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Abstract: In recent years, Artificial Neural Networks (ANN) was widely implemented for
developing predictive and estimation models to estimate the needed parameters. As the
Coronavirus disease 2019 (COVID-19) case numbers are rising internationally as
uncontrolled outbreaks, it is important to better understand what factors promote the super
spreading events. In this paper, the use of Multi-Layer Perceptron (MLP) and Radial Basis
Function (RBF) of ANN for COVID-19 spread and death contributing factors in America
was described. A comparison was made by using a dataset of COVID-19 cases and deaths
reported from 49 states in America during April 2020. Seven covariates used in the network
which are High Temperature, Low Temperature, Average Temperature, Population,
Percentage of Cases over Population, Percentage of Death over Population, and Total
Cases. However, the performance of MLP and RBF networks may be evaluated relatively
similar. It was found that both MLP and RBF proved that the Population, Percentage of
cases over population, and Total cases are the most contributing factors towards COVID-19
spread and death in America particularly.
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1. INTRODUCTION

A present worldwide pandemic Coronavirus disease 2019 (COVID-19) is an illness
caused by an infectious disease which is severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) [1]. Approximately 170,000 confirmed cases of COVID-19 have been
registered, including an estimated 7,000 deaths in about 150 countries worldwide [2]. A total
of 4,226 cases of COVID-19 were reported in the United States as of March 16, with reports
drastic rising to 500 or more cases per day starting on March 14. In order to reduce the spread
of COVID-19 effectively, it is important to better understand what factors promote the super
spreading events [3]. The success of Artificial Neural Networks (ANN) stems mainly from the
ability to model not only linear but also non-linear problems effortlessly, and the realistic
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analysis of issues identified using curvilinear models [1]. The Multilayer Perceptron (MLP)
and Radial Basis Function (RBF) networks are the basic classic ANN topologies which widely
working as classificatory.

The networks of the MLP were first proposed by [2]-[4]. Numerous successful researches
that used the MLP were found [5]-[7]. Among the most studied and most widely used network
topologies are one-way multilayer networks of the multilayer perceptron type. On the other
hand, the way of RBF networks process information is different. The topology of RBF was
proposed by Dave Broomhead and David Lowe [8], [9], as well as John Moody and Christian
Darkin [10]. The RBF is a type of feed-forward neural network which uses a supervised
training method to learn. It represents a different when compared to sigmoid networks in
which the method of mapping the input set into the output file [11], [12]. This transformation
consists of matching the function of multivariate approximation to the necessary values. The
RBF network typically needs more neurons than one-way networks with the feature of
sigmoid activation for construction. Similar to MLP, the RBF network is also widely known
for its capabilities in estimation and predication [13], [14].

Considering the great potential of the MLP and RBF, this paper aims to establish a study
on MLP and RBF in investigating the contributing factors for COVID-19 spread and death in
America. The employment of the ANN is expected to contribute in understanding the
contributing factors of the COVID-19 spread and death. The arrangement of the remainder of
this paper is as follows: The data background is elaborated in Section 2. Section 3 includes
the outlines of our research methods, including the description of MLP and RBF structures.
In Section 4, our results are discussed. Finally, we present our conclusion in Section 5.

Data Background

The COVID-19 dataset which includes the number of cases and death were collected
from the European Centre for Disease Prevention and Control (ECDPC), global geographical
climate data were taken from the Weather Forecast, and population data were obtained from
the Current World Population. The descriptive statistics data can be seen in Table 1, and the
dataset from cases and deaths reported from 49 states in America is tabulated in Table 2.

Table 1 Descriptive Statistics of Asia |

TO
HIG || ow | AY TOTA |TAL | % |2
H G |PopPUL DE
TEm | TEM |t | aTiON | L DE | CAS| AT
P CASE |AT |ES
P MP . H
N ?ta“s“ 49 |49 |49 |49 49 49 |49 |49
Range ?ta“s“ 659 |59 |58.3 3209991 875288 2779 0.37 | 0.04
l':"n']”'m ?ta“s“ 208 |19.4 |253 |3480 1 o lo o
Maxi | Stalisti | g5 5 | 784 | g3 | 3310026 | go00a9 (9779 | 37 | 0,04
mum C 51 6
Statisti | 3875, | 3153, | 3515 | 1021658 | 110486 | 7090
Sum | o 5 9 3 |570 3 5 |22 |015
Mean | Statisti | 79.00 | 64.36 | 71.7 | 2085017 | 22548. | 1447 | 0.04 | 0.00
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Table 2 America’s COVID-19 Cases and Death Data — April 2020
év AVG o
HiG | LO | AVG TOT | TOT | % °
N W | TEM | POPULAT |AL |AL |cCAS
o | COUNTRY H ITem [P  |1ON(2020) |cAs |DEA |ES/ | DPEA
TE 1p es |tH |pop | TH
MP POP
in °F
1 | Anguilla 82.4 | 770 |797 | 15003 1 0 8'006 0
5 Antigua_and_Barb 849 | 741 | 795 | 97929 17 3 0.017 | 0.0030
uda 4 6
3 | Argentina 741 |565 |653 |45195774 | 3306 | 190 2'007 2'0004
4 | Aruba 88.7 | 784 |83.6 |106766 50 |2 2'046 3'0018
5 | Bahamas 822 |66.7 | 745 | 393244 66 |11 2'016 8'0028
6 | Barbados 86.0 | 754 |80.7 | 287375 46 |7 8'016 2'0024
7 | Belize 87.8 | 716 |79.7 | 397628 15 |2 3'003 8'0005
8 | Bermuda 709 |62.4 |66.7 | 62278 84 |6 8'134 2'0096
9 | Bolivia 62.6 |19.4 |41.0 |11673021 | 1003 |53 8'008 2'0004
10 | Bonaire.  Saint | 824 | 752 | 78.8 | 26.223 6 0 0.022 | 0.0000
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16 | Colombia 887 |76 |824 |50882801 | 5413 |264 | g0 0|00
17 | Costa_Rica 83.1 | 658 |745 |5049118 |383 |4 2-007 g.oooo
18 | Cuba 835 |60.6 | 766 |11326616 | 1207 |54 |0t | 900"
19 | CuraAgao 88.0 | 77.9 |83.0 | 164,003 7 0 2-004 0
20 | Dominica 86.0 | 7.6 |78.8 | 71,986 5 0 8-007 0
21 | DOMINCANREPWD | g37 | 725 | 781 10847010 |51 251 | OO | 0003
22 | Ecuador 60.6 | 504 |60.0 | 17643054 | 22709 821 | 1% 2-0046
23 | EI_Salvador 90.0 | 66.2 |78.1 |6486205 |345 |9 2'005 2-0001
24 | Falkland_Islands_ 1 4a 5 1570 | 425 | 3480 13 o |93
(Malvinas) 6
25 | Greenland 20.8 | 20.7 | 253 | 56770 1 0 3-001 0
26 | Grenada 86.0 | 779 |820 |[112523 1 o 2%
27 | Guatemala 820 |60.8 | 714 |17915568 | 549 |15 | 003 | 2:09%0
28 | Guyana 851 | 759 [805 | 786552 0 |7 | 9008|008
29 | Haiti 806 | 73.4 |8L5 |11402528 |61 |6 g.ooo g.oooo
30 | Honduras 86.0 |69.8 |77.9 |9,004607 630 |64 | 5000|2000
31 | Jamaica 86.0 | 716 | 788 |2061167 358 |6 | 0| 00992
i 0.0013
32 | Mexico 80.2 |54.1 |67.2 128932753 | 16705 | 1704 | 0013 |,
33 | Montserrat 87.8 | 752 | 815 |4992 7 2 2-140 2-0400
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Saint_Vincent_an 0013
41 | 4 ihe Gromdines | 842 | L6 | 77.9 | 110040 15 0 |gp |0
42 | Sint_Maarten 86.0 | 752 |80.6 | 42876 73 |13 2'170 2-0303
43 | Suriname 87.8 | 716 |79.7 |586632 2 1 2-000 3-0001
4| AT Tgg0 1734 707 | 1300488 (31 |5 | D07 200
g5 | Turks_and_Caicos | g0 5 | 796 | 77.9 | 38717 7 y | 001800025
_islands 1 3
g | Ynited_States of_| 55 | 370 | 460 |331002651 | B7°28 | 5779 | 0.264 100174
America 9 6 4 6
a7 | United_States Vir | g, 1750 | 780 | 104425 3 |4 |02034100038
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49 | Venezuela 770 |635 |703 | 28435040 |06 |7 | 2000 D000

Multilayer Perceptron (MLP) Network

2. RESEARCH METHODS

This paper aims to establish a study on COVID-19 spread and death contributing factors
in America using MLP and RBF. Seven covariates used in the network which are High
Temperature, Low Temperature, Average Temperature, Population, Percentage of Cases over
Population, Percentage of Death over Population, and Total Cases. These seven covariates
were the inputs nodes in the input layer of the network. The description of the MLP and RBF
structures are explained further in the next subsections.

The MLP is a class of feed forward network and is considered as the most utilized model
for back-propagation neural network training [15]. It employs multiple layers which include
input, multiple hidden layers, and an output layer [16]. This network has been demonstrated
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to be applicable in various fields of studies such as prediction [17], [18] and classification
[19]. Figure 1 illustrates a basic MLP network with two hidden layers.
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Figure 1 MLP Network Example

The input is assigned with appropriate weights that will be carried over to the hidden
layers. In each hidden layer, an activation function will be employed to generate relationships
between input and output vectors. Equation (1) represents the appropriate mathematical
expression of MLP.

a=f w;+b) 1)

where:

a: output signal of the neuron

w: weights between the neurons

i: vector of input data

b: bias added to the neurons where each neuron in the network includes an activation
function (f)

The examples of popular MLP activation functions include thresholding, hyperbolic
tangent, gaussian, and stochastic [20]. The output layer will acquire the result from previous
layer to produce the target output of the network [21]. Conventionally, the activation function
to produce the output in MLP network is sigmoid function before linearly combine the output
generated from previous layer [22]. In this study, the MLP network consists of four hidden
layer, with one single node. The activation function from input layer to hidden layer was
Hyperbolic tangent. The target of the network is COVID-19 spread and death, where the
activation function from hidden layer to output layer was identity (purelin). The default error
function in backpropagation neural network was based on sum of squares (SSE). To simplify,
the configurations of this network was 7-4-1. The network architecture for MLP can be
referred in Figure 2.
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Figure 2 MLP network architecture

Radial Basis Function (RBF) Network

The RBF network is a simpler approach compared to the MLP network. This model
consists of three layers of network which are input, hidden, and output [23]. Similar to MLP,
RBF network is also demonstrated to be successfully employed in field of studies such as
prediction [24], [25] and classification [26]. This suggests that both MLP and RBF cater
towards similar problems despite being considerably different in terms of the technique
employed. RBF Network is configured with only one hidden layer while MLP is usually
configured with more. The example of RBF neural network is depicted in Figure 3.

Input Hidden Layers Output
:' Sty | | Pt o) 1 s
1 ! | | !
' ]
| ®. | S
' 1 !
 Saesr | ; i
: i - : L 1 1
- sy . 1 3 ‘. —
: . T A 1 ' |
SR l l
e A I
I g 1 ] ] I
" ./l 4! 1 ' '
' | ] ' ] '
Xl | ESPR. ' [eenens |
Activation Function Linear Combine
(Distance)

150



European Journal of Molecular & Clinical Medicine
ISSN 2515-8260 Volume 08, Issue 02, 2021

Figure 3 RBF Network Example

The networks neuron which is the RBF activation function is located in the hidden layer.
Radial functions are a special class of functions the value of which increases or decreases
proportional to the distance from a central point. The formulation of a RBF output is as
Equation (2):

k
yi(x) = Z wi; o(||x — ¢ 2
=

where:

X = input vector

yi = network's ith output

K = number of neurons in the hidden layer

C; = center of the jth hidden neuron

w;; = weight of the link from the jth neuron in the hidden layer to the ith neuron in the
output layer

I. I = Euclidian norm

¢ = RBF which is used in the neurons of hidden layer

There are various types of RBF, but Gaussian function is the most employed [27] which
is defined as Equation (3):

r=cill?
el = ek ) “

The gj is the width of the jth hidden neuron. While MLP employed activation function
before linearly combine to produce the output in the final layer, RBF take the results from the
previous layer and perform linear combination without employing any activation function.
The weighted sum of every RBF neuron output is carried over towards the output layer
neurons to decide the final output [28].

On the contrary to the MLP, the RBF consists of only one hidden layer, with one single
node. The activation function from input layer to hidden layer was Softmax. Similar to the
MLP, the target of the network is COVID-19 spread and death, where the activation function
from hidden layer to output layer was identity (purelin). The default error function in
backpropagation neural network was based on SSE. To simplify, the configurations of this
network was 7-1-1. The network architecture for RBF is illustrated in Figure 4.
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Figure 4 RBF network architecture
3. RESULTS AND DISCUSSION

The case processing summary for MLP and RBF are presented in Table 3 and Table 4
respectively. The data were divided into two sets which are training and testing. Based on the
Table 3, the training set for MLP consist of 77.6% (38/49) of the overall data, while testing
sets comprises of 22.4% (11/49) of the overall data, N=49. There were no excluded values
recorded.

Table 3 MLP Case Processing Summary

N Percent
Sample Training 38 77.6%
Testing 11 22.4%
Valid 49 100.0%
Excluded 0
Total 49

The training set for RBF in contrast consist of 69.4% (34/49) of the overall data, while
testing sets comprises of 30.6% (15/49) of the overall data, N=49. There were no excluded
values recorded as well as depicted in Table 4.

Table 4 RBF Case Processing Summary
\ \N !Percent \
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Sample Training |34 69.4%
Testing 15 30.6%
Valid 49 100.0%
Excluded 0
Total 49

Table 5 tabulates the independent variable importance for MLP network. Referring to
Table 5, the MLP network concluded that the Population contributes to the highest
contributing factor towards COVID-19 spread and death which is 100% of normalized
importance. It is followed by the Total cases (76.8%) and Percentage of cases over population
(13.1%). It is monitored that the climate which referring to high temperature, low
temperature, and average temperature are seem to not really contribute to COVID-19 spread
and death as they only returned little percentage of normalized importance which are
HighTemp (1.5%), LowTemp (1.1%), and AvgTemp (2.8%). The graph of the MLP
independent variable importance is presented in Figure 5.

Table 5 MLP Independent Variable Importance

Importance Normalized Importance

HighTemp |.008 1.5%

LowTemp |.005 1.1%

AvgTemp [014 2.8%

Population |.505 100.0%
i PercentCase 066 13.1%

A PercentDeat 014 > 704

TotalCase |.388 76.8%

Normalized importance

~ o § o (27

Impertance

Figure 5 MLP independent variable importance graph
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The RBF network similarly determined that the most important contributing factors
towards COVID-19 spread and death are the Population (100%), Percentage of cases over
population (34.1%), and Total cases (33.7%) as shown in Table 6 and Figure 6.

Table 6 RBF Independent Variable Importance

Importance Normalized Importance
HighTemp |.037 7.5%
LowTemp 045 9.2%
AvgTemp 041 8.4%
Population  |.489 100.0%
PercentCases [.167 34.1%
PercentDeath |.057 11.7%
TotalCase 165 33.7%
Normalized importance
'm”? |

Importance

Figure 6 RBF independent variable importance graph

The performance of the developed MLP and RBF networks were then evaluated and
investigated against an empirical correlation using statistical and graphical error analyses
which are Sum of Squared Error (SSE) and Relative Error (RE). The method of rescaling
covariates is Standardized by nature. In this rescaling process, mean is subtracted from the
values and the outcome is divided by the standard deviation. There are three more methods of
rescaling which are Normalized, Adjusted normalized and None. The MLP network
comprises of two optimization algorithms which are Scaled Conjugate Gradient and Gradient
Descent. In comparison, the Normalized Radial Basis Function (NRBF) and Ordinary Radial
Basis Function (ORBF) are used to represent the RBF. Table 7, Table 8, Table 9 and Table
10 demonstrate the overall summary of RE and SSE for both MLP and RBF correspondingly.

Table 7 RE of ANN MLP Models

Rescaling  of

Covariates

Optimization Algorithm

Scaled
Gradient

Conjugate

Gradient Descent
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Standardized 0.033 0.001
Normalized 0.061 0.002
Adjusted 0.010 1.057
Normalized

None 1.014 1.009

Table 8 SSE of ANN MLP Models

Rescaling  of

Optimization Algorithm

Covariates Scaled Conjugate Gradient Gradient Descent
Standardized 0.590 0.018

Normalized 0.769 0.030

Adjusted 0.180 19.561
Normalized

None 16.735 17.661

Based on the Table 7 and Table 8, it can be monitored that MLP produced the best result
in Adjusted Standardized rescaling method (Scaled Conjugate Gradient), in which it returned
the lowest values of RE and SSE of 0.010 and 0.180 as compared to the Normalized,
Adjusted Normalized, and None. The Gradient Descent however produced the lowest values
of RE and SSE in the Standardized method which are 0.001 (RE) and 0.018 (SSE) as
compared to the ORBF. Instead, the RBF is seen to compute the lowest RE and SSE values in
the Normalized rescaling method which are 0.001and 0.014 (NRBF), and are found to
produce lower error rates than the MLP network as shown in Table 9 and Table 10. The
OBREF in some way returned the lowest RE and SSE in the None rescaling covariates which
are 0.002 (RE) and 0.043 (SSE).

Table 9 RE of ANN RBF Models

Radial Basis Neural Network Activation Function for Hidden

Rescaling of | Layer
Covariates | Normalized Radial Basis | Ordinary Radial Basis
Function Function
Standardized | 0.003 0.826
Normalized 0.001 0.766
Adjusted 0.812 0.008
Normalized
None 0.008 0.002

Table 10: SSE of ANN RBF Models

Radial Basis Neural Network Activation Function for Hidden

Rescaling of | Layer

Covariates Norm;_ahzed Radial Basis Ordinary Radial Basis Function
Function

Standardized 0.047 13.637

Normalized 0.014 14.942

Adjusted 11.372 0.124

Normalized

None 0.13 0.043

155



European Journal of Molecular & Clinical Medicine
ISSN 2515-8260 Volume 08, Issue 02, 2021

The testing set should be the reference in any network. The performance of MLP and
RBF networks may be evaluated relatively similar. The RE values for both MLP and RBF are
monitored to be quite low. Therefore, it is firmly believed that both MLP and RBF network
performances are in favorable structure. All configurations of both techniques can be referred
in Table 11 and Table 12.

Table 11 Configurations of ANN MLP Models

Optimization Algorithm

Rescaling  of

Covariates Scale(_j Conjugate Gradient Descent
Gradient

Standardized 7-2-1 7-3-1

Normalized 7-2-1 7-1-1

Adjusted

Normalized 7-4-1 7-4-1

None 7-5-1 7-4-1

Table 12 Configurations of ANN RBF Models

Radial Basis Neural Network Activation Function for Hidden
Rescaling of _Layer

Covariates Normgllzed Radial  Basis Ordinary Radial Basis Function
Function

Standardized 7-9-1 7-1-1

Normalized 7-10-1 7-1-1

Adjusted

Normalized 7-2-1 731

None 7-3-1 7-5-1

In a nutshell, the performance evaluation indicated that both ANN models of MLP and
RBF are effective in investigating the contributing factors of COVID-19 spread and death.
From the testing conducted, it is found the climate does not strongly contribute to COVID-19
spread and death. It could also be concluded that the Population, Percentage of cases over
population, and Total cases are the most contributing factors towards COVID-19 spread and
death in America particularly.

4. CONCLUSIONS

This paper presents a study of COVID-19 spread and death contributing factors in
America using Multi-Layer Perceptron (MLP) and Radial Basis Function (RBF). A
comparison was made by using a dataset of COVID-19 cases in 49 America states during
April 2020. There are seven contributing factors which acted as the covariates to the network
such as High Temperature, Low Temperature, Average Temperature, Population, Percentage
of Cases over Population, Percentage of Death over Population, and Total Cases. The
performance evaluation indicated that both ANN models of MLP and RBF are effective in
investigating the contributing factors of COVID-19 spread and death. From the testing
conducted, both MLP and RBF proved that the Population, Percentage of cases over
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population, and Total cases are the most contributing factors towards COVID-19 spread and
death in America particularly.
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