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COVID-19

Coronavirus Disease 2019 (COVID-19) was distributed globally at the end of December 2019 due to severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2). Early diagnosis and successful COVID-19 assessment are
missing, clinical care is ineffective, and deaths are high. In this study, we investigate whether the level of
biochemical indicators helps to discriminate and classify the severity of the COVID-19 using the machine
learning method. This research creates an efficient intelligence method for the diagnosis of COVID-19 from the
perspective of biochemical indexes. The framework is proposed by integrating an enhanced new stochastic called
the colony predation algorithm (CPA) with a kernel extreme learning machine (KELM), abbreviated as ECPA-
KELM. The core feature of the approach is the ECPA algorithm which incorporates the two main operators
that have been abstained from the grey wolf optimizer and moth-flame optimizer to improve and restore the CPA
research functions and are simultaneously used to optimize the parameters and to select features for KELM. The
ECPA output is checked thoroughly using IEEE CEC2017 benchmark to verify the capacity of the proposed
methodology. Finally, in the diagnosis of COVID-19 using biochemical indexes, the designed ECPA-KELM model
and other competing KELM models based on other optimization are used. Checking statistical results will display
improved predictive properties for all metrics and higher stability. ECPA-KELM can also be used to discriminate
and classify the severity of the COVID-19 as a possible computer-aided method and provide effective early
warning for the treatment and diagnosis of COVID-19.

1. Introduction confirmatory cases worldwide and 413,372 deaths [3]. COVID-19’s

clinical features may echo other coronavirus diseases, including Severe

Coronavirus Disease 2019 (COVID-19) was found to have spread
around the world in late December 2019 as a result of severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2) [1,2]. COVID-19 has
shown an intensive global spread, and thus the danger to human health
is serious. As of June 11, 2020, COVID-19 was responsible for 7,273,958
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Acute Respiratory Syndrome Coronavirus (SARS-CoV). Globally, the
current human mortality rate for infection with SARS-CoV-2 is 3.4% [4].
However, the mortality rate of serious COVID-19 patients in Wuhan was
as high as 10%-40% [5]. Therefore, early and accurate identification of
severe COVID-19 patients and rapid assessment of the severity of the
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disease are important for determining individualized treatment plans for
COVID-19 patients and assisting e-healthcare systems [6]. To solve this
problem, we have studied cheap and common hematologic markers as
indicators of the severity of COVID-19 and poor clinical outcomes.
However, it is hard to differentiate between severe COVID-19 patients
based on a single indicator from non-severe COVID-19 patients. To do
so, we integrate multiple indicators to develop a new prediction model
for early recognition and classify the severity of COVID-19.

In recent years, artificial intelligence (AI) has been commonly used in
different life sciences [7-11]. For instance, in the field of ophthal-
mology, the ability of Al to distinguish diseases has reached the level of
an expert [12]. Al can assist radiologists to make the qualitative diag-
nosis of benign and malignant thyroid nodules in the field of radiology
[13]. With the rapid development of Al, machine learning (ML) tech-
nology has been widely used for diagnosis of disease, developed pre-
dictive models assisting clinical decision-making in medical fields, and
quickly identified the key factors associated with the diseases [14-17].
Therefore, machine learning-based Al technology is becoming an
increasingly indispensable computational tool in the medical field.
Similarly, machine learning-based technology has been applied to in
disease diagnosis [18]. Computer tomography (CT) or x-ray image
recognition [19,20], disease epidemic, surveillance, and control [21,22]
in the course of the COVID-19 outbreak. Ebadi et al. [23] used multiple
sources (PubMed and ArXiv) to define the scene of the current COVID-19
research with multiple learning machines by identifying latent subjects
and analyzing the evolution, the similarities between publications, and
sentiment of the research topics developed. Three NLP algorithms have
been developed to trace positive CT imaging of typical SARS-CoV-2 viral
inflammatory diseases [24]. A recent data collection of COVID-19 CT
scans, known as COVID-CT-MD, consists not only of COVID-19 cases but
also stable and community-acquired pneumonia (CAP) participants that
can assist in developing advanced machine learning and DNN solutions
[25]. Chowdhury et al. [26] developed an early warning method to
predict mortality risk in machine learning COVID-19 patients. The
random vulnerability model used by the forest machine for the creation
of a novel COVID-19 Vulnerability Index (C19VI) [27]. In brief, machine
learning can be extremely efficient in the analysis of COVID-19 before
diagnosis and disease data.

This research is the first time an evolutionary kernel extreme
learning machine is built to diagnose COVID-19 from a biochemical
index perspective.

For the first time, a system to diagnose COVID-19 from a biochemical
index point of view is designed for an evolutionary kernel extreme
learning machine in this study. The two core operators use this proposed
method (ECPA-KELM) to improve and re-establish the search capabil-
ities for colony predation algorithm (CPA), abstracted from the Grey
Wolf and Moth Flame Optimizers, which can provide for considerable
convergence and the potential to spring from the stagnant local popu-
lation, ECPA is designed to simultaneously perform diagnosis of COVID-
19 parameter optimization and selection features of KELM. The ECPA
output is first thoroughly verified through IEEE CEC2017 benchmark
test cases [28] to verify the capacity of the proposed methodology.
Lastly, COVID-19 clinical data was used with biochemical indexes to
develop the ECPA-KELM and other competitor KELM models based on
other optimization algorithms. By analyzing the experimental findings,
the ECPA core compensation is verified, and a solid ECPA-KELM in terms
of various performance assessment indexes to determine the COVID-19
status can be achieved. The results of the test showed that the
ECPA-KELM proposed was seemingly beneficial.

The key contribution in this analysis is as follows:

@ To improve and restore the CPA search capability (ECPA), both core
operators have taken away the grey wolf optimizer and moth-flame
optimizer.

@ The proposed hybrid ECPA has achieved a significant impact on
CEC2017 optimization tasks.
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@ For the first time, the ECPA proposed successfully solved KELM’s
parameter optimization and feature selection simultaneously.

@ An effective ECPA-KELM technique is used to help diagnose COVID-
19 from the perspective of biochemical indicators.

The paper was organized accordingly—the materials and procedures
described in paragraph 2. The proposed ECPA algorithm is presented in
Section 3. Section 4 describes the proposed ECPA-KELM model. Section
5 describes the designs of the experiments. Section 6 displays the results
of CEC2017 ECPA and the diagnosis of COVID-19 data set simulations
and ECPA-KELM. Section 7 deals with the results. The conclusion and
trajectory of the future are shown in Section 8.

2. Methods and materials
2.1. Collecting data

The study included COVID-19 patients at Wenzhou Medical Uni-
versity affiliated Yueqing Hospital, Wenzhou, China. The research was
accepted by the Ethics Committee of affiliated Yueqing Hospital,
Wenzhou Medical University (No. 202000002 Ethics), and by all
COVID-19 patients, an informed consent document was signed. A total
of 51 COVID-19 patients were included in the analysis in retrospect
between January 21 and March 20, 2020. For each COVID-19 patient,
information on gender, age, biochemical index, and blood electrolyte
was collected. Biochemical indexes and blood electrolytes were deter-
mined using an automated biochemical analyzer (BS-190; Mindray,
Shenzhen, China) in the laboratory of clinical biochemistry, the Affili-
ated Yueqing Hospital of Wenzhou Medical University.

In our research, COVID-19 was diagnosed based on criteria devel-
oped by the Peoples’ Republic of China National Health Commission.
Once the diagnosis of COVID-19 was confirmed, we divided patients into
four categories according to the clinical manifestations: mild, general,
severe, and critically ill patients. Clinical characteristics of mild COVID-
19 patients include no symptoms or mild symptoms, no lung involve-
ment. Clinical characteristics of general COVID-19 patients include
respiratory symptoms (fever, dry cough, fatigue, nose congestion, runny
nose, sore throat), gastrointestinal symptoms (nausea, vomiting, diar-
rhea), and pulmonary disease SARS-CoV-2. Clinical criteria for severe
COVID-19 patients include at least one of the following: a) patient
exhibit dyspnea and respiratory rate >30 breaths/minute; b) the levels
of blood oxygen saturation <93%; c) the oxygenation index (OI) < 300
mmHg. Clinical criteria for critically ill COVID-19 patients include at
least one of the following: a) patient develop acute respiratory failure
requiring mechanical ventilation; b) patient develop shock; c¢) patient
present with multiple organ failure requiring treatment in an intensive
care unit (ICU). Mild, general COVID-19 patients were categorized into
one group and named non-severe COVID-19 group, and severe, critically
ill patients were categorized into one group and named severe COVID-19
group.

2.2. Statistical results

Statistical analysis using SPSS software was performed. Age,
biochemical index, and blood electrolyte comparison were tested using
an independent-samples t-test between the non-severe COVID-19 and
severe COVID-19 groups. Age, biochemical index, and blood electrolyte
are presented as mean + standard deviation (x + SD) for continuous
variables. The patient information, biochemical index, and blood elec-
trolyte of COVID-19 patients have listed in Table 1. The statistical results
of age, biochemical index, and blood electrolyte were shown in Table 2.

2.3. Colony predation algorithm (CPA)

Optimization methods, in addition to other cases in healthcare sys-
tems, have found their value and obtained great attention in many fields
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Table 1
List of characteristics and meanings used in this analysis.
No. Feature Abbreviation
F1 Gender Gender
F2 Age Age
F3 Total bilirubin TBIL
F4 Direct bilirubin DBIL
F5 Alanine aminotransferase ALT
F6 Total protein TP
F7 Albumin ALB
F8 Globulin GLB
F9 Albumin/Globulin ratio A/G
F10 Alkaline phosphatase ALP
F11 Gamma-Glutamyltransferase GGT
F12 Aspartate aminotransferase AST
F13 Creatine kinase CK
F14 Lactate dehydrogenase LDH
F15 Creatine kinase isoenzymes CK-MB
F16 Potassium ion K"
F17 Sodium ion Na*
F18 Chloride ion cl~
F19 Blood urea nitrogen BUN
F20 Creatinine Cr
F21 Uric acid UA
F22 Inorganic phosphorus P
F23 Blood magnesium Mg**
F24 Calcium ion Cca**
F25 Troponin I Tnl
Table 2
Biochemical index & blood electrolyte in non-severe group and severe group.
Index Non-severe group Severe group p-value
(n = 30) (n=21)
Age (years) 42.30 + 11.53 61.43 + 17.64 0.000
TBIL (umol/1) 10.42 £ 6.42 12.37 + 8.46 0.353
DBIL (umol/1) 4.76 £1.63 7.68 + 4.93 0.015
ALT (u/D) 23.33 + 14.62 63.62 + 79.34 0.032
TP (g/1) 66.65 + 4.33 67.86 £ 7.68 0.520
ALB (g/1) 41.53 + 2.57 35.90 + 4.65 0.000
GLB (g/1) 25.13 + 3.28 31.97 £7.27 0.000
A/G 1.68 +0.24 1.19 £ 0.36 0.000
ALP(u/1) 61.17 + 15.57 71.24 £+ 27.63 0.142
GGT(u/1) 36.83 + 29.79 90.00 + 99.97 0.027
AST(u/1) 23.13 +7.62 65.43 + 51.08 0.001
CK(u/1) 76.27 + 45.22 246.52 + 300.47 0.018
LDH(u/1) 244.37 £+ 61.07 382.95 + 152.78 0.001
CK-MB(u/1) 21.23 +9.08 19.76 + 8.44 0.561
K" (mmol/1) 4.23 +£0.48 4.07 = 0.62 0.291
Na " (mmol/1) 139.26 + 1.96 133.84 + 4.02 0.000
Cl~ (mmol/1) 100.19 + 2.92 95.55 + 3.39 0.000
BUN(mmol/1) 3.71 £0.99 4.64 +1.98 0.057
Cr(umol/1) 60.57 + 12.29 70.29 + 15.88 0.017
UA(umol/1) 264.83 £+ 69.15 210.33 + 87.73 0.017
P*(mmol/1) 1.01 +£0.17 0.95 + 0.25 0.339
Mg+ (mmol/1) 0.91 £ 0.07 0.93 = 0.09 0.472
Ca2+(mm01/l) 2.19 £ 0.07 2.08 £ 0.09 0.000
Tnl(ng/ml) 0.01 £ 0.01 0.29 +£1.19 0.292

such as scheduling problems [29,30], image segmentation [31,32], fault
diagnosis of rolling bearings [33,34], bankruptcy prediction [35-37],
wind speed prediction [38], engineering design problems [39-42]. Also,
they have shown more variety of potentials in the hard maximum sat-
isfiability problem [43,44], parameter optimization [45-48], PID opti-
mization control [49-51], gate resource allocation [52,53], feature
selection [54-58], medical data classification [59-62], detection of
foreign fiber in cotton [63,64], and prediction problems in educational
field [65-69]. One of the recent methods is CPA. Like other swarm-based
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methods [168-170], the dominant idea of CPA is the predation process
and predation strategy of group of hunting animals. The algorithm
mimics the supportive behavior of social animals and the characteristics
of selective hunting. Thus this algorithm is based on the coexistence of
social animals. The main steps are composed of communication and
collaboration, disperse food, encircle food, supporting closest individ-
ual, and searching for the food. The following formulas represent indi-
vidual cooperative communication and food searching behavior:

i i

X,(t41) = rX; () + (1 = r)-(X: (1) +X2(1)) / 2) &)

where r is in the range of [0,1], ;(;-1 (t) is the individual looking for food,
;(1 and ;(2 are the two closest to prey in the j-th dimension, j €1, 2, ...,
dim, ;(;(t + 1) is the latest updated position of the individual. Here, the
predation strategy displayed by individuals in search is simulated
mathematically as ;((t +1) :;(best — S-(r1(ub — Ib) + 1b), where ;((t +1)

is the position of a population and ;(bm is the position of food, S repre-
sents the strength of prey, and its absolute value decreases from a to
0 with the number of evaluations, ry is the [Rqy;Rp;Rs;...Rj], j = dim
represents the dimension of the population, ub, and Ib represent the
upper and lower bounds. It should be noted that S is as follows:

So—a— z~(%)s —2.5972 — S )

where N is the number of individuals, So decreases from a to 0 with the
number of evaluations and t represents the current number of evalua-
tions, ry is a random number of [0,1].

The hunting group will surround the single prey and keep
approaching the prey. This stage can be represented by mathematical
simulation as follows:

X(t+ 1) = Xpey — 2-5-D-¢tan (l-%) (3)

where D is the distance between the current individual and the prey as
D = ‘;(best —X(t) ‘ Mathematical formulaes describe the probabilities of
implementing these two predatory strategies as below:

R Xy — S-(r1-(ub — Ib) +Ib)ry > 0.5

X(r+1)=1 _ z 4
Xpo — 2-S-D-¢-tan (I-Z> <05

since the group can experience problems in hunting beasts, the closest
person calls for peer help. In mathematical formulas, its policy can be

expressed as X(t + 1) = Pregrest, Where Ppeqrese Nearest is the location of

the nearest predator in the support group, Pisthe predator near the prey
nearby. The searching for the food can be as:

Dy = abs (21 Xoana = X(0) )X (14 1) = Xng — D (5)

where D; denotes the distance of random group movement, r4 is a

random number of [0,1], and ;(mnd is a new individual position formed
randomly by individuals. See original paper for detailed details [70].

2.4. Two core operators to be introduced

One core operator is a grey wolf optimizer consisting of social hier-
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archy, surrounding beasts, hunting, attacking prey and searching for
projection pieces. The key concept is the use of hierarchy. This is the
core mathematical model:

D, =|C1-Xos = X|, Dy=|Cy-Xy—X|, Ds=]|Cs:X5—X| (6)

Where the D means the distance from the prey to the grey wolves, A
and C are vectors of the coefficient A = 2a-7; — a and C = 2- 72, Xo, Xy

and X; are three wolves nearest to the current prey, the t represents the
present version. You may refer to more info [71].

—
-

X, :Xa_Al'(Da)a XZZX/;—A2~(D/;), X3:X5—A3'(D5) (7)

—

X([+l) =X +X, +X;5
3

(8)

Another core operator is a moth-flame.

Another main operator is the moth-flames optimization (MFO) [72].
The location of each moth is changed to a flame with the following
equation in order to mathematically model the conduct of moths: M; =S
(M;Fj), where M; is the ith moth, F; means the jth flame, and S is the spiral
function. For the MFO algorithm, a logarithmic spiral is described
below:

S(M;, F;) = D;-¢"-cos(2nt) + F; ©)

where D; specifies the ith moth distance for the jth flame, b is a loga-
rithmic spiral constant for determining the form, and tisa [ 1,1] random
number, D is obtained as D; = |F; — M;|, where M; indicates the ith moth,
Fj indicates the jth flame, and D; is the distance of the ith moth for the jth
flame. More detailed information can be seen in Ref. [72].

2.5. Brief introduction of kernel extreme learn machine (KELM)

Extreme learning machine (ELM) [73] can learn fast and has very
few adjustments parameters, and does not provide the option of input
weights and secret preconditions as the latest learning algae to feed-
forward neural networks in a single hidden layer. The new theory for an
extreme learning machine from the kernel has recently been extended
(KELM) [74]. The following is a short overview of the KELM method:

Training set as A = {(x;, t)|x; € R", ; e R, k =1, 2, ..., N} is given,
where n x 1 input feature vector of x; and m x 1 of t; target vector. an
activation function h(x) can be modeled as follows:

N
Bih(w;-x; +b;) = 0;,j=1,2,....N (10)
=1

i=

the w; is the weight vector between the hidden layer of the ith and the
input layer, and the distinctiveness between the hidden layer of the ith is
called b;, the weight vector between the ith and the output layer is f;; o; is
the target vector of the jth input data. w; - x; is the outcome of the w; and
xj internal product. The N means the number of the hidden layer nodes.
To assess these samples correctly, ZJN loj—t||=0 is given and
N

> pih(w;-xj+b;) = t;,j = 1,2,...,N with f;, w;, b;, which can be given as
i=1

Hp = T, where

h(w-x;+by) - h(w;x,—i—b];)
H(Wl,...,W;,bl,...,b;,X]7.“7XN): : . :
h(wxy+by) - h(w;~xN+b;) ~

NXN

(€8]

Computers in Biology and Medicine 136 (2021) 104698

/4 tf
p=|:| r=]: a2
T T
~ [~ t
ﬁN Nxm N Nxm

H is the result matrix of the hidden layer neural network, with the ith
column of H being the ith hidden output neuron with respect to xj, xa,
..., xn- Enter weights and vector secret layer bias need not be adjusted.
On this basis, the output weight of the linear system Hf = T can be given

mathematically with the least square solution 3

) b;)ﬂ - TH
(13)

according to the Moore-Penrose (MP) generalized inverse and the
kernel learning theory, the output function of KELM is shown as follows:

K(x,x1)
F(x) =hp = h(x)HT(éJrHH*)*‘T: : (é+QELM)"T 14
K(x,xy)

Usually radial basis function kernel are used in this models as K(x, x;)
= exp(—y|x — x;||?), the penalty parameter C and gamma kernel p are
the two main parameters, based on the definitions above. The first
parameter C can better off the minimization of fitting errors and the
complexity of the model. The second parameter, y, determines the
nonlinear projection from the input area to a large space. More detailed
information on KELM can be shown in Ref. [74].

3. Proposed ECPA

As we know, in many decision-making fields, algorithms are required
to provide an approximate optimal solution [75-77]. For such complex
calculation problems, evolutionary computing methods are widely used
to solve such problems. Such as, The global algorithm of particle swarm
is used to solve gravity abnormality parameters [78], hybrid genetic
algorithm for diagnosing heart disease, and fluid logic classification
[79]. Among these evolutionary computing algorithms, there are more
widely used particle swarm optimization [80], genetic algorithm [81].
Furthermore, recently, several excellent evolutionary calculation
methods have been proposed, grasshopper optimization algorithm [82],
harris hawks optimization [83], hunger games search [84]. Among all
these evolutionary computing algorithms, CPA, as of the most recent
participant and Very easy to implement and complete the application,
has been proposed by our team [70]. Through strict experimental data
statistics and the application of several engineering problems, the al-
gorithm’s efficiency has been tested strongly.

In this analysis, ECPA is designed to increase and restore the search
capabilities of the original CPA, both core operators abstracted by the
grey wolf optimizer and moth-flame optimizer. To the best of our
knowledge, the CPA is integrated with multiple efficient operators for
the first time. The designed algorithm ECPA can be divided into three
parts. The first is to perform the initialization of the search population.
The second is to complete the execution of the algorithm operators in the
original CPA, and finally, to complete the execution of the introduced
operators derived from the other two algorithms. The detailed pseudo-
code of the presented algorithm can refer to Algorithm 1.

Algorithm 1. The pseudo code of designed ECPA.
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Algorithm 1: The pseudo code of designed ECPA
Input: The number of population size N;
The number of Maximum iteration 7T’
Output: Best position X ;;
Best fitness value f,,/,¢5
Initialize population randomly X;(i = 1,2, ..., N) ;
begin
g=0;
while g < T do
for(i=1: N)do
Ensure that any particle is within the
search range;
Calculate the fitness of all Individuals;
Update the X;
Update the S ;
Sp=a—1- ()5 =281y = So;
Update the a ;
_ euy—Z-u»(l—%);
Update the ry; for (j =1 : dim) do
Update the X, X,,1;,1;
Ifrand < g/T X; = X,;
Calculate the X' ; by equation (1);

for(i=1: N)do
Update S./;
IF abs(S) < 2 X a/3 Calculate the X
by equation (4);
else
Calculate the X; by:
X@+1)=
Pnearesrabs (r6) <1
)?mnd — 8- Djabs (r6) > 1
for(i=1: N)do
Calculate the X; by equation (6)-(8);
Calculate the fitness of all Individuals;
| Update the X;
for(i=1: N)do
Calculate the X; by equation (9);
Calculate the fitness of all Individuals;
| Update the X;

Lg=g+1;
End-Loop;

4. Proposed ECPA-KELM model

In this study, a kernel extreme learning machine driven by hybrid
CPA for diagnosing COVID-19 from the perspective of biochemical in-
dicators is proposed (ECPA-KELM). Fig. 1 shows the flow diagram of
ECPA-KELM. From this figure, it can be seen that the cross-validation
mechanism is employed as the internal 5- and external 10-fold system,
respectively, which means the K; = 5 and K, = 10 in this study. The
detailed data segmentation diagram is as shown in Fig. 2.

The key part of this proposed method is the KELM, which uses the
RBF kernel in terms of input space for mapping the aggregate data into a
hidden layer space. The entire algorithm method covers the coefficient
of penalty C and kernel width y, and the subset of n features, the first
penalty parameter C sets the balance between minimizing fitting error
and the complexity in the model, with the second kernel bandwidth y
defining nonlinear input spatial mapping into some high-dimensional
space function.

The ECPA algorithm also develops these two parameters and syn-
chronously converts the optimal feature subset, specifically, continuous

Computers in Biology and Medicine 136 (2021) 104698

space, into binary space utilizing the sigmoid function. The feature is
considered to be selected if less than 0.5; otherwise, the characteristics
would be discarded. Finally, the evolved KELM by ECPA gives an ac-
curate early diagnosis of COVID-19 from the perspective of biochemical
indicators.

5. Experimental designs

The experimental section in this analysis consists of two parts. The
first step will be to study the efficiency of the proposed ECPA, and the
second part will use the proposed ECPA-KELM algorithm for a
biochemical indicator diagnosis of COVID-19.

First of all, the efficiency of the proposed ECPA is extensively verified
and carried out in comparison with other algorithms on IEEE CEC 2017
benchmark; these benchmarks are shown in Table 3, and also strictly
perforce the balance and diversity analysis of the improved ECPA and its
original CPA. Several other algorithms, including CPA, CLPSO, DE, PSO,
MFO, and GWO, were involved as competitors on the common bench-
mark. The algorithm parameters are specified concerning the original
documents.

The following experimental examined extensively using the sug-
gested ECPA algorithm to optimize a combination of the best parameter
and KELM function subset, which is the result ECPA-KELM used for a
biochemical indicator diagnosis of COVID-19 on data collection. In
terms of ECPA-KELM, several common learning processes were also
compared, including original KELM, GWO-KELM, MFO-KELM, PSO-
KELM, SVM, and KNN. The two main parameters of [—2"5, 2] and
[—2"5, 2'5], respectively, have been specified in the original KELM. The
first parameter C can better off the minimization of fitting errors and the
complexity of the model, the second parameter, y, determines the
nonlinear projection from the input area to a large space, and these two
key parameters are particularly important to build the classification
ability of KELM adapted to the current data set. In order to avoid the
uncertainty in experiments caused by large data, before classification,
data has been scaled to the range [-1, 1].

Notice that MATLAB simulation experiments were conducted on
Windows Server 2018 R2 operator machine, the Xeon CPU E5-2660 v3
(2.60 GHz), and 16 GB of ram. We have charted our results based on fair
comparison instructions and as per other works [85-88]. A 10-fold
Cross-Validation (CV) is used to evaluate classification results to pro-
vide unbiased and objective results. Furthermore, four standard assess-
ment parameters, including Specificity, Sensitivity, classification
accuracy (ACC), and Matthews correlation coefficient are included
(MCC), have been used for assessing the performance of ECPA-KELM.
The detailed definition of the formula can refer to Ref. [89].

6. Experimental findings and analyses
6.1. Results of benchmark functions

6.1.1. The impact of GWO and MFO

In this part, to estimate the effect of diverse mechanisms in ECPA and
gain the best strategy combination, we experimented on IEEE CEC2017
30D benchmark tests [90], in this test, each algorithm will be executed
30 times independently. In the algorithms, ECPA means both GWO and
MFO are embedded in original CPA, GCPA indicates only GWO is
introduced to basic CPA, MCPA shows only MFO is embedded into
fundamental CPA. The results of Friedman’s test on 30 functions are
exhibited in Table 4. From this table, it can be found that ECPA gains the
lowest mean level value, 1.25235, and is the best; it signifies the com-
bination between GWO and MFO outperforms single operator GWO or
MFO, so the ECPA selected in the subsequent experiment.

6.1.2. Analysis the results of ECPA compared to other algorithms
The benchmark of IEEE CEC2017 was used in this part to measure
the property of the ECPA, and in several projects, these benchmarks
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have always been used [90,91]. Furthermore, 30 separate experiments
were carried out to mitigate the impact of random variables. In this
analysis, the ECPA presented is contrasted with the CPA, CLPSO, DE,
PSO, MFO, and GWO algorithms. Thirty individual executions carried
out all these approaches to the CEC2017 standards.

In Table 5, the average and standard deviation of the STD is shown to
demonstrate detailed experimental results. The average ECPA results
shown are the lowest among the benchmarks. Table 6 presents Fried-
man’s ECPA test results against all other rivals. Following the average
ranking of the algorithms concerned, the first best results of these
benchmarks are disclosed in the ECPA, the worst findings being CPA,
CLPSO, DE, PSO, MFO, and GWO. The main features of the current
movement techniques abstracted from the grey wolf optimizer and
moth-flame optimizer may be a reason for this. In this study, it can be
obtained the original CPA between exploration and mining in this
analysis.

The convergence curves of these involved algorithms on CEC2017
benchmarks to verify the performance of the designed ECPA are listed in
Fig. 3. It can be observed from this figure that the designed ECPA shows
the fast conference capabilities and obvious superiority to all other rivals
in these CEC 2017 benchmarks. In addition, it also is noted that the
designed ECPA has fast convergence searches such as F4, F7, and F9,
which guarantee it to quickly obtain a theoretical optimal value.
Furthermore, in terms of other benchmarks, the same convergence
pattern is also observed. In short, the processes involved can be inferred
that the property of the original CPA can significantly enhance.

6.2. Application in the diagnosis of COVID-19 from the perspective of
biochemical indicators

In this part, the proposed algorithm ECPA-KELM for diagnosing
COVID-19 from the perspective of biochemical indicators is evaluated
deeply. Table 7 shows the detailed results of ECPA-KELM on the
collected COVID-19 data set. The 92.129% classification accuracy of the
ECPA-KELM can be seen from this Table 7, 90.506% of Matthew cor-
relation coefficient, 92.298% of sensitivity, 89.627% of specificity, and
their variance is 0.04379, 0.04379, 0.05322, and 0.06536 respectively.
Furthermore, we can observe that the proposed ECPA-KELM can auto-
matically acquire the optimum KELM model settings, mainly due to the
enhanced ECPA, which can efficiently identify optimum settings and
functions.

In addition, the methodology proposed ECPA-KELM is compared to
original KELM and other evolutionary computing-based KELM,
including CPA-KELM, original KELM, GWO-KELM, MFO-KELM, PSO-
KELM, and two common algorithms, SVM and KNN, to check further
the property of the ECPA-KELM model presented. Comparisons with
accuracy, Matthew coefficient for correlation, susceptibility, specificity,
and standard deviation are reported in a detailed statistical experiment
in Table 8 and the comparative histogram of each experiment is also
shown in Fig. 4 in order to more visually represent the immediate dif-
ference in values.

The findings show that the ECPA-KELM algorithm is superior to other
competitors and its corresponding standard deviation between all
models is also less critical in four evaluation methods such as ACC, MCC,
sensitivity, and specificity. In comparison to the original CPA-based
KELM, the ECPA-KELM is more efficient and stable obviously. It
should be noted that the original KELM, original SVM and KNN are all
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Table 3
Benchmark tests of IEEE CEC2017.
ID Name of the function Class Search Optimum
Range
F1 Shifted and Rotated Bent Cigar Unimodal [-100, 100
Function 100]
F2 Shifted and Rotated Sum of Unimodal [-100, 200
Different Power Function 100]
F3 Shifted and Rotated Zakharov Unimodal [-100, 300
Function 100]
F4 Shifted and Rotated Multimodal [-100, 400
Rosenbrock’s Function 100]
F5 Shifted and Rotated Rastrigin’s Multimodal [-100, 500
Function 100]
F6 Shifted and Rotated Expanded Multimodal [-100, 600
Scaffer’s F6 Function 100]
F7 Shifted and Rotated Lunacek Bi- Multimodal [-100, 700
Rastrigin Function 100]
F8 Shifted and Rotated Non- Multimodal [-100, 800
Continuous Rastrigin’s Function 100]
F9 Shifted and Rotated Lévy Multimodal [-100, 900
Function 100]
F10  Shifted and Rotated Schwefel’s Multimodal [-100, 1000
Function 100]
F11 Hybrid Function 1 (N=3) Hybrid [-100, 1100
100]
F12 Hybrid Function 2 (N=3) Hybrid [-100, 1200
100]
F13  Hybrid Function 3 (N=3) Hybrid [-100, 1300
100]
F14 Hybrid Function 4 (N=4) Hybrid [-100, 1400
100]
F15 Hybrid Function 5 (N=4) Hybrid [-100, 1500
100]
Fl6 Hybrid Function 6 (N=4) Hybrid [-100, 1600
100]
F17 Hybrid Function 6 (N=5) Hybrid [-100, 1700
100]
F18  Hybrid Function 6 (N=5) Hybrid [-100, 1800
100]
F19 Hybrid Function 6 (N=5) Hybrid [-100, 1900
100]
F20  Hybrid Function 6 (N=6) Hybrid [-100, 2000
100]
F21 Composition Function 1 (N=3) Composition [-100, 2100
100]
F22 Composition Function 2 (N=3) Composition [-100, 2200
100]
F23 Composition Function 3 (N=4) Composition [-100, 2300
100]
F24 Composition Function 4 (N=4) Composition [-100, 2400
100]
F25  Composition Function 5 (N=5) Composition  [-100, 2500
100]
F26 Composition Function 6 (N=5) Composition [-100, 2600
100]
F27  Composition Function 7 (N=6) Composition  [-100, 2700
100]
F28 Composition Function 8 (N=6) Composition [-100, 2800
100]
F29 Composition Function 9 (N=3) Composition [-100, 2900
100]
F30  Composition Function 10 (N=3) Composition  [-100, 3000
100]

Table 4

The results of Friedman’s test for gaining the best strategy combination.
Algorithm ECPA GCPA MCPA CPA
mean level 1.25235 3.65248 4.68547 5.68547

showing the worst performance for diagnosis of COVID-19 from the
perspective of biochemical indicators, which can be preliminarily shown
that KELM model selection capacity can be substantially improved by
the algorithm proposed ECPA in this article and the ability to solve the
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accurate diagnosis of COVID-19 from the perspective of biochemical
indicators. The second output of the KELM-based GWO-KELM is just
under the ECPA-KELM, and the MFO-KELM and PSO-KELM perform
very similar properties on this collected data. In this experiment, we can
see that ECPA-KELM can automatically get the best property among all
of these competing models, mostly because of the improved ECPA,
where the optimal KELM parameters and the optimal subset of functions
can be found automatically.

Furthermore, the designed ECPA is used to perform parameter
optimization and feature selection simultaneously for KELM to diagnose
COVID-19 from the perspective of biochemical indicators. In this anal-
ysis, during the feature selection, the 10-fold CV method is used. The
detailed selected amount of individual features and statistical values in
each 10-fold cycle is shown in Table 9. It can be observed that the ECPA-
KELM proposed clearly exceeds others, and regarding the statistics, the
features AGE, ALT, ALB, A/G, AST, and LDH were selected with values 9,
8, 9, 8, 9, and 8 respectively by the ECPA-KELM, while The other fea-
tures have been comparatively picked with less. However, these features
were not met by other rivals. Consequently, it can be inferred that such
features, which often seem to be present, early recognition of COVID-19
and discrimination of other low-frequency features. Accordingly, due to
the underlying details in these frequency features, further consideration
should be provided in practice medical cases for these features of AGE,
ALT, ALB, A/G, AST, and LDH.

In addition, the comparison results among these methods in terms of
CPU time via 10-fold CV is recorded in Fig. 5. It can be observed that the
original KELM consumes the least time and its execution speed is the
fastest among all these algorithms, the original SVM takes the second
least time. An explainable reason is that without the assistance of search
algorithms, it will save a lot of algorithm execution time compared to
those models-based search algorithms and the incidental result is that
the classification performance of the algorithm is greatly reduced. It can
also be noted that the designed ECPA-KELM consumes only the fourth-
least time, which is more time than the original CPA-KELM, and it
shows that the addition operator does increase the execution time of the
algorithm. It is also worth noting that the time consumed by KNN and
GWO-KELM to deal with this problem is close to the same and among all
the algorithms, this PSO-KELM consumes the most time on this problem.
A preliminary conclusion can be drawn that although the ECPA-KELM is
not the least in terms of CPU consumption time, the four measurement
values of it are the best, which also points us to a future research di-
rection through reasonable parallel programming technique to achieve
the reduction of CPU consumption time for ECPA-KELM.

7. Discussion

In the present study, the diagnosis of COVID-19 from the perspective
of biochemical indicators was investigated by using ECPA to perform
KELM optimization parameters and feature selection simultaneously.
Importantly, several key features were discovered, the features of AGE,
ALT, ALB, A/G, AST, and LDH. Subsequently, an ECPA-KELM model is
designed from the perspective of biochemical markers for an effective
diagnosis of COVID-19. Thus, we think that the ECPA - KELM model will
help to inform the decision-making process.

According to our observations, the proposed CPA-based method has
shown enhanced exploratory and exploitative patterns to deal with more
complex spaces can also, such as evaluation of human lower limb mo-
tions [92], Lunar impact crater identification and age estimation [93],
shape registration [94], regression tasks [95], 3D deformable shape
analysis [96,97], active surveillance [98], service ecosystem [99,100],
and micro-expression spotting [101,102]. Also, we can test explorative
features base on more classes of problems such as image editing
[103-105], engineering optimization problems [106,107], brain func-
tion prediction [108], epidemic prevention and control [109,110], large
scale network analysis [111], energy storage planning and scheduling
[112], image dehazing [113-115], social recommendation and



Table 5

The statistical experiment results and the comparison algorithms on the test benchmarks.

Algorithm F1 F2 F3 F4 F5

mean STD mean STD mean STD mean STD mean STD
ECPA 7519.710679 8874.468337 2.04221E+90 9.13306E+90 314838.9408 170596.2497 687.3605381 49.76192334 1088.571685 43.01335698
CPA 58067616.71 34335129.37 5.6031E+109 2.4825E+110 283553.8801 22234.31676 951.0959434 63.02705513 1256.720481 196.764764
CLPSO 1.83393E+11 24500918385 6.1024E+169 65535 700559.2882 47420.25288 50903.24199 7796.56118 2175.886699 82.37715166
DE 215908522.4 142952364.7 3.3748E+152 1.0077E+153 285471.1581 59737.93336 1025.661518 103.2197059 1580.943344 21.75055725
PSO 1991512282 127980323.2 8.68129E+-84 1.8012E+85 366925.2549 57606.63467 976.4864367 79.9830326 1727.534556 72.72507397
MFO 1.26938E+11 33282042998 4.3664E+159 65535 961441.4082 176082.2006 27266.83621 13634.84439 1788.753042 170.7635689
GWO 45349270909 9389026366 3.4903E+134 1.5609E+135 391307.7296 40785.9763 4664.67888 1005.825016 1190.601048 116.2702424
Algorithm F6 F7 F8 F9 F10

mean STD mean STD mean STD mean STD mean STD
ECPA 600.6797401 0.726360312 1557.960993 64.86428666 1351.760045 35.2623542 7524.304454 4161.825874 21697.1674 958.8201343
CPA 601.1526004 0.535879883 1950.036203 53.21684409 1651.676645 148.1956341 23413.93197 3861.054153 28492.71778 806.4821693
CLPSO 704.332919 5.781684018 4709.125525 244.682567 2551.597914 83.83139597 144748.0043 10676.28984 29668.53845 753.6499009
DE 606.5155211 0.548722584 1957.043926 26.25937571 1866.615326 25.28693829 34717.15906 5864.382307 31541.0577 627.1407208
PSO 696.5894893 4.101100271 2025.001303 143.2750109 2149.27231 65.26497146 70208.35689 6631.34449 26763.20186 1775.78292
MFO 678.9754316 8.221739928 5099.252286 743.515249 2105.101929 143.3009662 50290.07664 6053.136405 17871.43667 1586.848038
GWO 637.3324028 4.16929005 2090.056294 185.7821258 1462.43793 67.56033436 42103.97034 9625.579122 16526.22378 1322.128908
Algorithm F11 F12 F13 F14 F15

mean STD mean STD mean STD mean STD mean STD
ECPA 18953.19336 25854.43115 2693789.161 1383552.068 6589.122975 5884.094007 228633.6083 673489.9711 4031.694125 2313.713192
CPA 19830.37394 4996.263472 52227549.9 17330520.18 6676.660636 3588.867665 976879.7906 416109.6933 2985.822586 1173.253232
CLPSO 284007.5699 46750.90608 87406551875 11616002337 15952751134 3856348973 106691154.6 41839869.01 6611655778 1422797557
DE 185284.6424 29258.83368 2408635693 327025998.7 386948.2598 744213.7998 31784999.58 7263830.515 804272.1577 795228.7315
PSO 9664.308497 1346.604875 1503616186 351060611.9 114504727 9766687.809 3688485.076 1022032.508 44607692.95 7679413.445
MFO 221722.4462 104031.3324 33545947708 13372135809 5920423082 4514262522 17247809.91 16515861.39 1205521179 1040612230
GWO 70261.36301 12967.45317 8844852431 4314498259 1002827330 887848506.6 7093501.761 3457695.4 251397816.4 395962112.3
Algorithm F16 F17 F18 F19 F20

mean STD mean STD mean STD mean STD mean STD
ECPA 6532.432694 392.8143904 5482.224614 387.4351012 1007519.361 2488467.227 5981.503978 5250.553821 5814.249303 393.2756621
CPA 7901.830961 756.4821831 5900.118702 386.0372861 1579385.81 666778.6832 6367.962479 1488.584253 6374.135454 363.0730879
CLPSO 15293.95602 871.7305561 310364.4258 423969.8767 109921769.7 36078708.47 5991270333 1824921832 7383.862904 227.260953
DE 11006.33391 333.1618092 7441.137175 242.3668843 68262535.8 17182048.88 4367.962479 7203099.89 7206.672918 264.1567812
PSO 8805.56367 843.2325756 6640.489183 479.8415523 4935369.623 1452155.002 51561178.86 11690487.47 6378.707086 530.4246744
MFO 8127.247152 996.6102452 9562.367243 6082.259602 20921941.57 19780428.09 1183602970 1812415825 5976.81213 646.0137233
GWO 6574.513125 810.9509249 5065.658247 473.4615271 8635621.082 5514476.287 177360649.9 284908174.6 5607.906089 1212.15523
Algorithm F21 F22 F23 F24 F25

mean STD mean STD mean STD mean STD mean STD
ECPA 2890.433021 41.63147492 24439.47999 983.9609558 3315.175463 38.15305085 3842.473323 63.55602103 3322.94086 57.33105562
CPA 3017.135124 228.4465442 31255.1438 646.2200858 3588.721134 123.1973624 3788.375225 178.0840806 3655.90184 81.07503213
CLPSO 4242.074914 98.27685524 31847.07587 1390.221732 5295.468269 177.5978616 7323.635137 402.5075032 28115.05342 3426.961738
DE 3412.116102 23.29958151 33541.21457 551.4043055 3731.382815 22.14700112 4259.720459 37.1922972 4230.851635 81.12705677
PSO 3952.566818 162.3811005 29742.15427 1036.080537 5203.998987 332.7917067 6408.489575 408.3690984 3581.99979 62.96151877
MFO 3680.993214 130.4138229 20943.98947 2140.785308 3832.470907 99.09279821 4403.179372 153.4534976 13589.26927 5650.487238
GWO 2999.920857 146.5631493 20195.99366 1501.497233 3621.578759 73.51777033 4263.283846 160.4600932 6707.051128 853.1706782
Algorithm F26 F27 F28 F29 F30

mean STD mean STD mean STD mean STD mean STD
ECPA 11606.49623 446.9301218 3549.623042 65.25445033 3434.416563 34.09136414 6883.147807 336.6599858 10742.77366 6152.189641
CPA 13206.99244 1371.738498 3859.000673 98.80544307 3968.084533 96.77582415 7910.657826 674.6082742 165589.0055 90086.83137
CLPSO 40704.31025 2745.864995 7645.650413 665.0340232 32600.64241 1741.460858 82911.56839 54047.75509 11856029494 4049036860
DE 16308.07735 296.64459 4083.747208 97.22886489 4781.849118 567.3122875 9547.829534 348.1264729 2444619.988 791171.508
PSO 21960.11019 6292.488945 3464.714421 292.1733505 3568.921159 50.62671127 10913.7073 929.817046 251016748.8 106953202.2
MFO 18343.68491 1357.92059 4135.749521 377.4549831 19469.60896 1812.532639 30933.00976 82123.3563 2884115452 2206795617
GWO 15387.13244 1092.682552 4103.883125 173.0776863 9034.098479 1213.571325 8656.925738 1023.439226 1121182797 843139483.4

mIP NS g

86901 (1Z0Z) 9€T 2uIIPa pup A30]01g Ul s42Induio)



B. Shi et al.

Computers in Biology and Medicine 136 (2021) 104698

Table 6
The results of Friedman'’s test over these involved algorithms.
Algorithm ECPA CPA CLPSO DE PSO MFO GWO
mean level 1.35685 6.523696 3.6322222 3.65214 4.254141 4.012544 3.5624156
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Fig. 3. Convergence curves of selected benchmark functions.
QOS-aware service composition [116-118], medical diagnosis advanced age patients are more susceptible to COVID-19 infections than

[119-122], covert communication system [123, 124], pedestrian dead
reckoning [125], and feature selection [126-128].

Several studies have shown that age is one of the main risks of res-
piratory system diseases [129,130]. In terms of SARS and MERS, older
age was an independent predictor of SARS or MERS exacerbation risk
and mortality [131-133]. Similarly, a large body of studies confirms that

Best score obtained so far

400

young patients and older age patients are more susceptible to severe
COVID-19 [134,135]. Meanwhile, researchers have also shown that age
is an independent pronouncing factor for COVID-19 [134,136]. There
are several possible reasons to explain this phenomenon. First,
immune-senescence in aging is considered to be the leading cause of
severe pneumonia mortality in older adults [129]. Second, with the
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Table 7

The results of ECPA-KELM on collected data.
Fold ACC MCC Sensitivity Specificity
#1 0.8859 0.8656 0.9695 0.82
#2 0.8932 0.8863 0.8956 0.8632
#3 0.9623 0.9575 0.9625 0.8852
#4 0.9773 0.8425 0.8857 0.8958
#5 0.9763 0.8895 0.9659 0.9623
#6 0.8968 0.9462 0.8352 0.9528
#7 0.8867 0.8754 0.9584 0.9782
#8 0.9732 0.8989 0.8758 0.8025
#9 0.8897 0.9325 0.9953 0.8369
#10 0.8778 0.9562 0.8859 0.9658
Mean 0.92192 0.90506 0.92298 0.89627
STD 0.04379 0.04054 0.05322 0.06536

increase of age, the cellular and humoral immune function of the body
gradually declines [137-139]. For example, the level of immunoglob-
ulin M and interferon decrease, the number of T- and B-lymphocyte
decreases, resulting in an increased risk of infection [140]. Third, older
COVID-19 patients tended to have more commodities, which was easier
to acute respiratory failure and have a poor prognosis [141,142]. Similar
to their results, we found that the extreme COVID-19 group’s mean age
was 1.45 times higher than that of a non-severe COVID-19 group (P =
0.00), indicating that age could be considered a promising clinical
outcome index in COVID-19 patients.

It was notified that approximately 60% of SARS patients have liver
impairment [143]. Likewise, MERS patients also have liver damage
[144]. Numerous retrospective studies have demonstrated that
COVID-19 patients often have liver function damage. Based on the large
retrospective data, increased levels of ALT and AST have been found in
14-53% of patients with COVID-19 [145,146]. The most widely used
parameters are ALT and AST liver functions. The permeability of the cell
membrane will increase if hepatocytes are affected. The blood circula-
tion is freed by high levels of cytoplasmic transaminases such as alanine
aminotransferase, aspartate aminotransferase, and complete bilirubin
[147,148]. Many studies confirm that in extreme COVID-19 patients,
ALT and AST were substantially higher than in non-severe patients
[149]. However, the mechanism of SARS-CoV-2-induced liver impair-
ment is not as yet clear. First, the cytokine storm following SARS-CoV-2
infection is thought to be one of the key factors of liver impairment
[150]. Second, SARS-CoV-2 may directly be infecting hepatocytes. Xu
and colleagues confirmed that the main pathologies of the liver in
COVID-19 patients were characterized by moderate microvascular
steatosis, mild lobular and portal activity [150]. In this analysis, we also
found, relative to the non-extreme COVID-19 group, that the levels of
ALT and AST in the severe COVID-19 group were 2.73 and 2.83 times
higher. In summary, the association between liver function damage and
COVID-19, a major factor in COVID-19 progression closely linked to
COVID-19 seriousness, was revealed in these results.

Another important biomarker, albumin (ALB), is one of the indexes
of liver impairment [151]. ALB is synthesized by parenchymal cells in
the liver, and the plasma half-life of albumin in the plasm is 15-19 days
[152]. The level of ALB reflects the synthetic protein function of the
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Table 9
The numbers of selected feature.

Index  Algorithms

ECPA-KELM CPA-KELM GWO-KELM MFO-KELM PSO-KELM
F1 0 0 0 1 2
F2 9 7 8 8 7
F3 3 3 4 5 5
F4 4 5 3 3 5
F5 8 7 8 7 7
F6 2 4 5 5 4
F7 9 7 6 6 7
F8 2 3 4 5 4
Fo 8 8 7 6 6
F10 5 4 4 6 4
F11 3 5 5 6 4
F12 9 8 7 7 8
F13 1 2 4 4 5
F14 8 7 7 6 6
F15 4 5 3 5 4
F16 6 5 2 4 3
F17 4 5 5 3 4
F18 2 5 5 3 6
F19 1 6 4 6 4
F20 4 5 4 5 3
F21 3 5 5 3 3
F22 2 4 6 4 4
F23 1 6 5 1 1
F24 2 4 4 2 6
F25 6 6 6 5 5

liver, and ALB is a useful index for assessing nutritional status. He et al.
found that plasma ALB levels are positively associated with the degree of
community-acquired pneumonia (CAP) in pregnancy [153]. Recently,
future analysis of over 400 CAP patients found a substantially higher

Table 8

The statistical experiment results of comparison in terms of the four metrics.
Algorithms ACC MCC Sensitivity Specificity
ECPA-KELM 0.92192 + 0.04379 0.90506 + 0.04054 0.92298 + 0.05322 0.89627 + 0.06536
CPA-KELM 0.87523 + 0.06521 0.85214 + 0.07854 0.86521 + 0.06352 0.84215 + 0.08965
KELM 0.80215 + 0.07851 0.79541 + 0.09851 0.80251 + 0.06325 0.78541 + 0.15632
GWO-KELM 0.86325 + 0.06852 0.8251 + 0.07513 0.87854 + 0.07852 0.85247 + 0.10043
MFO-KELM 0.85264 + 0.06528 0.83652 + 0.0712 0.88635 + 0.08521 0.86354 + 0.09013
PSO-KELM 0.85684 + 0.06892 0.86325 + 0.0754 0.87169 + 0.06323 0.87854 + 0.10212
SVM 0.81256 + 0.08751 0.78521 + 0.0874 0.78693 + 0.08521 0.80254 + 0.16134
KNN 0.81365 + 0.08411 0.81254 + 0.1125 0.78265 + 0.08874 0.8019 £ 0.12415
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Fig. 5. Comparison results among these methods in terms of CPU time via 10-
fold CV.

plasma ALB level in the community of survivors than in the non-survivor
group, indicating that ALB could be promising for CAP pronostics [154].
In line with these findings, Liu et al. found that plasma ALB levels in the
group COVID-19 were considerably lower than in the group COVID-19
stabilization (36.62 £+ 6.60 g/L vs. 41.27 £+ 4.55 g/L), suggesting
hypoalbuminemia was positively associated with advanced COVID-19
progression and ALB may be used as an independent predictor of
severity of illness and outcome [155,156]. Consistent with their find-
ings, in the current study, we also revealed that plasma ALB levels in the
severe COVID-19 group were significantly lower than the non-severe
COVID-19 group (35.90 + 4.65 vs. 41.53 + 2.57, P = 0.000). In addi-
tion, globulin is the main component of serum non-albumin protein,
which is composed of various pro-inflammatory proteins, such as
immunoglobulin, complement, and C-reactive protein. Serum globulin
levels are an objective marker to reflect the systemic inflammation and
the immune status of the body [157,158]. Of note, in recent years,
Albumin/Globulin ratio (A/G) was commonly used to detect infectious
diseases such as the acute exacerbation of the chronic obstructive pul-
monary disease, hepatitis C and human immunodeficiency virus infec-
tion as a quick and inexpensive biomarker [159-161]. Furthermore,
A/G also can be used as a novel predictor of prognosis in patients with a
malignant tumor, including hepatocellular carcinoma, laryngeal squa-
mous cell carcinoma, and colorectal cancer [162,162]. However, few
studies have reported on the relationship between A/G and COVID-19
patients. Universal research used by Zhou et al. shows that A/G was
substantially related to COVID-19 severity. However, as shown by the
multivariate binary logistic regression model, A/G was not an inde-
pendent risk element for patients with COVID-19 [4]. Our analysis
showed that in non-serious COVID-19 groups, A/G was substantially
higher with approximately 1,41 times the amount of extreme COVID-19
groups (1.68 + 0.24 vs. 1.19 £ 0.36, P = 0.000). This is the first time we
realize that machine learning is being used to incorporate the A/G
variable into COVID-19 research. All in all, the plasma ALB levels and
The value for discrimination against COVID-19 patients A/G were
shown to be significantly predictive and might predict COVID-19
progression.

Lactate dehydrogenase (LDH) is an essential energy-producing
enzyme required for human physiology. LDH is present in almost all
tissues, including liver, lung, kidney, skeletal muscle, myocardium tis-
sue. Many studies have shown that elevated LDH levels are associated
with disease progression and poor clinical outcome [163,164]. For
instance, a population-based study of 238 cases of SARS from Singapore
suggested that high LDH is positive for adverse outcomes and acute
syndrome of air distress [165]. Chang and colleagues reported that
elevated LDH levels were related to increased mortality in SARS cases
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[166]. Therefore, LDH is a potential risk prediction factor. Recent seven
studies, including a meta-analysis with >1900 COVID-19 patients,
found that the increased LDH level has been substantially linked to
COVID-19 severity [167]. Our study found that the average LDH of the
severe COVID-19 group was 382.95 + 152.78, and that of the non-severe
COVID-19 group was 244.37 + 61.07, suggesting that plasma LDH levels
may be regarded as a promising biomarker of clinical outcome in
COVID-19 patients.

So far, very few relevant studies describing biochemical index, blood
electrolyte, and clinical parameters to joint predict the severity and
prognosis of the COVID-19. This is the first effort to incorporate age,
ALT, AST, ALB, A/G, and LDH for predicting and discriminating COVID-
19 severity using the machine learning method. However, some limi-
tations exist in our research. First, the number of COVID-19 cases was
relatively small, and patient data came from a single center. The model
constructed ECPA-KELM can provide early warning for the severity of
COVID-19 and help clinicians in the diagnosis and treatment of this
infectious disease. In the future, we hope to enlarge the sample size and
to improve the accuracy of the ECPA-KELM model further. Second, in-
dependent/external datasets or prospective studies are needed to verify
the accuracy of the ECPA-KELM model to make the model more reliable
and stable.

8. Conclusion and future work

The study uses clinical information from the Affiliated Yuqing Hos-
pital of the Medical University of Wenzhou to develop an efficient ECPA-
KELM early identification procedure and COVID-19 discrimination
(Yueqing, China). The main innovation for the proposed methodology is
for the current ECPA to include a new strategy to enhance and restore
the original CPA search ability; the performance of the ECPA has been
strictly regulated with the CEC2017 criteria compared with several
other rivals. Experimental findings indicate that the ECPA proposed is
much better suited than others to achieve this function optimization. In
addition, ECPA has been proposed for the synchronized evolution of the
optimum parameters and feature selection in KELM; the resulting ECPA-
KELM was used successfully for early identification and discrimination
against COVID-19. There has also been a rigorous analysis of the ECPA-
KELM with other competitive algorithms. The findings also showed that
the ECPA-KELM predicts the more stable properties more accurately and
can be treated as a tool to provide early warning for the severity of
COVID-19 and help clinicians in the diagnosis and treatment of this
infectious disease.

For future work, a number of matters can be further investigated.
More variables and coefficients are added, and parallel processing can
also reduce the computing burden in the application phase; the
following should be noted. We can also increase the number of data
samples to create a safer and more effective prediction system. In
addition, the proposed ECPA-KELM can also be employed to predict
other variety of conditions such as clustering aspects and splitting the
used image into CTs to expand the use of the developed system.
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