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Coronavirus-19 (COVID-19), as the most recent global pandemic, has significantly affected 

individuals' daily habits and mobility. These alterations have been related to location, and they 

can be predicted using Geospatial Artificial Intelligence (GeoAI) modeling. GeoAI and geo-

visualization serve as essential tools for gaining clearer insights into the application of spatial 

phenomena in reality. Digital Twin (DT) as a visualization technology combines software and 

human efforts in research, particularly in healthcare. They create virtual replicas of patients 

for disease modeling, allowing for personalized medicine by simulating disease progression 

and treatment responses. This enhances predictive accuracy and helps develop tailored 

therapeutic strategies. This paper aims to detect spatial patterns and effective criteria in the 

outbreak of COVID-19 using GeoAI within the framework of DT. The main contribution is 

the application of kernel-based algorithms to the disease distribution pattern. The applied data 

is organized into three general categories: infrastructure (distance to road, land use), 

environment (traffic congestion, air pollution), and socioeconomic (population density, gender 

ratio, income, education level). Each of these categories has its own sub-criteria. The 

Multilayer Perceptron (MLP) considers the relationships of input targets based on a normal 

distribution, while the Radial Basis Function (RBF) technique considers the assumption of a 

radial influence zone. The COVID-19 dataset was collected over four months from eight 

hospitals in Tehran. The interpretation of the results indicates that the RBF network, with an 

RMSE of 1.77e-08, models the COVID-19 outbreak more accurately than the MLP, which 

had an RMSE of 0.0037. The application of DT with MLP and RBF represents a powerful 

approach to modeling and simulating complex systems. Utilizing the Artificial Neural 

Network (ANN) algorithm within the digital twin framework, health centers can achieve 

enhanced predictive capabilities and real-time responsiveness, improving treatment processes 

across various medical domains. 
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1. Introduction  

 The pandemic caused by Coronavirus-19 (COVID-19) 

has a specific form of outbreak. This is the latest global 

pandemic. The outbreak of this disease has had a huge 

impact on changing people's lifestyles and daily 

movement patterns. Since social distancing was 

considered the most effective way to prevent transmission, 

many daily activities such as going to work, shopping, and 

commuting changed during the outbreak. These changes 

were location-based and can be predicted using Geospatial 

Artificial Intelligence (GeoAI) modeling (Baser, 2020; 

Neisani Samani et al., 2022; Atek et al., 2022).  

GeoAI and digital geovisualization are technologies for a 

finer perception of the actions of spatial phenomena in the 

real world (Uhlenkamp, 2019) and such a significant 

capability in virtual space. The term "Digital Twins" (DT) 

as a type of as a visualization technology in virtual space has 

generated significant interest in academia and business 

(Uhlenkamp, 2019; Callcut et al., 2021). DT is a virtual 

representation of physical assets and interacts with its real-

world counterpart (Andrade, 2021). Key capabilities of 

digital twin technology include real time monitoring, 

planning, optimization, maintenance, and remote access. 

As digital twins are applied across different sectors, their 

application could rise significantly in the upcoming 

decades (Singh, 2021; Chen et al., 2021; Agrawal et al., 

2023). DT predicts the performance of a product or 

process. DT utilizes advanced analytics capabilities, 

monitoring, forecasting, testing processes, and service 

providers will save costs and time in processes (Guo, 

2021; Quilodrán-Casas et al., 2022).  

 In this paper, the pattern of disease outbreaks is 

predicted using GeoAI methods and the results are shown 

in a digital twin virtual space. Artificial Neural Network 

(ANN) algorithms include MLP (Multilayer Perceptron) 

and RBF (Radial Basis Function) have been used in this 

research. ANNs methods are adept at regression tasks, 

making them suitable for predicting future states of the 

system based on historical data. Algorithms can process 

and analyze data or process responses to changes in a 

monitored physical system. MLP could handle the 

relationships between input and target based on a normal 

distribution, while RBF considers the assumption of a 

radial influence zone. The DT framework facilitates data 

processing and enhances predictive capabilities for 

various applications. By analyzing data patterns using 

MLPs and RBFs, unusual actions and potential problems 

are identified. Also, spatial data can enrich health 

databases. Comparing the results of each algorithm, a 

more accurate method can be identified and utilized to 

diagnose the infectious disease outbreak model. Also, the 

DT proactive monitoring is crucial for maintaining system 

integrity and performance (Kamel Boulos et al., 2019; 

AlZyoud et al., 2022; Jiang et al., 2022). 

 The latest researches were reviewed to identify the 

impact of environmental and spatial criteria on the spread 

of pandemics such as COVID-19 and the application of 

digital twin technologies and artificial intelligence in the 

field of geographic information system (GIS) health.  

These studies can be categorized into several subjects. The 

first category focuses on research that identifies the critical 

criteria for the propagation of COVID-19, utilizing 

artificial neural networks (ANN) and geographic 

information systems (GIS) methods. Rahnama and 

Bazargan (2020) identified areas and populations at higher 

risk for disease in Iran. A GIS serves as a valuable tool for 

managing and analyzing spatial information. This research 

focuses on a geospatial study of COVID-19 to model its 

epidemiological spread within the country. Neysani 

Samany et al., (2021) studied the highest-risk locations 

around hospitals treating COVID-19 in Tehran, using the 

MLP-ANN method. The findings show a meaningful 

correlation between how far patients are from the hospital 

and the number of patients present. The sensitivity 

analysis revealed that patient transaction volumes and the 

distance to the hospital, along with non-residential 

hospital usage, are the two key elements influencing the 

virus's transmission. Neisani Samani et al., (2022) 

assessed the spatio-temporal traffic flow trends in Tehran 

before and during the COVID-19 pandemic through non-

linear regression analysis. The findings indicate that the 

time series ANN model developed is capable of accurately 

forecasting spatio-temporal traffic volumes. Melchane et 

al., (2024) employed machine learning approaches and 

feature extraction techniques to improve the forecasting of 

COVID-19 cases. The techniques used in their research 

comprised Deep Neural Networks (DNN), Random 

Forests (RF), and Extreme Gradient Boosting (XGBoost). 

Results indicate that the deep learning approach 

outperforms the other two in terms of accuracy. 

 Another set of studies examined the use of diagnostic 

tools in disease identification. Allen et al., (2021) 

developed a DT model for stroke patients that assesses 

medical characteristics to predict potential pathways 

leading to acute clinical events. This model goes beyond 

simply using global illness codes by incorporating 

laboratory values as inputs. The findings indicate that the 

DT model can enhance clinical decision-making and 

provide virtual management resources for more efficient 

medical trials through accurate predictions of patient 

pathways. Quilodrán-Casas et al., (2022) introduced an 
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urban model leveraging artificial neural networks and 

digital twins to analyze COVID-19 in the British. This 

model investigates spatial changes. Predictions are based 

on Long Short-Term Memory (LSTM) techniques and 

compared with predictions based on Generative 

Adversarial Networks (GANs). Chen et al., (2022) 

evaluate using artificial intelligence algorithms and digital 

twins to improve COVID-19 management in smart cities. 

They identify shortcomings in current public health 

strategies and introduce a digital twin model called 

COVID-DT, which combines blockchain technology and 

deep learning to simulate epidemic prevention and control 

efforts. The simulation results indicate that the COVID-

DT model achieves better results. The model provides a 

robust framework for enhancing information security and 

epidemic management in smart cities. Zhang et al., (2023) 

examined the spatial distribution of the Omicron variant 

of COVID-19 across the United States.  Their research 

used space-time scanning statistics, the Hoover index, and 

disease spread trajectories to analyze the spatiotemporal 

dynamics of the Omicron wave. Neves et al., (2023) 

highlight the influence of climate on the distribution, 

incidence, and mortality rates associated with COVID-19. 

In Brazil, from 2020 to 2021, a modeling approach was 

employed to evaluate the climatic conditions conducive to 

COVID-19 cases, focusing on metrics like cumulative 

incidence, mortality, and fatality rates. To assess the 

effects of temperature, precipitation, and humidity, seven 

statistical algorithms were applied. Findings revealed that 

the annual temperature range and the seasonality of 

precipitation had a notable impact on case distribution. 

Higher incidence rates were observed in Brazil's northern 

and southern regions, whereas the Midwest and Southeast 

regions had elevated mortality and fatality rates. The 

results are that although social, viral, and human factors 

contribute to the spread of the disease, climate serves as a 

significant co-factor, particularly in regions with high 

climatic suitability during the analyzed timeframe. 

The difference between the present research and 

previous studies is that this paper focuses on two main 

aspects: the learning process and the 3D geovisualization 

of the results in a virtual space, and using kernel-based 

algorithms to analyze disease distribution patterns. The 

highlights of the paper are such as: DT technology is used 

as a simulation environment to illustrate disease outbreak 

patterns. The MLP and RBF were applied to consider the 

relationships of input targets based on a normal 

distribution and the assumption of a radial influence zone. 

The MLP considers the relationships of input targets based 

on a normal distribution, while the RBF technique 

considers the assumption of a radial influence zone.   

By utilizing the methods proposed in this paper, we can 

gain more precise insights into health events and disease 

outbreaks. This enhanced understanding can bolster the 

preparedness of healthcare professionals and optimize 

budget allocation within medical facilities. 

1. 1. Study Area  

Tehran is the most populous city and capital of Iran, the 

capital of Tehran Province and Tehran County. The city 

had a population of 9,039,000 in 1401 and, according to 

the 2018 United Nations estimate, is the 34th most 

populous city in the world and the most populous city in 

West Asia. The Tehran metropolitan area is also the 

second most populous metropolis in the Middle East. (See 

Figure 1). This area has many clinics and hospitals that 

accepted patients during the outbreak of COVID-19.  This 

research uses data from 8 hospitals in Tehran dedicated to 

treating COVID-19 for a period of 4 months. (Neisani 

Samani et al., 2023). 

 

 
Figure 1. Study Area Overview. 

2. Methods and Materials 

 This paper proposes a four-stage procedure. The first 

step involves capturing data related to COVID-19 patients 

and relevant spatial factors. Then, a 3D representation of 

the data is created.  In the third stage, the two algorithms, 

MLP and RBF, were implemented separately and their 

results were compared. The final step involves strategic 

decision-making. All these steps are framed within the 

digital twin framework (see Figure 2).  

The ANN algorithms considered include RBF and MLP. 

Figure 3 is a flowchart of the research method.  

 



 
 Earth Observation and Geomatics Engineering, Volume 7, Issue 2, 2023 

 

 
69 

 

Figure 2.  The framework for digital twins and its associated steps. 

 

Figure 3. Flowchart of the Proposed Method. 

2.1. MLP 

 An MLP is used in many problems that involve 

complex nonlinear equations, with the aid of appropriately 

defined weights and activation functions. Activation 

functions are used in neurons based on the suitability of 

the specific task. Neurons are the fundamental 

components of layers in neural networks. An MLP 

consists of three types of layers, called the input layer, the 

hidden layer, and the output layer.  Neurons in each layer 

are interconnected with neurons in the other layers, but 

they do not connect to other neurons within the same layer 

(Ghanou & Bencheikh, 2016; Neisani Samani et al., 

2020). A key difficulty in these networks is figuring out 

the ideal quantity of hidden layers and the number of 

neurons per layer, as there are differing opinions on this 

matter. It has been demonstrated that an ANN with one 

hidden layer utilizing a sigmoid activation function as 

stated in Eq.1, a linear activation function in the output 

layer can accurately approximate any desired function to 

any level of precision, assuming there are enough neurons 

present in the hidden layer (Martins et al., 2004). 

O = 1/1 +e net (1) 

In an artificial ANN model, inputs are entered into 

neurons represented by the vector x. Each neuron receives 

an input signal, with a corresponding communication 

weight. This weight vector, denoted as W, consists of 

individual weights w1......, wn multiplied by each input 

signal. The resulting values are aggregated within the 

neuron to compute the output value (Martins et al., 2004) 

(Eq. 2): 
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NET = ∑ 𝑥𝑖𝑤𝑖
𝑛
𝑖=1    (2) 

2.2. RBF 

 RBF is a type of ANN with three layers: input, 

intermediate / hidden, and output. The input layer has high 

dimensionality and contains multiple nodes. The 

intermediate layer has n nodes, each centered on specific 

centers Cn. In the intermediate layer, the process begins 

by calculating the distance from the input vector to the 

designated center, followed by the applying of the transfer 

function φ. The output, denoted as y, is then generated as 

a numerical value in the output layer. The output layer 

performs a linear transformation that combines the values 

from the intermediate layer. In this context, N typically 

represents the number of intermediate layer nodes, while 

m denotes the number of input data points. The RBF 

algorithm is fundamentally based on the distance from a 

given point to the center of the intermediate layer. If the 

relationship φ (x) = φ (||x||) holds, φ is classified as a radial 

basis function. Therefore, φ applied to vectors in RN space, 

it is expressed just as a function of distance. The function 

Φ can take various numerical forms. The points illustrate 

the implementation of the Euclidean Distance Matrix 

(EDM) using the Φ function (See Eqs. 3 and 4) (Haijun et 

al., 2023). 

𝐸𝐷𝑀 = [
||𝑥1  − 𝑥1 ||   ||𝑥1  − 𝑥2 ||  ⋯ ||𝑥1  − 𝑥𝑛 || 

⋮ ⋱ ⋮
||𝑥𝑛  − 𝑥1 ||   ||𝑥𝑛  − 𝑥2 || ⋯ ||𝑥𝑛  − 𝑥𝑛 || 

] (3) 

𝑓(𝑥) = 𝑎1 ∅ (‖𝑥 − 𝑥1‖) + ⋯+ 𝑎1 ∅ ( ‖𝑥 − 𝑥𝑛‖)  (4) 

 The function f(x) estimates the constant coefficients of 

a function represented by [a1, …..., an]. The symbol Φ 

denotes the transfer function, which is a nonlinear function 

mapping from 𝑅+ 𝑅. Some radial basis transfer φ 

depends on the distance function and a shape coefficient 

(ε); they also take into account the increase in length and 

the expansion of the function. It is the standard deviation 

of the normal distribution (σ), where ε2 = 1/2σ2 (Fornberg 

& Piret, 2008). The transformation of the elements is 

Φ(A)ij = Φ(Aij), it is used to convert the numerical function 

φ into the matrix φ. In the context of the EDM, the function 

φ is utilized, and the resulting matrix is referred to as the 

transfer matrix. The influence of the transfer function on 

the radial estimate can be evaluated. Once the type of 

transfer function is specified, the coefficients a1, ….,an in 

the input data x(x1, x2, ……, xn) can be determined by 

solving the p-number (See Eq. 5) (Haijun et al., 2023): 

𝑎1 ∅ (‖𝑥1 − 𝑥1‖) + ⋯+ 𝑎𝑝 ∅(‖𝑥1 − 𝑥𝑛‖) =  𝑦1 

(5) 

𝑎1 ∅ (‖𝑥2 − 𝑥1‖) + ⋯+ 𝑎𝑝 ∅(‖𝑥2 − 𝑥𝑛‖) =  𝑦2 

…….. 

𝑎1 ∅ (‖ 𝑥𝑝 − 𝑥1‖) + ⋯+ 𝑎𝑝 ∅(‖𝑥𝑛 − 𝑥𝑛‖) =  𝑦𝑚 

This set is valid if the vectors xi ≠ xj for i ≠ j and the n×n 

matrix derived from the set of equations is inverted. All p 

data points in this model can utilize to balance complexity 

and accuracy; alternatively, the number of k points C1, …, 

Ck can consider as the centers for the Radial Basis 

Function, where k << n (Eq. 6) (Haijun et al., 2023): 

𝑓𝑝(𝑥) = 𝑎1 ∅ (‖𝑥 − 𝑥1‖) + ⋯+ 𝑎𝑝 ∅(‖𝑥 − 𝑥𝑛‖)  (6) 

𝑓𝑘(𝑥) = 𝑎1 ∅ (‖𝑥 − 𝑥1‖) + ⋯+ 𝑎𝑘 ∅(‖𝑥 − 𝑥𝑛‖)   

Assuming the output is multi-dimensional, the function 

is generalized; specifically, it involves the vector of 

coefficients, denoted as α, and the matrix of coefficients, 

denoted as W. The RBF network differs slightly from the 

display mode, as it consists of two mapping layers. First, 

the dimensions of the mapping space transform from Rn 

to RK, and then to the output layer Rm (See Eq. 7). Here, k 

is the number of rows for the kernels, and n is the number 

of targets: 

𝑥 →

[
 
 
 
 
 
‖𝑥 −  𝐶1‖

‖𝑥 − 𝐶2‖.
.
.

‖𝑥 − 𝐶𝑘‖]
 
 
 
 
 

 →  ∅ 

[
 
 
 
 
 
‖𝑥 −  𝐶1‖

‖𝑥 − 𝐶2‖.
.
.

‖𝑥 − 𝐶𝑘‖]
 
 
 
 
 

 → 𝑊 

[
 
 
 
 
 
∅ (‖𝑥 −  𝐶1‖)

∅ (‖𝑥 − 𝐶2‖).
.
.

∅(‖𝑥 − 𝐶𝑘‖)]
 
 
 
 
 

 = 

[
 
 
 
 
 
𝑦1

𝑦2

.

.

.
𝑦𝑛]

 
 
 
 
 

 

 

𝑦ℎ (𝑥) =  ∑𝑊𝑗ℎ 

𝑘

𝑗=1

 ∅𝑗  (‖𝑥 − 𝐶𝑗‖) (7) 

 In Eq. 7, W represents the matrix of output weighting 

coefficients from the hidden layer to the output layer (Wjh). 

The dimension of W is increased by maintaining the 

linearity of the problem and adding the bias vector b. The 

network train with fixed centers (points) C1, ..., Ck, using 

the data to determine the weight matrix and the bias vector 

b. This process can be carried out with all the data once, 

or by updating the weight function in several steps while 

increasing the number of RBF kernels.  

2.2.1. Network training of the RBF 

To perform training operations, the information is split 

into training and validation sets. Then, the wide variety 

and proximity of RBF facilities and the characteristics of 

switch φ are determined. Training by way of performing 

the problem of linear algebra for weights and biases, a 

system of equations is shaped using every enter pair x and 

every output y. Here, W represents an m × k weight matrix, 

Y denotes the m × p matrix formed by p column vectors in 

IRm. The matrix representation of the equations to solve is 
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outlined. To address this collection of matrix equations, 

refer to Eq. 8: 

WΦ = Y (8) 

Where Φ is a k × p Transpose Matrix and each column 

represents the function of the corresponding base radius 

(See Eq. 9). 

Φj = φj (|| x – cj||) (9) 

This should increase the dimension of the matrix Φ by 

adding another row for the bias section. To optimize the 

weight matrix, an appropriate error function is employed. 

A standard method is the sum of squares error function 

(See Eq. 10). 

𝐸 =
1

2
 ∑∑[ 𝑦ℎ  (𝑥𝑖)− 𝑡ℎ,𝑖

 ] ^2 

𝑚

ℎ=1

𝑛

𝑖=1

 (10) 

Which tm,n is the target value for the network output ym, 

when the enter vector of the network is xn.  The matrix W 

is calculated by inverting Φ (See Eq. 11): 

 W = YΦ + (11) 

If the determinant of the matrix Φ is zero, value analysis 

must be used to solve the equation Φ-1.  Using the results 

of the weight and bias matrices, along with the RBF 

network matrix, the value of the variable at a new point 

can be determined. 

3. Implementation 

 In this section, the research implementation method is 

explained. The first part introduces the applied data 

organized into three general categories: infrastructure, 

environment, and Socioeconomic. Each of these categories 

has its own sub-criteria (Neisani Samani & Alesheikh, 

2019; Foruzandeh et al., 2024). Table 1 presents the 

criteria and sub-criteria used in the research. The second 

part describes the implementation of ANN algorithms, 

detailing the algorithmic processes and results obtained 

from the research. The third part outlines the sensitivity 

analysis.   

3.1. Data  

 The proposed algorithm is run to evaluate the influence 

of infrastructural, environmental, and socioeconomic 

factors in the study area. The applied data include a 

normalized map of the criteria, such as distance to road, 

land use, traffic congestion, air pollution, population 

density, gender ratio, income, and education level (See 

Table 1), which serve as input parameters for the designed 

ANN-MLP and ANN-RBF models, along with the 

location of patients over four months from eight hospitals 

in Tehran in 2020.  

 Figure 4 displays the effective criteria and the criteria 

with less impact. The results of implementing the method 

in this paper indicate that the two criteria of land use and 

population density have the most impact, and the criterion 

of distance from the road has the least impact.  

Figure 5 displays the output of the disease prediction 

model implemented within the framework of the DT.  

Table 1. Criteria and sub-Criteria applied in research. 

In
fr

a
st

ru
ct

u
ra

l 

D
is

ta
n

ce
 

to
 r

o
a
d

 

A road is a route on the ground between two places, made so that it is possible to travel between those two 

points. The road density ratio depends on the road type (Flügel et al., 2022). 

L
a

n
d

 u
se

 

 Land use involves managing and modifying the natural environment to create environments such as 

settlements and semi-natural habitats (Kartawisastra et al., 2022). 

E
n

v
ir

o
n

m
en

ta
l a
ir

 

p
o

ll
u

ti
o

n
 

Air pollution is one of the leading environmental causes of diseases and premature deaths worldwide. 

Pollution sources emit a mixture of all pollutants (Valk et al., 2021;Yates et al., 2022). 

T
ra

ff
ic

 

co
n

g
es

ti
o

n
 

The patterns of urban road traffic congestion during the COVID-19 pandemic were markedly different from 

those observed in the days leading up to it (Almatar, 2023). 
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S
o

ci
o

ec
o

n
o

m
ic

 

 

E
d

u
ca

ti
o
n

 

le
v

el
 

The number of years of education a person spends. (Stroffolini et al., 2020). 
P

o
p

u
la

ti
o

n
 

d
en

si
ty

 Population density is a way of measuring the population per unit area or volume that has been used many 

times for living organisms, especially humans. The unit of population density is people per square kilometer. 

Population density is one of the most essential characteristics of an urban area (Baser, 2021). 

In
co

m
e 

 In economic terms, income refers to the compensation received for utilizing production factors that 

individuals possess, which can manifest as wages, rental income, interest, or profits (Orbawati, 2022). 

G
en

d
er

 

ra
ti

o
  The gender ratio within a population is defined as the comparative number of individuals of one gender to 

that of the opposite gender (Grech, 2015).  

   

(a) (b) (c) 

Figure 4. The map illustrates the criteria used in the study. The two criteria include: population density and land 

use, have the greatest impact on disease prevalence, but the criterion of distance from roads has the least impact. 

The components are: (a) Population density, (b) Distance to roads, (c) Patient density. 

 

Figure 5 illustrates a segment of the study area. Shariati 

General Hospital is located in District 6 of Tehran 

Province, on Jalal-e-Ale Ahmad Street. It served as a 

critical medical center during the COVID-19 outbreak, 

treating many patients. The red circles represent the 

pattern of disease outbreaks, with Shariati Hospital at the 

center of the largest circle. The surrounding buildings 

consist of residential and commercial properties. 
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Figure 5. Output of the Disease Prediction Model Implemented within the Digital Twin Framework (Right figure) (The 

location of the hospital is plotted on a satellite image that is the base map of Google Maps (Left figure)). 
 

3.2. Running MLP and RBF 

Figure 6 presents the results of running MLP and RBF. 

The interpretation of the results indicates that the RBF 

network, with an RMSE of 1.77e-08, models the COVID-

19 outbreak more accurately than the MLP, which has an 

RMSE of 0.0037. The architecture of the designed ANN 

is configured with eight neurons in the input layer, three 

hidden layers, each containing 15 neurons, and five 

neurons in the output layer. The activation function used 

for the MLP is sigmoid, while the RBF employs a 

quadratic activation function. 

The implementation of two applied algorithms in this 

research is in MATLAB 2016 software. The computer 

running the above program has the following 

specifications: Intel Core i7 processor @ 3.20 GHz and 4 

GB RAM. 

 

 

  

 

  
(a)  (b)  

Figure 6. Performance of  a) RBF, b) MLP 

 

3.3. Sensitivity Analysis 

Sensitivity analysis in GIS is a vital tool for 

understanding how variations in input data affect spatial 

model outputs. This approach is essential in environmental 

modeling, urban planning, and Health resource 

management, where decisions based on GIS analysis can 

have significant implications (Crosetto & Tarantola, 

2001). 
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Variance-Based Techniques: These methods assess how 

variations in input parameters contribute to the general 

uncertainty in model outputs. Techniques like the 

extended Fourier Amplitude Sensitivity Test (FAST) 

allow for efficient estimation of sensitivity indices without 

requiring separate model runs for each input variable 

(Mowbray, 2022). 

Monte Carlo Simulations: This probabilistic method 

involves running simulations multiple times with 

randomly varied inputs to observe the range of possible 

outcomes. It effectively captures the uncertainty inherent 

in complex models (Mowbray, 2022).  

One-at-a-Time (OAT) Analysis: This straightforward 

approach varies one input at a time while keeping others 

constant, making it easier to identify the impact of 

individual variables on output results (Mowbray, 2022). 

 In this paper, OAT was used for spatial analysis, 

sensitivity analysis was performed by removing each 

criterion, and the accuracy of the desired artificial neural 

network was calculated. As a result of the analysis, 

population density and land use were identified as the most 

important criteria in the spatial spread of COVID-19. The 

distance to the road criterion has less impact on the study 

results. The sensitivity results in MLP and RBF are the 

same. Table 2 shows the results of the research sensitivity 

analysis in MLP and RBF. 

 
Table 2. The sensitivity analysis results in RBF and MLP. 

Criteria 
R in 

RBF 

R in 

MLP 

RMSE 

in RBF 

RMSE 

in 

MLP 

Distance to 

road 
99.681 99.214 1.77e-5 1.25e-5 

Air 

pollution 
99.574 99.415 

1/45E-

04 

1/45E-

04 

Gender 

ratio 
99.524 99.214 1.42e-5 1.21e-5 

Education 

level 
99.414 99.025 1.21e-5 1.58e-5 

Traffic 

congestion 
99.258 99.155 1.2e-6 1.14e-6 

Landuse 94.247 93.122 1.4e-3 1.27e-3 

Population 

density 
93.132 93.541 1.76e-3 1.5e-3 

 

4. Discussions 

A DT is a virtual model that reflects a physical system, 

process, or product, facilitating simulation and analysis. It 

incorporates real time information to accurately represent 

the condition and actions of its physical equivalent. In this 

research, MLP and RBF are forms of ANN utilized within 

the DT framework to improve predictive functionalities 

via ANN techniques. The advantages of implementing 

these approaches in the context of DT are outlined below: 

 - MLPs and RBFs can effectively handle large datasets, 

making them suitable for complex DT virtual space 

applications involving multiple variables and interactions. 

- Digital twin technology can be designed for various 

applications, including industrial processes and 

healthcare, and can define broad frameworks with specific 

objectives. 

- MLPs and RBFs can enhance the accuracy of predictions 

made by DT, leading to improved insights and operational 

efficiencies. 

According to the benefits, there are some challenges as 

stated: 

- Training MLPs and RBFs requires significant 

computational resources, significantly as the complexity 

of the model increases with more layers and neurons. 

- There is a potential for overfitting when using MLPs and 

RBFs, particularly with limited training data. 

Regularization techniques are essential to mitigate this 

risk.  

5. Conclusion 

 This paper aims to identify the spatial patterns of 

COVID-19 in Tehran, the capital of Iran. It seeks to 

determine the most relevant spatial criteria associated with 

the outbreak of the infectious disease. The methods 

employed in this study include MLP and RBF networks. 

The target criteria encompass distance to roads, land use, 

traffic congestion, air pollution, population density, 

gender ratio, income, and education level, with the 

patients' locations serving as the output. The 

implementation results indicate that the RBF network 

effectively captures the kernel-based behavior of COVID-

19, exhibiting a lower root-mean-square-error (RMSE) 

and enabling more accurate modeling of the outbreak 

compared to the MLP network. Digital twins are used to 

simulate and visualize the dynamics of the disease 

outbreak. Sensitivity analysis results reveal that 

population density and land use are recognized as the most 

important factors in the spatial outbreak of COVID-19, 

while distance to roads is considered the least influential 

factor. These sensitivity results are consistent for both 

MLP and RBF networks.  

6. Suggestions 

To enhance the study, the following recommendations 

are provided for researchers: (1) Integrating 

epidemiological data with real time mobility statistics 

within the digital twin model can facilitate new 

investigations, improving the precision and immediacy of 

https://www.tandfonline.com/doi/pdf/10.1080/13658810110053125
https://www.tandfonline.com/doi/pdf/10.1080/13658810110053125
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predictions related to COVID-19 transmission. (2) The 

digital twin framework can be utilized to simulate various 

intervention approaches (such as lockdowns, mask 

mandates, and vaccination initiatives) and evaluate their 

influence on the spread of COVID-19. (3) To broaden the 

scope and relevance of spatial health research, the model 

established in this study can be applied to understand the 

transmission dynamics of other infectious diseases. 
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