watershed management? 

Geoscience Frontiers 2019; https://doi.org/10.1016/j.gsf.2019.10.008. 

74 Pourghasemi HR, Kariminejad N, Amiri M, Edalat M, Zarafshar M., Blaschke T, Cerda, A. 

Assessing and mapping multi-hazard risk susceptibility using a machine learning 

technique. Scientific Reports 2020a; 10: 3203. DOI: 10.1038/s41598-020-60191-3. 

75 Pourghasemi HR, Gayen A, Lasaponara R, Tiefenbacher JP. Application of learning vector 

quantization and different machine learning techniques to assessing forest fire influence 

factors and spatial modelling. Environmental Research 2020b; 

https://doi.org/10.1016/j.envres.2020.109321. 

76 Enria DA, Briggiler AM, Feuillade MR. An overview of the epidemiological, ecological and 

preventive hallmarks of Argentine Hemorrhagic Fever (Junin virus). Bulletin de l'Institut 

Pasteur 1998; 96: 103–114. 

77 Hu, EKW. Reasons for the increase in emerging and re-emerging viral infectious diseases. 

Microbes and Infection 2006; 8: 905-916. 

78 Wong G. Has SARS infected the property market? evidence from Hong Kong. Journal of 

Urban Economics 2008; 63: 74-95.  

Jo
ur

na
l P

re
-p

ro
of

https://doi.org/10.1016/j.gsf.2019.10.008


79 Alberts CJ, Boyd A, Bruisten SM, Heijman T, Hogewoning A, van Rooijen M, Siedenburg E, 

Sonder GJB. Hepatitis A incidence, seroprevalence, and vaccination decision among MSM 

in Amsterdam, the Netherlands. Vaccine 2019; 37: 2849–2856. 

80 Leonenko VN, Ivanov SV, Novoselova YK. A computational approach to investigate patterns 

of acute respiratory illness dynamics in the regions with distinct seasonal climate 

transitions. Procedia Computer Science 2016; 80: 2402–2412. 

81 Flasche S, Hens N, Boëlle PY, Mossong J, van Ballegooijen WM, Nunes B, Rizzo C, Popovici 

F, Santa-Olalla P, Hrubá F, Parmakova K, Baguelin M, van Hoek AJ, Desenclos JC, 

Bernillon P, Larrauri Cámara A, Wallinga J, Asikainen T, White PJ, Edmunds WJ. 

Different transmission patterns in the early stages of the influenza A (H1N1)v pandemic: 

a comparative analysis of 12 European countries. Epidemics 2011; 3: 125-133.  

82 Fang, L., Li, X., Liu, K. et al. Mapping Spread and Risk of Avian Influenza A (H7N9) in 

China. Sci Rep 3, 2722, 2013; https://doi.org/10.1038/srep02722 

83 Bui CM, Gardner L, MacIntyre R, Sarkar S. Influenza A H5N1 and H7N9 in China: A spatial 

risk analysis. PLoS ONE, 2017; 12(4): e0174980. 

https://doi.org/10.1371/journal.pone.0174980 

84 Butt, M.A., Khalid, A., Ali, A.  , Mahmood, S.A., Sami, J., Qureshi, J., Waheed, K., Khalid, A. 

Towards a Web GIS-based approach for mapping a dengue outbreak. Appl Geomat, 

2020; 12, 121–131 (2020). https://doi.org/10.1007/s12518-019-00282-7 

 

 Figures caption 

Figure 1: Trend of COVID-19 outbreak in the provinces of Iran since 19th February 2020 

Figure 2: The flowchart of methodology for risk mapping coronavirus in Iran 

Figure 3: Predictor variables used for COVID-19 risk mapping in Iran 

Figure 4: Coronavirus cases on six continents 

Figure 5: Distribution of the GR of total active cases in Iran 

Figure 6: Distribution of the GR of total death cases in Iran 

Jo
ur

na
l P

re
-p

ro
of



Figure 7: COVID-19 infected patients in 100000 population and the cumulative curve in Iran’s provinces  

Figure 7: Relationship between various age groups and sex in active cases 

Figure 9: Relationship between various age groups and sex in death cases 

Figure 10 Heatmap of coronavirus outbreak and classification of Iran’s Provinces 

Figure 11: Heatmap of coronavirus outbreak and classification of the world's countries. 

Figure 12: Test for the best fit of regression models for number of infected with coronavirus and 

days after the first day of infected cases in the 31 Iran provinces. 

Figure 13: Relation of the population of Iran provinces and the number of infected cases with 

coronavirus 

Figure 14: Actual deaths cases versus estimated cases 

Figure 15: Comparing trends of deaths in Iran and the world 

Figure 16: Variables importance of outbreak trend of COVID-19 using the LASSO MLT 

Figure 17: CODID-19 risk map of active cases in Iran Country; a) On March 11, and b) On March 

18 

Figure 18: The ROC curve of used RF MLT for mapping risk of COVID-19; a) On March 11, and 

b) On March 18 

 

Jo
ur

na
l P

re
-p

ro
of



 

Figure 1: Trend of COVID-19 outbreak in the provinces of Iran since 19th February 2020 
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Figure 2: The flowchart of methodology for risk mapping coronavirus in Iran 
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Figure 3: Predictor variables used for COVID-19 risk mapping in Iran 
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Figure 4: Coronavirus cases on six continents 
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Figure 5: Distribution of the GR of total active cases in Iran 
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Figure 7: COVID-19 infected patients in 100000 population and the cumulative curve in Iran’s 

provinces (days between 19 February to 22 March 2020) 

 

 

 

Figure 8: Relationship between various age groups and sex in active cases (15 March 2020) 
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Figure 9: Relationship between various age groups and sex in death cases (15 March 2020) 

 

 

 

    Figure 10: Heatmap of coronavirus outbreak and classification of Iran’s Provinces (days between 

19 February to 12 March 2020) 
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Figure 11: Heatmap of coronavirus outbreak and classification of the world's countries (days 

between 19 February to 12 March 2020) 

 

 

 

 

Figure 12: Test for the best fit of regression models for number of infected with coronavisrus 

and days after the first day of infected cases in the Tehran province. 
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Figure 13: Relation of the population of Iran provinces and the number of infected cases with 

coronavirus 
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Figure 14: Actual deaths cases versus estimated cases 
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Figure 15: Comparing trends of deaths in Iran and the world 
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Figure 16: Variables importance of outbreak trend of COVID-19 using the LASSO MLT 
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Figure 17: CODID-19 risk map of active cases in Iran Country; a) On March 11, and b) On 

March 18 
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Figure 18: The ROC curve of used RF MLT for mapping risk of COVID-19; a) On March 11, 

and b) On March 18 

 

 

 

 

Tables Caption 

Table 1 Top 20 countries with high death percentage and active cases of > 100 

Table 2 Correlation of total cases and deaths using Spearman’s Rho calculator 

Table 3 Correlation of number of virus infection among various Iran’s Provinces  

Table 4 Regression results for Covid-19 death cases of Iran 

Table 5 The results of ARMA model for Covid-19 death cases of world and Iran 

Table 6 Confusion matrix of the random forest model (On March 11th, 2020) 

Table 7 The AUC value of COVID-19 risk maps using RF MLT 

 

Table 1 Top 24 countries with high cases rate per 0.1 M pop 

Country 

Total 

Cases/0.1 

M 

Deaths/0.1 

M 

Total Recovered/ 

0.1 M 

Active 

Cases/0.1 M 

Serious, 

Critical/0.1 M 

Tests/0.1 

M 

Qatar 
2792.80 2.50 1967.80 822.49 8.26 10215.50 

Chile 875.80 16.20 718.50 141.08 8.67 4291.20 

(a) (b) 
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https://www.worldometers.info/coronavirus/country/qatar/
https://www.worldometers.info/coronavirus/country/chile/


Peru 683.30 19.70 339.07 324.46 3.38 4062.20 

USA 647.40 35.50 259.86 351.99 5.06 7340.90 

Spain 621.70 58.00 - - 1.32 9550.70 

Belarus 563.40 3.20 308.07 252.15 0.97 7559.40 

Belgium 517.10 83.30 142.80 291.01 0.76 8716.80 

Sweden 515.00 48.30 - - 2.69 3218.90 

UK 433.70 61.40 - - 0.72 9760.80 

Brazil 400.40 20.10 201.24 179.02 3.91 694.60 

Italy 391.40 56.70 289.20 45.46 0.36 7548.40 

Russia 356.40 4.70 188.20 163.54 1.58 9986.90 

Saudi 

Arabia 

354.50 2.70 237.29 114.49 5.30 3124.80 

Canada 260.80 21.50 157.32 82.03 5.13 5603.20 

France 240.30 45.00 111.55 83.67 1.33 2121.50 

Germany 223.70 10.60 205.20 7.95 0.53 5603.40 

Iran 220.30 10.40 174.82 35.12 3.28 1452.70 

Turkey 209.60 5.70 178.05 25.86 0.81 3068.90 

South 

Africa 

110.90 2.40 62.17 46.33 0.35 1835.40 

Mexico 108.00 12.80 78.97 16.28 0.29 305.50 

Pakistan 60.00 1.20 22.68 36.16 0.05 380.20 

Bangladesh 51.30 0.70 10.83 39.74 0.00 297.60 

India 23.30 0.70 11.77 10.88 0.65 399.20 

China 5.80 0.30 5.44 0.01 0.00 0.00 

World 100.8 5.54 51.64 43.62 0.69  - 

 

 

 

 

 

Table 2 Correlation of total cases and deaths using Spearman’s Rho calculator 
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https://www.worldometers.info/coronavirus/country/peru/
https://www.worldometers.info/coronavirus/country/us/
https://www.worldometers.info/coronavirus/country/spain/
https://www.worldometers.info/coronavirus/country/belarus/
https://www.worldometers.info/coronavirus/country/belgium/
https://www.worldometers.info/coronavirus/country/sweden/
https://www.worldometers.info/coronavirus/country/uk/
https://www.worldometers.info/coronavirus/country/brazil/
https://www.worldometers.info/coronavirus/country/italy/
https://www.worldometers.info/coronavirus/country/russia/
https://www.worldometers.info/coronavirus/country/saudi-arabia/
https://www.worldometers.info/coronavirus/country/saudi-arabia/
https://www.worldometers.info/coronavirus/country/canada/
https://www.worldometers.info/coronavirus/country/france/
https://www.worldometers.info/coronavirus/country/germany/
https://www.worldometers.info/coronavirus/country/iran/
https://www.worldometers.info/coronavirus/country/turkey/
https://www.worldometers.info/coronavirus/country/south-africa/
https://www.worldometers.info/coronavirus/country/south-africa/
https://www.worldometers.info/coronavirus/country/mexico/
https://www.worldometers.info/coronavirus/country/pakistan/
https://www.worldometers.info/coronavirus/country/bangladesh/
https://www.worldometers.info/coronavirus/country/india/
https://www.worldometers.info/coronavirus/country/china/


 Total cases Total deaths 

Spearman's Rho Total cases Correlation Coefficient 1.000 .921** 

Sig. (2-tailed) . .000 

N 39 39 

Total deaths Correlation Coefficient .921** 1.000 

Sig. (2-tailed) .000 . 

N 39 39 
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Table 3 Correlation coefficients of the number of coronavirus infection cases among 31 Iran's provinces (days between 19 February to 22 March 2020) 
. 
 

Province 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 3

1 

1-Ardabil 1                               

2-Isfahan 0.50 1                              

3-Alborz 0.60 0.65 1                             

4-Ilam 0.40 0.20 0.25 1                            

5-East Azerbaijan 0.58 0.59 0.46 0.37 1                           

6-West Azerbaijan 0.69 0.66 0.49 0.42 0.72 1                          

7-Bushehr 0.67 0.51 0.65 0.62 0.40 0.55 1                         

8-Tehran 0.39 0.48 0.46 0.37 0.67 0.53 0.39 1                        

9-Charmahal-Bakhtiari 0.49 0.13 0.31 0.47 0.0008 0.21 0.51 0.17 1                       

10-South- Khorasan 0.23 0.50 0.41 0.30 0.34 0.38 0.48 0.44 0.40 1                      

11-Razavi-Khorasan 0.21 0.52 0.31 0.60 0.64 0.56 0.50 0.44 0.14 0.42 1                     

12-North-Khorasan 0.47 0.46 0.23 0.06 0.17 0.50 0.27 0.11 0.12 0.19 -0.007 1                    

13-Khuzestan 0.66 0.40 0.55 0.55 0.51 0.61 0.73 0.60 0.29 0.38 0.36 0.46 1                   

14-Zanjan 0.53 0.75 0.68 0.51 0.46 0.54 0.56 0.42 0.27 0.39 0.51 0.35 0.54 1                  

15-Semnan 0.54 0.81 0.70 0.46 0.58 0.61 0.65 0.59 0.47 0.69 0.51 0.33 0.59 0.77 1                 

16-Sistan-Baluchistan 0.34 0.40 0.40 0.33 0.30 0.58 0.56 0.36 0.33 0.27 0.40 0.49 0.57 0.22 0.47 1                

17-Fars 0.73 0.51 0.42 0.45 0.63 0.79 0.43 0.54 0.5 0.33 0.44 0.59 0.62 0.46 0.57 0.64 1               

18-Ghazvin 0.69 0.71 0.75 0.20 0.37 0.51 0.50 0.45 0.55 0.47 0.23 0.40 0.37 0.68 0.65 0.24 0.58 1              

19-Qom 0.005 0.48 0.37 0.25 0.08 0.18 0.26 0.33 0.17 0.15 0.32 0.16 0.14 0.47 0.46 0.53 0.24 0.32 1             

20-Kordistan 0.46 0.60 0.46 0.33 0.31 0.34 0.54 0.25 0.37 0.62 0.35 0.65 0.49 0.67 0.66 0.34 0.47 0.58 0.34 1            

21-Kerman 0.18 0.52 0.35 0.18 0.50 0.63 0.18 0.43 0.03 0.33 0.42 0.44 0.41 0.32 0.54 0.76 0.63 0.19 0.53 0.29 1           

22-Kermanshah 0.57 0.38 0.40 0.54 0.53 0.69 0.45 0.57 0.37 0.34 0.46 0.54 0.77 0.6 0.56 0.6 0.82 0.41 0.30 0.54 0.62 1          

23-Kohgiluye-BoyerAhmad 0.30 0.01 0.31 0.12 -0.03 0.19 0.27 0.23 0.64 0.39 -0.003 0.23 0.37 0.3 0.38 0.25 0.41 0.41 0.10 0.42 0.14 0.55 1         

24-Golestan 0.28 0.53 0.45 0.08 0.23 0.39 0.34 0.16 0.26 0.3 0.26 0.52 0.21 0.45 0.54 0.63 0.49 0.42 0.70 0.64 0.62 0.43 0.36 1        

25-Guilan 0.47 0.55 0.69 0.10 0.40 0.42 0.42 0.52 0.26 0.07 0.38 0.02 0.31 0.57 0.47 0.33 0.41 0.66 0.56 0.22 0.26 0.37 0.28 0.44 1       

26-Lorestan 0.22 0.52 0.51 0.46 0.40 0.34 0.53 0.34 0.43 0.68 0.65 0.07 0.21 0.55 0.68 0.41 0.36 0.44 0.58 0.64 0.42 0.37 0.31 0.66 0.39 1      

27-Mazandaran 0.31 0.41 0.23 0.44 0.27 0.34 0.49 0.18 0.46 0.12 0.43 0.25 0.25 0.37 0.56 0.60 0.46 0.20 0.63 0.41 0.43 0.35 0.20 0.69 0.37 0.59 1     

28-Markazi 0.64 0.48 0.60 0.21 0.51 0.54 0.45 0.69 0.42 0.37 0.22 0.005 0.4 0.47 0.58 0.16 0.48 0.60 0.23 0.19 0.16 0.37 0.39 0.23 0.69 0.35 0.23 1    

29-Hormozgan 0.48 0.41 0.11 0.63 0.25 0.54 0.46 0.22 0.44 0.3 0.29 0.62 0.4 0.35 0.43 0.48 0.63 0.34 0.31 0.49 0.36 0.45 0.07 0.38 -0.006 0.34 0.56 0.14 1   

30-Hamadan 0.41 0.49 0.35 0.40 0.47 0.42 0.62 0.53 0.57 0.8 0.49 0.12 0.4 0.34 0.74 0.41 0.44 0.41 0.27 0.57 0.31 0.36 0.38 0.41 0.24 0.74 0.54 0.55 0.41 1  

31-Yazd 0.74 0.73 0.76 0.44 0.71 0.71 0.74 0.48 0.22 0.36 0.48 0.43 0.72 0.75 0.8 0.51 0.60 0.54 0.35 0.60 0.50 0.60 0.23 0.57 0.55 0.52 0.55 0.54 0.41 0.50 1 
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Table 4 Regression results for Covid-19 death cases of Iran 

Regressor Coefficient 
Standard 

error 
t-statistics probability 

Constant -69.762 124.662 -0.537 0.591 

t 11.645 1.039 11.208 0.000 

t2 -0.210 0.019 -10.952 0.000 

t3 0.001 0.0001 10.150 0.000 

     

Adjusted 2
R  0.999    

Q(1)a 1.014   0.314 

Q(2)a 1.306   0.520 

Jarque Berra 4.382   0.111 

a )p(Q is the significance level of the Ljung–Box statistics in which the first p of the residual 

autocorrelations is jointly equal to zero. 

 

Table 5 The results of ARMA model for Covid-19 death cases of world and Iran 

 
Regressor Coefficient 

Standard 

error 
t-statistics probability 

World Constant 221.902 25.073 8.85 0.000 

 AR(1) 1.311 0.003 331.90 0.000 

 AR(2) -0.268 0.004 -60.67 0.000 

 AR(8) -0.128 0.002 -51.55 0.000 

 Resid^2(-1) 2.812 0.261 10.761 0.000 

      

 Adjusted 2
R  0.918    

 Q(1)a 1.803   0.179 

 Q(2)a 2.511   0.285 

 Jarque Berra 8.704   0.012 

Iran Constant 5427.451 3119.420 1.73 0.084 

 AR(1) 1.999 0.018 109.53 0.000 

 AR(2) -0.999 0.018 -54.75 0.000 

 MA(2) -0.286 0.090 -3.15 0.002 

      

      

 Adjusted 2
R  0.996    

 Q(1)a 1.200   0.273 

 Q(2)a 1.359   0.507 

 Jarque Berra 1.226   0.120 

a )p(Q
is the significance level of the Ljung–Box statistics in which the first p of the residual 

autocorrelations is jointly equal to zero. 

 

 

 

Table 6 Confusion matrix of the random forest model (On March 11th, 2020) 
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                                   0 (No)                               1 (Yes)                                           Class error 

0       (No)                  4312                                   951                                                    0.181 

1      (Yes)                 1274                                   3989                                                  0.242 

 

 

Table 7 The AUC value of COVID-19 risk maps using RF MLT 

AUC values 
Standard 

 Error 

Asymptotic 

Significant 

Asymptotic 95% Confidence Interval 

Lower Bound Upper Bound 

March 11th  0.866 0.005 0.000 0.856 0.877 

March 17th  0.836 0.004 0.000 0.829 0.844 
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