Prediction equations for detecting COVID-19 infection
using basic laboratory parameters

Shirin Dasgupta’, Shuvankar Das? Debarghya Chakraborty?

Dr. B. C. Roy Multi Speciality Medical Research Centre, Indian Institute of Technology Kharagpur, West Bengal, India,
?Department of Civil Engineering, Indian Institute of Technology Kharagpur, West Bengal, India

ABSTRACT

Objectives: Coronavirus disease 2019 (COVID-19) emerged as a global pandemic during 2019 to 2022. The gold standard method of
detecting this disease is reverse transcription-polymerase chain reaction (RT-PCR). However, RT-PCR has a number of shortcomings.
Hence, the objective is to propose a cheap and effective method of detecting COVID-19 infection by using machine learning (ML)
techniques, which encompasses five basic parameters as an alternative to the costly RT-PCR. Materials and Methods: Two machine
learning-based predictive models, namely, Artificial Neural Network (ANN) and Multivariate Adaptive Regression Splines (MARS), are
designed for predicting COVID-19 infection as a cheaper and simpler alternative to RT-PCR utilizing five basic parameters [i.e., age,
total leucocyte count, red blood cell count, platelet count, C-reactive protein (CRP)]. Each of these parameters was studied, and
correlation is drawn with COVID-19 diagnosis and progression. These laboratory parameters were evaluated in 171 patients who
presented with symptoms suspicious of COVID-19 in a hospital at Kharagpur, India, from April to August 2022. Out of a total of
171 patients, 88 and 83 were found to be COVID-19-negative and COVID-19-positive, respectively. Results: The accuracies of the
predicted class are found to be 97.06% and 91.18% for ANN and MARS, respectively. CRP is found to be the most significant input
parameter. Finally, two predictive mathematical equations for each ML model are provided, which can be quite useful to detect the
COVID-19 infection easily. Conclusion: It is expected that the present study will be useful to the medical practitioners for predicting
the COVID-19 infection in patients based on only five very basic parameters.

Keywords: Artificial neural network, COVID-19, laboratory parameters, multivariate adaptive regression splines,
predictive models

Introduction

The first four human coronavirus strains discovered, NL.63
(HCoV-NLG63), 229E (HCoV-229E), OC43 (HCoV-OC43),
and HKU1 (HCoV-HKU1), were identified to cause
common cold in otherwise healthy individuals. The year 2003
witnessed a new strain, the severe acute respiratory syndrome
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coronavirus (SARS-CoV), which was first isolated in China,
followed by another, the Middle East respiratory syndrome
coronavirus (MERS-CoV), in 2012 detected in Saudi Arabia. Both
these strains caused severe respiratory tract infections, MERS
having an extremely high death rate. The outbreaks were a result
of zoonosis possibly originating from bats. Both SARS-CoV and
MERS-CoV caused epidemics, thus exposing coronaviruses as
a risk to human health and thus necessitating scientific research
into the coronaviruses. In 2019, a new strain again initiated
from China, which too probably originated from bats. The virus
was established as SARS-CoV-2 [a non-enveloped ribonucleic
acid (RNA) beta coronavirus|; the World Health Organization
declared the outbreak as pandemic on March 11, 2020 due to its
wortldwide potential and fatal outcomes.!! Within a short span,

This is an open access journal, and articles are distributed under the terms of the Creative
Commons Attribution-NonCommercial-ShareAlike 4.0 License, which allows others to
remix, tweak, and build upon the work non-commercially, as long as appropriate credit is
given and the new creations are licensed under the identical terms.

For reprints contact: WKHLRPMedknow_reprints@wolterskluwer.com

How to cite this article: Dasgupta S, Das S, Chakraborty D. Prediction
equations for detecting COVID-19 infection using basic laboratory
parameters. J Family Med Prim Care 2024;13:2683-91.

© 2024 Journal of Family Medicine and Primary Care | Published by Wolters Kluwer - Medknow 2683



Dasgupta, et al.: Prediction equations for detecting COVID-19

the SARS-CoV-2 pandemic managed to cause about 360 million
infections with over 5 million casualties globally.” This infection
is transmitted through respiratory droplets of infected people;
besides, the virus’s presence has been traced in the stool and urine
of infected individuals.”! It is the most terrible pandemic that
tormented humanity since the Spanish flu of 1918. Contrary to
other coronaviruses, SARS-CoV-2-infected patients can remain
asymptomatic or manifest mild symptoms; thus, the patient
remains unaware of the condition. This upsurges the risk of the
disease getting spread from one to another, thus highlighting the
need for early identification of infection.!

COVID-19 patients can produce a plethora of symptoms with
highly variable clinical features ranging from the asymptomatic
state to respiratory failure and septic shock along with
ground-glass opacities, consolidations, and reticular patterns on
chest computed tomography (CT).P!

The complete blood count (CBC), one of the first-line
investigations, is a rapid, non-complicated, and easily available
test which offers valuable evidence about the patient’s disease
condition. Hematological and biochemical markers are central
elements in the investigation of suspected COVID-19 cases
as their abnormal values can provide insight to the clinicians

regarding risk stratification and prognosis.

! The importance
of CBC parameters can be emphasized by Zheng e# a/. whete
it was found that COVID-19 patients at the time of admission
typically presented with a platelet count and total leucocyte
count in the normal range but developed lymphopenia right
after the onset of symptoms, which became more distinct as the
disease progressed. This study also showed that the neutrophil,
lymphocyte, and platelet counts are clinically useful in stratifying

patients with COVID-19.

The reverse transcription-polymerase chain reaction (RT-PCR)
is the current gold standard tool for detecting this COVID-19
infection. However, it is costly and requires dedicated equipment
and reagents, trained personnel for the sample collection, and
proper genetic conservation of the RNA sequences used for
annealing the primers.®! Additionally, RT-PCR is difficult to
perform in the peripheral rural areas because of its requirement
for infrastructure, whereas it is more feasible to conduct a simple
CBC test in these circumstances.

In this paper, two machine learning (ML)-based predictive
models for predicting COVID-19 infection are implemented
as a cheaper and simpler alternative to RT-PCR based on five
parameters, that is, age, total leucocyte count (TLC), red blood
cell (RBC) count, platelet count, and C-reactive protein (CRP).
The obtained equations will greatly help the general primary care
providers and family physicians for a rapid and effective COVID
diagnosis; this diagnosis will be based only on the input of these
five basic parametets.

Recently, several ML model-based studies!™'”! have been
conducted; however, most studies® considered CT scans and
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chest X-rays as input parameters in the ML framework. However,
both tests give high false-negative results and large exposure to
CT radiation may be carcinogenic. In addition, both tests are
very costly. On the other hand, laboratory-based clinical tests are
easily accessible in most rural medical facilities. Different types
of ML models were applied by several researchers to identify the
COVID-19 infection using laboratory parameters.?!!]

Recently, Chadaga ¢z 4" utilized 13 laboratory parameters
in four ML models (i.e., logistic regression, K nearest
neighbors, random forest, and XGBoost) to detect COVID-19
infection. By considering 30 input laboratory parameters, Lin
et all" predicted the COVID-19 infection with Artificial Neural
Network (ANN). By using deep neural networks, Babaei Rikan
et al™ predicted the COVID-19 infection utilizing minimum 15
laboratory parameters. In a recent study, four input laboratory
parameters [i.e., age, white blood cell (WBC) count, monocytes,
and lymphocytes] have been considered in a stacking machine
learning model (SML) to predict the COVID-19 infection.”! A
nomogram-based prediction model has been presented with three
ML model (i.e., gradient boosting, random forest, and XGBoost)
scores in terms of probability.

From the available literature, it is observed that most of the
studies considered more than 15 laboratory parameters to predict
the COVID-19 infection. Moreover, as per authors” knowledge,
except Rahman e 2/, no study has provided any prediction
equation. The prediction equation provided by Rahman ef o/
was based on an SML model, which is a bit complicated and
difficult to reproduce. On the other hand, the present study
considers only five basic parameters. Most importantly, simple
and reproducible predictive equations are presented by two ML
methods, namely, ANN and MARS.

Materials and Methods

Laboratory parameters considered for the study

As mentioned above, five basic parameters, that is, age, TLC,
RBC count, platelet count, and CRP, are considered as the inputs
for the present machine learning-based predictive models. This
section provides a detailed discussion on the significance of
considering each of these parameters.

Age

SARS-CoV-2 was found to be more prevalent and have a more
serious outcome in older subjects. Generally, aged individuals
are more susceptible to any infection compared to their younger
counterparts. The possible reason could be their relative immune
compromised state and associated co-morbidities. COVID-19
being a novel virus, not been previously encountered, it is
necessary to have more immune cells to fight against it, which is
lacking in older individuals. The availability of naive T-cells along
with the ratio of CD4/CD8 T-cells is inversely proportional to
increasing age; thus, the ability to address any new pathogen
becomes depleted, leading to poor prognosis to COVID-19 in
the aged.!"
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Typically, the lung conducts defense mechanisms like cough
reflex, the barrier function of the epithelium and mucus, and
mucociliary clearance, which acts with the innate immune system
in harmony to remove inhaled or aspirated substances, including
infectious agents. These defense mechanisms decrease with age.
As a person ages, the thymus becomes atrophic and is eventually
replaced by fibrotic tissue, resulting in a reduced number or even
complete nullification of exiting naive T-cells. This exhausts
the T-cells, thereby reducing the immunity, making the older

individuals more susceptible to the infection.!"”)

A study to discover the association between the age and gender
of the whole population in various geographical areas and the
epidemic characteristics of COVID-19 globally showed that the
incidence rate, case fatality rate, and mortality rate of COVID-19
were high in regions where the maximum population was
composed of people aged 65 years and above. Conversely, places
with a higher proportion of young population (under 25 years
old) showed less COVID-19 rates."!

A review reported that elderly populations were a higher-risk group
of developing adverse complications to COVID-19 (i.e., acute
liver injury, acute kidney injury, acute cardiac injury) when

compared to theit younger counterparts.'”

Total Leukocyte Count

Leukocytes are cells of the immune system that protect the body
against infectious disease and foreign agents. Since the immune
system is altered in COVID-19 infection, TLC has a significant
role in the propagation of this infection. The dysregulation of
immune responses and subsequently immunologic abnormality

played important roles in the sevetity of viral diseases.®

A retrospective study conducted to correlate the TLC
of confirmed COVID-19 patients with a definite clinical
outcome (i.e., death or discharge) showed that the patients
with higher TLC faced a much higher death possibility."” In
a meta-analysis, it was reported that patients who died of
COVID-19 had significantly high TLC, whereas the patients who
had the infection had only mild elevation in this parameter.””

A systemic review and meta-analysis targeted to explore the
effect of risk factors on the severity of the infection, focusing on
immune-inflammatory parameters, which represent the immune
status of patients, revealed that compared to COVID-19 patients
with normal TLC, COVID-19 patients who presented with an
increased TLC (>10,000 cells/mm?) had about 3-fold higher risk
of developing severe infection.!!

RBC count

RBC count is the number of red blood cells per cubic
millimeter (mm?) of blood. Many studies did find a cortrelation
with this parameter with the severity of COVID-19 infection.

A retrospective cross-sectional study stated that hemoglobin
concentration, RBC count, hematocrit, and other RBC

Journal of Family Medicine and Primary Care

indices were all significantly decreased in COVID-19 subjects

21 Other studies also agree with similar

compared with controls.
findings which displayed that severely and critically ill patients
of COVID-19 had a significantly decreased RBC count and

hemoglobin when compated to normal controls.?

Another study concluded that the determination of RBC
count and hematocrit concentration were the most significant
predictors of death of COVID-19 patients, thereby putting
forward the importance of these parameters.”™ Another cohort
study concluded that among many other parameters, anemia is

also a poor prognostic factor for COVID-19 patients.

Platelet count

Platelets are tiny cell fragments (2—4 wm) which are formed
and introduced into the blood stream by megakaryocytes. Their
principal function is to induce a first-line cellular response to
thrombosis and vascular injuries. Platelets have the potential to
connect the immune system with thrombotic events through
the release of various effective chemokines and cytokines, thus
acting as key inflammatory mediators.[! The interactions between
endothelial cells, platelets, and leukocytes play a critical role in
the pro-coagulant effect of viral infections.”

The heart, liver, brain, and kidneys are highly susceptible hosts
to micro-thrombi formation in COVID-19 patients.

However, studies have also found platelet counts as an
unreliable predictor of COVID-19 mortality. One case
series reported that only 5% of patients of COVID-19
had platelets counts <100,000/mm* of blood.””! Another
study stated that among 69 COVID-19 patients, none had
platelet counts <100,000/mm? of blood at admission.” In a
retrospective cohort study, there was no significant association
between the platelet count on admission and disease severity or
mortality of COVID-19 patients.P!

C-reactive protein

CRP is an acute-phase reactant protein, synthesized by the liver
and responsible for the removal of pathogens via the complement
system and enhanced phagocytosis. Its concentration rises in
various inflammatory conditions.

CRP rise was reported during SARS outbreak in 2002.
A direct correlation between higher CRP concentrations and
deteriorating lung lesions in COVID-19 positive patients
was also demonstrated.”? Various studies were conducted to
determine CRP as a biomarker associated with poor prognosis
of COVID-19 patients. A meta-analysis reported that patients
who died of COVID-19 infections portrayed significantly higher
CRP concentrations when compared to those who survived.

In another study, receiver operating characteristic curve
analysis established CRP as a valuable predictor of COVID-19
infection progression and severity. Furthermore, patients
with CRP > 64.75 mg/L are more likely to have severe
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complications.P! A retrospective, single-center study with an
aim to evaluate the potential of CRP in outcome prediction of
patients with COVID-19 concluded that the serum CRP level
upon admission is a determinate of disease severity. To the best
of their knowledge, this was the first report on the prognostic
value of CRP in patients with COVID-19.P!

A systematic review discovered that the high level of CRP was
observed in about 85% of severely ill COVID-19 patients,
which indicates severe infection and poor outcome. CRP is the
only marker which correlates to the progression of non-severe
COVID-19 infection.P

CRP increased significantly at the initial stage in severe
COVID-19 patients, while thetre are still no CT findings.P”
Furthermore, it was confirmed that CRP is an early biomarker
which can predict the severity of COVID-19 with good
performance.

Based on this detailed literature review, it is quite clear that all
these five parameters (i.e., age, TLC, RBC count, platelet count,
and CRP), which can be obtained quite easily even at a rural
setup, may be used as the input parameters for the predictive
machine learning models.

Data collection

This is a retrospective cross sectional study conducted in an
in-campus semi-urban hospital at Kharagpur, India, from
April 2022 to August 2022. Patients included in this study were
those who attended the OPD with respiratory tract symptoms
such as cough, running nose, flu-like symptoms, fever, and so
on. The laboratory parameters were tested in the Pathology
and Biochemistry laboratory of the hospital. Venous blood
was collected from these patients by trained phlebotomists
maintaining aseptic conditions. 2.5 ml of blood was collected in
a K2-EDTA vacutainer and 3 ml in a clot vacutainer and run in
a Hematology and Biochemical analyzer, respectively.

After collecting a nasopharyngeal swab from the patients,
the COVID-19 test was done for all these patients using a
rapid antigen detection kit. Among 171 patients, 88 were
found to be COVID-19-negative and 83 were found to be
COVID-19-positive. The present study utilized only the test
results obtained from routine laboratory work, and the patients’
identities are not revealed.

ML techniques

In this section, a description regarding two ML techniques, that
is, ANN and MARS, are discussed.

ANN

Among all the available machine learning techniques, ANN
is the most popular one. In recent years, ANN has been
employed efficiently for several purposes in the medical field.P*
In the present study, by casting the problem as a classification

Journal of Family Medicine and Primary Care

problem, out of 171 patients’ laboratory data, randomly selected
137 (80%) patients’ data are kept for training, and the remaining
34 (20%) patients’ data are utilized for testing. By using five
input parameters (i.e., age, TLC, RBC count, platelet count,
and CRP) and two output classes (i.c., COVID-19-positive and
COVID-19-negative), ANN classification model is created.
Limited-memory Broyden-Fletcher-Goldfarb-Shanno (LBFGS)
quasi-Newton algorithm is applied in MATLAB Version 9.12
for the selected ANN classification model. For the stable
performance of the ANN model, the suitable number of neurons
in the hidden layer is set as 8 [refer to Figure 1(a)]. The selected
ANN architecture is shown in Figure 1(b). By using the obtained
weights and biases of the optimal ANN model, the mathematical
prediction equation for COVID-19 infection is developed.

Additionally, to understand the effects of the input parameters
on the obtained output results, sensitivity analysis is executed.
Garson’s algorithm is employed to test the impacts of the five
input parameters on the COVID-19 Indicator (CI).” For finding
out the relative importance (RI) of every input parameter (refer
to Equation 1), the weights with respect to the corresponding
input parameters are used.

[ et
m=1 Z|Wm

£ 5]

m=1

i
|

where RI/ Jindicates the index of each input parameter importance

RI, =

J=1,2,3,4,5

)

in a relative manner. P and H are the numbers of input layers
and hidden neurons, respectively, and W and IV, represent the
weights acquired from the selected ANN model for input-hidden
and hidden-output layers.

MARS

By utilizing piecewise linear functions (also called basis functions),
MARS generates a non-linear functional relationship between
the output and input variables. In this regression technique,
a non-linear relationship is obtained from two or more linear
functions with the help of different gradients. The gradient
changing locations of the linear segments are known as knots.
The generalized form of the MARS model can be expressed by
using Equation 2.

M
f(}Q = 180 + z ﬂmﬂ’mm
& @

where f(X) indicates the predicted magnitude from the MARS,
and B are coefficients, M is utilized to indicate the total number
of basis functions, and A_(X) is the 7" basis function.
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Figure 1: (a) Variation of accuracy with number of neurons in hidden layer; (b) architecture of neural network for classification

The entire methodology of MARS is divided into two main
steps (i.c., the forward phase and the backward phase).
In order to check the least contributing basis functions,
generalized cross validation (GCV) technique is utilized. GCV
is the ratio of mean squared error of the obtained model
and a penalty component that accounts for the complexity
of the model. The GCV can be expressed by the following
equation:"

1 X

> i X))
GCV =—=1 5
M+ax ™)
1 2

N
©)

where Nis the total number of observed data, y is the observed
value, /(X)) is the predicted value (from the MARS), and 4
is the penalty factor. Here, the value of 4 is considered as
2. The optimum MARS model is obtained using ARESLab
Version 1.13.0 when the GCV value is the least. For a detailed
mathematical background of the MARS, one can refer to
Friedman."!

In the present MARS model, the training and testing data
divisions are kept exactly the same as the ANN model. In order
to find the optimum basis functions, Figure 2 is plotted. It is
observed that the optimum number of basis functions remains
constant at 14 when basis functions in forward phase are > 107.
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Therefore, the present MARS model is formed with 14 basis
functions.

Results
Prediction of COVID-19 infection using ANN

By using the obtained weights and biases, the prediction equation
is presented as follows [refer to Figure 3(a)]:

H P
CI 4 =softmax| . WZRCLU[ > {%ij}+B1J+B2
n=1 J=1

)

Here, NI/ designates the normalized input parameters.
Normalization is carried out by using Equation (5).

.min
NI, =| L
J -max _ -min
J J (5)

Z"min
J

of the input parameters, respectively, as presented in Table 1.
Here, ‘Rel .U’ and ‘softmax’ functions are utilized, which can be

expressed as

where zj max and are the maximum and minimum magnitudes

Rectified linear unit function,

P P
ReLU| Y {WiNI ;| +B; |=max| 0, 3 {W;NI;}+B
J=1 /=1 ©)
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exp(ly;)
Z exp(Iy;)
=1 ©)

softmax(ly;) =

B, and B, indicate the biases, and as described before, W, and
W, represent the weights acquired from the selected model for
input-hidden and hidden-output layers, respectively [refer to
Table 2]. The COVID-19 indicator (CI ) designates the output
class (i.e. COVID-19-positive and COVID-19-negative) based
on the obtained probability for each class. The accuracy of the
predicted class is found to be 97.06%, as shown in the confusion
matrix [refer to Figure 3(b)].

The relative importance of the input parameters is determined
using Equation 1 and presented in Figure 3(c). It is found that

[ N
(] (9]
Ll

[
(9]
Ll

o
<
Ll

wn
Ll

Optimum number of basis functions

(]

T T T

40 80 120 160 200
Basis functions in forward phase

=]

Figure 2: Selection of the optimum number of basis functions retained
after pruning phase

Table 1: Maximum and minimum values of the input
parameters considered in the present study

Input parameters Maximum value Minimum value

for detection of COVID-19 infection, CRP is the most sensitive
parameter having Rl as 46.85%, followed by age as 17.92%, RBC
count as 15.76%, TLC as 13.36%, and platelet count as 6.11%.

Prediction of COVID-19 infection using MARS

The expressions of basis functions are given in Table 3. Note
that here, x, = Age, x, = TLC, x; = RBC Count, x, = Platelet
Count, and x, = CRP. The final expression of the MARS model
is given by Equation 8. Also, it needs to be mentioned that
in the present MARS model, the normalization of the input
parameters is carried out by dividing each parameter with the
maximum magnitude of the respective input parameter, which
can be found in Table 1.

The performance of the MARS model is expressed in terms
of accuracy, which is noticed from the confusion matrix from
the testing data points. The accuracy of the predicted class
is observed to be 91.18% [refer to Figure 4(a)]. Sensitivity
analysis is carried out using the relative importance concept
and ANOVA decomposition. Figure 4(b) shows the percentage
relative importance of various input parameters (out of 100%).
The percentage relative importance of any input parameter is
calculated from the difference in GCV value when that parameter
is discarded from the model. From the above analysis, it is clear
that CRP is the most sensitive parameter having RI as 41.63%,
followed by Age as 18.83%, RBC Count as 17.43%, TLC as
16.17%, and Platelet Count as 5.94%. Table 4, which shows the
ANOVA decomposition, further confirms that CRP is the most
significant parameter as it gives the highest GCV value.

Discussion

The proposed predictive models indicate that the most significant
parameter is CRP, followed by Age, RBC Count, TLC, and
Platelet Count for predicting COVID-19 infection. These results
correlate well with several previous studies on COVID-19

Age (years) 83 8 diagnosis and severity of infection.
TLC (cells/mm?) 10310 1800
RBC Count (million/mm’) 6.1 319 The role of each of the parameters included in our study has
Platelet Count (/mm’) 441000 152000 been well researched, and their importance in COVID-19
CRP (mg/T) 077 ! infections is well documented. Previous studies have established
Table 2: Obtained weights and biases for input-hidden and output-hidden layers
Hidden  Weights (W1) between input-hidden layers Weights (W2) between Biases
neuron output-hidden layers
Age TLC RBC Platelet CRP COVID-19 COVID-19 Input-hidden Output-hidden (B,)
Count  Count Negative  Positive (B) COVID-19 Negative COVID-19 Positive
1 -0.53878 -0.10013 -0.21754 -0.41618 -0.31958 0.59416 0.61573 0.00000 -2.24037 2.24037
2 -1.59110 -2.00667 -1.18135 -1.27932 0.58080 1.07475 -1.34048 -2.49985
3 0.73741  0.29942 0.53460 0.18354 2.09157  -2.60927 1.21355 1.47500
4 0.43699 0.50722 0.46116 0.01140 -2.27116 4.96820 -5.03872 0.90528
5 2.10788 1.22257 0.54100 0.10648 -2.42036 0.54710 -1.53634 -0.44693
6 0.23700 -0.67835 -0.25276 -0.03518 0.25805  -0.00073 0.37486 -0.20694
7 -0.36300 -0.36125 1.25278 -0.18778 0.76019  -1.06046 0.60625 1.77528
8 0.51724 -0.18549 -0.20850 0.28777 -0.71397 0.93502 0.46072 0.23099
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Figure 3: (a) Network with a detailed weight matrix; (b) confusion matrix; (c) relative importance of input variables for detecting COVID-19 infection

as per selected ANN model
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Figure 4: (a) Confusion matrix; (b) relative importance of input variables for detecting COVID-19 infection as per selected MARS model

that CRP [32-37], RBC [22-26], TLC [18-21], and increasing
age [14-17] have a significant effect on the severity of COVID-19
infection. Platelets are less likely to have a significant role [27-31],
which also matches with the results of the proposed ML models.
Hence, the results obtained from the predictive models are
medically justified. These predictive models shall prove to be
of great aid to family physicians and primary care providers
as they will be able to easily identify COVID infection in the
patients with the help of these basic parameters which can be
readily obtained.

Conclusion

The present study deals with two MIL-based classification
models, namely, ANN and MARS, to predict the COVID-19
infection cheaply and quickly. The study was carried out
by utilizing laboratory data from an in-campus semi-urban
hospital. The developed design models predict the COVID-19
infection with a reasonable accuracy of 97.06% and 91.18% for
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ANN and MARS, respectively. Additionally, two very simple
predictive mathematical equations are developed for each ML
model. Sensitivity analysis of input laboratory parameters
indicates that CRP is the most sensitive parameter. It is
expected that the present study will be useful to the medical
practitioners.
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Table 3: Equations of basis functions of the developed MARS model

Basis Function Equation

A max (0, x,-0.15953)

lz max (0, 0.15953 - x) X max (0, x,-0.5257) X max (0, 0.55422 — x ) X max (0, x, — 0.64754)

A A, X max (0, x, — 0.70522)

A, A, X max (0, 0.70522 — x,)

A max (0, 0.15953 — x)) X max (0, 0.55422 — x) X max (0, x, — 0.56009) X max (0, x, — 0.6935) X max (0, 0.74098 — x)
A, max (0, 0.15953 — x) X max (0, x, — 0.5257) X max (0, 0.55422 — x)) X max (0, x, — 0.62812)

A max (0, 0.15953 — x)) X max (0, 0.5257 — x,) X max (0, x, — 0.54217)

/1; max (0, 0.15953 — x) X max (0, 0.55422 — x) X max (0, 0.80656 — x,) X max (0, 0.82929 — x )

A, max (0, 0.15953 — x) X max (0, 0.55422 — x,) X max (0, 0.56009 — x,) X max (0, x, — 0.70514) X max (0, x, — 0.72951)
Ay max (0, 0.10635 — x,)

Ay max (0, x,-0.050222)

Ay max (0, 0.15953 — x) X max (0, x, — 0.46712) X max (0, 0.36145 — x,) X max (0, 0. 64985 — x ) X max (0, x, — 0.80328)
A Ay, X max (0, 0. 31325 — x))

A, max (0, 0.15953 — x) X max (0, 0.5257 — x)) X max (0, 0.54217 — x)) X max (0, x, — 0.62295)

Note: Here, x =Age, x,=TLC, x,=RBC Count, x,=Platelet Count, x,=CRP

CTI=0.36069 - 5.8224 21 - 454.684p - 1831643 + 3182.544 + 3.3779&51.5 +1372.8 +225.0847
+183.314g - 1938149 - 4.851141 +5.827241 +1.6884¢> Ao +47.76713 + 12412444

if C1<0.5

CIpr = COVID -19 Negative

clse
CIpr = COVID -19 Positive

Table 4: ANOVA decomposition of the present MARS

model

Function GCV Variable (s)

1 0.287453 X,

2 0.093000 X X,

3 0.100862 Xy Xy X,

4 0.147816 X, X, X, X,

5 0.105504 X, X, X5 X,

6 0.113684 X}s Xy, Xy X X,
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