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This paper is dedicated in honor of Ronald E. Mickens’ 80th birthday.

ABSTRACT. In this work, we consider a compartmental model to describe the
immune response to SARS-CoV-2. The model considers the primary cells
involved in the body’s immune response, antigen-presenting cells, CD4+ and
CD8+ T cells, B cells, IgM and IgG antibodies, proinflammatory cytokines,
and infected cells of the immune system. The resulting system consists of 15
ordinary differential equations (ODEs) with 38 parameters.

For the numerical solution of this rather large ODE system, we develop a
special non-standard finite difference (NSFD) scheme that preserves the posi-
tivity of the solutions.

1. Introduction

The first case of the coronavirus disease (COVID-19) was detected in Wuhan,
China, in December 2019. The virus rapidly spread, and by February 2020, there
were cases of this new disease in 8 countries. Deeply concerned about the alarm-
ing spread of the disease, its severity, and the lack of action, the World Health
Organization (WHO) declared COVID-19 a global pandemic in March 2020 [43].

By December 22, 2022, COVID-19 had already infected more than 655 million
people worldwide, 244 million in Europe, 100 million only in the United States of
America, and 36 million in Brazil, as shown in Figure 2A. On the other hand, the
number of worldwide deaths at the same time was more than 6.67 million, 2 million
in Europe, 1.09 million in the United States of America, and 692,652 in Brazil,
as shown in Figure 2B. Even after the first dose of vaccine was administered in
December 2020 [31], more than 3 million people died from COVID-19 infection.
Figure 1 illustrates the relationship between the population size of each country,
the number of infected people, and the number of deaths.

Even though the pandemic started more than three years ago, there are still
open questions regarding COVID-19. Some of these questions can be answered with
the help of mathematical models and in silico trials. The numerical results obtained
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FIGURE 1. Choropleth map showing the incidence of COVID-19
around the globe. Panel A presents the number of COVID-19 cases
compared with the total population, while Panel B presents the
number of deaths as complications of COVID-19 compared with
the total population. Crosshatched black and grey areas identify
locations where no data is available.

from these trials might reveal information that may lead the scientific community to
understand this disease. A considerable amount of work makes use of mathematical
and computational modeling to understand how the human immune system (HIS)
works by different means, such as ordinary differential equations (ODEs) [24, 1,
7, 42, 18, 2, 30], partial differential equations (PDEs) [25, 40, 13, 27, 10], and
stochastic methods [8, 44].

This work uses a mathematical model to represent the immune response against
SARS-CoV-2 [30]. This model considers the primary cells involved in the body’s
immune response, antigen-presenting cells, CD4+ and CD8+ T cells, B cells, IgM
and IgG antibodies, pro-inflammatory cytokines, and infected immune system cells.
The model is composed of 15 ODEs and has 38 parameters. In this work, we
adjusted and validated the model using a new set of cohort data [46] referring to
CD4+ (Effector T Helper Cells), CD8+ (Effector T Killer Cells), and the viremia
obtained from COVID-19 patients. Differential Evolution (DE) [39] was used to
adjust the model parameters.
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FicUrRE 2. Evolution of cumulative confirmed COVID-19 cases
(A) and confirmed COVID-19 deaths (B). A) Due to limited test-
ing, the number of confirmed cases is lower than the true number
of COVID-19 infections [31]. B) Due to varying protocols and
challenges in defining the cause of death, the number of confirmed
deaths may not accurately represent the true death toll of COVID-
19.

Additionally, sensitivity analysis via Sobol main indexes [37] made it possible to
gather further information on the immune response to SARS-CoV-2. Furthermore,
we employ the Non-Standard Finite Difference (NSFD) approach to designing a
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numerical method specially designed for our system. To the best of our knowledge,
this type of numerical scheme has not been used to solve large ODEs systems such
as this one. So, this study is interested in demonstrating whether this numerical
scheme is able to solve large systems of ODEs.

This work is organized as follows. Section 2 presents a brief introduction to
the Immunological System to help achieve a better understanding of the matter at
hand. Section 3 presents the mathematical model (3.1), which was solved using
the NSFD Scheme presented in Section 3.2, adjusted to the data extracted as in
Section 3.3 with the use of DE (Section 3.4), understood with the help of Sensitivity
Analysis presented in Section 3.5. Section 4 presents the results obtained from our
study, which we delve into further in Section 5. Finally, the last section presents
our conclusions and plans for future work.

2. Immunological Background

The human immune system (HIS) consists of several mechanisms that work
together to ensure the health of the human body. Some of its elements act directly
on the immunological response to antigens, such as T-killer cells (CD8+). With
the help of antigen-presenting cells (APCs) and cytokines, these cells can recognize
and eliminate various threats that enter our bodies, such as viruses and bacteria.

The HIS defense against antigens is made up of two main parts: the innate
and the adaptive immune systems. The innate system acts as the first layer of
defense against any type of pathogen, while the adaptive system is tailored to deal
with specific types of antigens, including viruses. The adaptive defense system can
evolve throughout our lives to protect us against almost any invader.

When APCs and other stimuli activate T helper cells, a cascade of events is
triggered, leading to the activation of B and T-killer cells. The functions of T-killer
cells include identifying and destroying virus-infected cells. A distinct strategy to
kill viruses involves the production of antibodies. Antibodies opzonize and prepare
viruses to be eliminated by phagocytes. Mature B cells are responsible for specific
antibody production. Thus, the receptors on the various B cells are so diverse that
our B cells can probably recognize any organic molecule that exists and produce
specific antibodies for it. After the infection is under control, some B cells dif-
ferentiate into memory B cells to maintain information about how to repel future
invasions of the same antigen. The necessary amount of memory B cells is stored
for this purpose. These memory B cells can be reactivated faster to produce specific
antibodies against the same invader.

In this work, we focus on the adaptive immune system, working on a model that
describes antigen-presenting cells, the T cells, and some types of antibodies (IgG
and IgM) besides the virus and the cytokines. The original model [3] was adapted
to describe the specific response to coronavirus infection [30]. A difference is that
this paper includes CD4+ and CD8+ data [46] to adjust and analyze the results
of the in silico experiments. The focus on this population can be explained by the
T cells’ role in understanding the severity of COVID-19 cases since lymphopenia is
an indicator of SARS-CoV-2 infection and a predictive of disease progression.

3. Material and Methods

3.1. Mathematical Model. In this work, we use a model composed of 15
ODE [30]s, where each one represents an element involved in the immune system



A NSFD SCHEME FOR A MODEL OF THE IMMUNE RESPONSE AGAINST COVID-19 5

response to SARS-CoV-2 infection: virus (I); naive (T},) and effector (Th.) T
helper (CD4+) cells; naive (Tk,) and effector (Tj.) T Killer (CD8+) cells; B cells
(B); short- (Ps) and long-lived (P;) plasma cells; B memory cells (B,,); IgM (Igar)
and IgG (Igg) antibodies, and cytokines (C).

The first equation represents SARS-CoV-2 (V') usage of the cell machinery to
replicate itself and spread to other cells, as well as its interaction with the immune
system [6, 16, 35]. The first term of Eq. (3.16a), 7,V expresses the replication of
the virus since pi, represents the growth rate of the SARS-CoV-2. The other terms
of Eq. (3.16a) indicate the elimination rate of the virus by the immune system. The
antibodies can opsonize the virus to facilitate the binding of the virus to receptor
molecules present in phagocytes [23]. This phenomenon is denoted by the second
and the third terms of Eq. (3.16a): the term k1 VI, illustrates the death of the
virus due to its opsonization by I, and the term k,1V I 5 due to its opsonization
by Igar, respectively, being k,; the rate at which an antibody opsonizes a virus.
The term k,oV Tk, where k.o is the clearance rate, represents viral clearance due
to the induction of apoptosis of cells infected by the SARS-CoV-2 virus. Finally,
ky3V Apmdepicts the viral clearance by mature APCs, such as macrophages, where
the term k,3 is the clearance rate.

(3.1) %V =7V —knVigg — ki VIgy — ko2VIge — ku3V Apm.
Antigen-presenting cells (APC) are found in two stages, naive and mature [22].
The second and third equations represent these two stages of the APCs, naive (A,)
and mature (A,,,). APCs are those cells specialized in presenting an antigen to a
T-cell. Distinct immune cells can act as APC. In this work, we consider that the
main APCs are macrophages. In Eq. (3.2), the naive APCs’ homeostasis and acti-
vation are described by the first and second terms, respectively. Pro-inflammatory
cytokines influence the homeostatic balance of the APCs [22], and, for this reason,
in the first term, aq,(C + 1)(Apo — Ap), @ap represents the homeostasis rate and
(C + 1) represents the influence of pro-inflammatory cytokines in the homeostasis.

The term S,, A, CC“’;ZFVV denotes the conversion of immature APCs into mature ones
ap

which explains why the same term appears in Eq. (3.3) with a positive sign. More-

over, this last term uses a function to model growth combined with the saturation

phenomenon [14].

d Cap1V
(3:2) g = 0an(C + 1) (Ao = 4p) = Bupdy

In Eq. (3.3), which represents mature APCs, BupmApm V denotes A,,, infection
by the SARS-CoV-2 virus, where f4pm, is the infection rate. In other words, this
term considers the hypothesis that SARS-CoV-2 also infects immune cells [15, 9],
thus causing the production of several pro-inflammatory cytokines (mainly IL-6),
which may cause a Cytokine Release Syndrome (CRS) or cytokine storm. The third
term, dqpm Apm, means the natural decay of the mature APCs, where d,p,, is the
decay rate.

d Caplv

. —Apm = BapAp———
(33) m = Bap Ay

dt - BapmApmV - 5apmApm-
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The dynamics of the infected immune system cells are represented by Eq. (3.4).
The first term, Bopm Apm V', represents A,,, infection, and the second term, SixeTkeV,
represents CD84 T cell infection. The infection rates are, respectively, Bqpm and
Bei. Infected cells die with a rate dgpm,.

d
(34) %I = BapmApmV + ﬁtkeTkeV - (sapm-L

Eq. (3.5) represents the population of naive CD4+ T cells (Thy,). The term
h (Thno — Thn) represents the homeostasis of CD4+ T cells, where «y, is the
homeostasis rate. APCs are responsible for activating naive CD4+ T cells [22].
The term SB¢p, ApmThy denotes the activation of naive CD4+ T cells, where Sy, is
the activation rate.

d
aThn = ath(Thno — Thn) — Beh ApmThn-

Eq. (3.6) represents the effector CD4+ T cell population (The). The term
Ten ApmThe Tepresents the proliferation of effector CD4+4 T cells, where 7y, is the
proliferation rate. The term d&;, T} represents the natural death of these cells, with
O+, Tepresenting its death rate.

(3.5)

d
dt

Egs. (3.7) and (3.8) represent the population of naive (Tj,) and effector (Tk.)
CD8+ T cells, respectively. In Eq. (3.7), the naive CD8+ T cell’s homeostasis
and activation are described by the first and second terms, respectively. In the
first term, oy (C 4+ 1)(Tkno — Tkn), Qux represents the homeostasis rate. The term
Bik(C + 1)ApnTiyn denotes the activation of naive CD8+ T cells, where By is
the activation rate. As one can see, pro-inflammatory cytokines (C') influence the
homeostatic balance and activation of naive CD8+ T cells.

(36) The = BthAmehn + 7"'151114;07717-‘}16 - 5thThe-

d
(37) %Tkn = Oétk(c + 1)(Tkn0 — Tkn) — Btk(c + 1)Amekn~

In Eq. (3.8), the term m, Apy, Tie represents the proliferation of effector CD8+
T cells. The terms BigeTreV and 641 Tre represent the infection and death of effector
CD8+ T cells, respectively.

d
(38) %Tk’e = ﬂtk(o + 1)Amekn + 7rtkf4me'ke - BtkeTkeV - 5tkae-

Eq. (3.9) represents both naive and effector B cells (B). These populations were
considered together in order to simplify the model. The term «y(By — B) represents
the B cell’s homeostasis, where «; is the homeostasis rate. The terms 7,V B and
mpoThe B represent the proliferation of B cells activated by the T-cell independent
and T-cell dependent mechanisms [38], respectively. The terms 8,5 Apm B, BpiThe B
and By TheB denote the differentiation of active B cells into short-lived plasma
cells, long-lived plasma cells, and memory B cells, respectively. The activation
rates are respectively given by Bps, Bp and Bpm.
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d
(3.9) 7B =w(Bo = B) + 71V B + m2The B = Bps Apm B
—BpiThe B — BomTheB.

The dynamics of memory B Cells (B,,,) is depicted by Eq. (3.10). The logistic

B,
Tom?2

growth of memory B cells is represented by the term 7,1 B, (1 — ), i.e., there

is a limit to this growth [4], being 7,1 the limits of the growth rate, and pipm,a of
the growth per se.

(3.10)

d B

%Bm = BomThe B + Tom1 Bm <1 - ) — YomBm-
Tbm2

Eq. (3.11) represents the short-lived plasma cells (Ps) [38]. The term 6, Fs

denotes the natural decay of short-lived plasma cells, where d, is the decay rate.

d
(3.11) 7 Po = BynApm B = 5, P.

Long-lived plasma cells (P;) are represented by Eq. (3.12). The second term,
0p1 P, describes the natural decay of long-lived plasma cells, where d,; is the decay
rate. The term vy, By, depicts the replenishing of P, by memory B cells, with .,
representing the production rate.

d
dt

Egs. (3.13) and (3.14) describe the generation of antibodies. The first term of
each equation, m,; P, and 7, P}, represent the production of antibodies by their cor-
respondent plasma cells, short-lived and long-lived, respectively. Both m,s and
denote the production rates, respectively. The second terms, domIgas and dqqlqc,
describe the natural decay of IgM and IgG antibodies, respectively, with d,,, and
dag representing the decay rate.

(312) IDl = BplTheB - 5plpl + ’meBm-

d

(3.13) —lom =Py — SamIgnr-
d
(314) %IgG = Wpl.Pl — §agIgg.

Finally, the pro-inflammatory cytokine dynamics are described by Eq. (3.15).
The first term of this equation, 7, Apm, depicts the production of cytokines by
Apm, being m., .~ the rate of production. The next term describes the cytokine
production by infected immune cells, with 7.; representing the production rate.
The term ., Tre represents the cytokine production by Ty, cells, where m,,,
denotes the production rate. The last term depicts the natural decay of cytokines,
with d. describing the decay rate.

d
(3.15) &C’ = TegpmApm + Teil +7ey The — 0.C.
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For simplification purposes, the model used in this work [30] did not include
infected and non-infected epithelial cells, as it would have more constants to adjust
and without the availability of data to validate these cell populations over time. The
quality of the results, especially those related to the virus population, is unaffected
by the use of implicit antigen replication, as previous works have demonstrated [4,
29, 3, 26]. It is also assumed that the virus is located in the tissue, where it
can infect matured immune cells. The naive cells are activated in the bloodstream
(APCs), lymph nodes (CD4 and CDS8), or after leaving both [22, 23, 38]. It is also
assumed that virus is mainly produced by the epithelial tissue, despite some pieces
of evidence showing that infected alveolar macrophages can also assist in virus
replication [15]. The phagocytic activity by infected cells is assumed to be null in
this model. The model used in this work considers that infected cells continue the
production of pro-inflammatory cytokines. Finally, the model implicitly accounts
for the effects of different pro-inflammatory cytokines.

3.2. The Nonstandard Scheme. In addition to properties such as stability
and consistency, qualitative properties, such as the preservation of positivity, are
also important for biological models like the one described in this work. This is
exactly where nonstandard finite difference (NSFD) methods come into play to
meet these requirements.

NSFD schemes for the numerical integration of ODEs were pioneered by Mick-
ens [20]. This section presents an NSFD method to solve the resulting ODE system
presented in Eq. (3.16). These specialized schemes can be regarded as discrete mod-
els of the ODE systems. In this direction, they are designed in order to preserve
certain properties such as the positivity of the analytic solution of the ODE system.
These schemes can be reformulated in an efficient explicit way, and as a byproduct
of the positivity preserving property, the NSFD methods are stable.

For ease of presentation, we rewrite the equations described so far in one ODE
system, as shown below.

(3.16a) %V = 1oV = kot Ve — kot VIgns — ku2VTke — kosV Apm,
(3.16D) %Ap — p(C + 1) (Ayo — A,) — 5apAp%,

(3.16¢) %Apm = 5u,,Apc;:2'”+VV — BapmApmV = Sapm Apm,

(3.16d) %1 = BapmApmV + Brie VT ke — Sapml,

(3.16¢) %Thn = th(Thno — Thn) — BenApmThn,

(3.16f) %The = BtnApmThn + TetnApmThe — OthThe,

(3.168) %T,m — (€ + 1)(Tino — Tin) — Bon(C + 1) AT,

(3.16h) %Tke = Bu(C + l)Ame,rm + WtkAmeke — Bike VTke — Otk T ke,

d
aB = Oéb(BO — B) + 11 VB + mpoThe B — ﬂpsAme
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(3.161) — BpiThe B — BomThe B,

(3.16j) %PS = BpsApmB — 0ps Ps,

(3.16k) %Bm = BomThe B + 7rbmle(l - :322) = YomBm,
(3.161) %PZ = BpiThe B — 6pi Pt + Yom B,

(3.16m) %IQM — e Ps — SamIgar,

(BI60) Sl = P~ dugli,

(3.160) %C = Tewpm Apm + Teid + ey The — 0.C.

One can easily observe that, for positive parameters and positive initial data,
the solution of Eq.(3.16) remains positive all the time. We will call this the “posi-
tivity property”.

NSFD schemes go back to a paper by Mickens published in 1989 [21]. Their
structural properties come from investigations of special groups of ODEs for which
no exact finite difference schemes are available. In contrast to conventional finite
difference methods, NSFD schemes consider not only stability and consistency or-
der, but also pay attention to qualitative properties, i.e., how well does the discrete
model (the NSFD scheme) model the most important properties of the underlying
continuous model?

We introduce a time step h > 0 and consider temporal grid points ¢,, := nh, n =
0,1,.... In the sequel, we denote by V" the approximation of V" at the grid point ¢,
and similarly for the other components in Eq. (3.16). In NSFD schemes, derivatives
have to be modeled by proper discrete analogs, i.e. nonstandard difference quotients
of the form, cf. [20]

d yrtl — PY(h)V™
(3.17) 7V(tn> — Tv

dit
where ¢)(h) = 1 + O(h) and the denominator function ¢(h) = h + O(h?). Using
this rather general time discretization in NSFD schemes, our aim is to preserve
the positivity of the solution, which is the most important structural property. We
choose here ¥(h) = 1 and ¢(h) = h and focus on the discretization of the right-hand
side of the ODE system given by Eq. (3.16).

In an NSFD scheme, the nonlinear terms are approximated in a non-local
way, e.g. by a suitable function of several grid points, like V2(t,) ~ V"V"*! or
V3(t,) ~ (V™)2V"*L First, we write down the nonstandard discretization of the
15 components of the ODE system:

Vn+1 -vn n+1 n n+1 n n+1 n yyn+1
W = HUV — kjvllgGV - k;vllgMV - k;’UQTk:eV
(3.18a) — k3 Ay, VI,
An+1 —_ A C V"Jrl
D P n+1 L n+1
(3.18b) (I)(h) = Oéap(o + 1)(Ap0 - Ap ) - BGP Cap2 + yn+1p 0
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An+1 — A" c V”+1
pm pm. apl n+1 n+1 gn+1 n+1
(318C) (I)(h) = Bap Cap T V"+1 Ap - ﬂapmV Apm - 6a,pmApm )
In—i—l _ "
(3.18(1) W - 6“PmAgnt1Vn+l + ﬁtkeTl?eVn+1 - 5apmln+17
n—+1 n
(3.18e) T =T _ n(Thno — TP — By A FI T
@(h) hn pm “hn
n+1 n
(3 ].gf) The B The _ B An+1Tn+1 + I An+1Tn+1 — TnJrl
. 7@(;1) thipm L hn thpm L he thdphe >
T’ﬂJrl - Ty n n n
(3.18g) “Th)’m = ae(C + 1) (Thno — TpFY) — Bun(C + VAR TR,
Tt — 17 1 1 1 1
keq)(h> °= ﬂtkAZ;IT/:L:_ + HtkAZ;?: T’Zj_ - 6tkevn+1Tk7:Le+
(3.18h) — ST,
Bn+1 _ B
R ay(By — B"Y) + T, VP BT 4 T, T Bt
(3.18i) — Bps AT BT — g T B — g T B
Pn+1 _ pn
(3.18j) STh)S = Bps ALt B — 5, Pt
Bn+1 —_ B» Bn
(318k) BT = 6me}?+1Bn+1 + HbmlB;?Ll (1 - ¢) - 'meB:yLLJrl;
O(h) € bm2
P7L+1 _ Pn
(B8 gy = Aee TR BT = G B A e B
(3.18m) Toar ~Tons _ I, PP — G I
. (I)(h) — Lpsd g amLgM
n+l In
(3.18n) &9 _qp, Pt — 5, 10!
q)(h) Pl 979G >
Cn+1 -c n n n
(3.180) TR ., At + T I+ 1, TR — 5,071,
for n = 0,1,... and a denominator function ¢(h) = h. We briefly comment on

the chosen discretizations of the nonlinear terms. For example, in the first line of
Eq. (3.18), we have discretized the quadratic term Ay, (£)V (t) by A%, V! rather
than, say, A% V™ or An#1V" 1 The rule is that exactly one factor of the variable
appearing in the time derivative (here V') must be taken at the new time level n+1.
This is needed to obtain the positivity-preserving property. In order to not destroy
the explicit sequential evaluation, all other variables are taken from the previous
time level, unless they are already known from a previous step, like V"HAZ;} in
the third line of Eq. (3.18).

While the NSFD discretization presented in Eq. (3.18) of the ODE system
defined in Eq. (3.16) is formally implicit, it can be easily rearranged to obtain a
scheme that can be evaluated sequentially in an explicit and thus efficient way:

V’n
L4 () ko1 I + kot Iy + ko2 T} + Koz Az, — L]

(3.19a) V™t =
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(3.19b) Apt! = Ap + @()aap(C +1) A

ynt+l

Y
Qg C+1 “rﬁap%]

1+ ®(h [
(h)/B(IP Capr - An+1
(h)

Cap2tVTT
1 + ®(h) [Bapm V" + Supm]
(3'19d) = sl CI) h) [BapmA '+ 5tkeTke] v )
1+ ®(h)dapm
7 + ©(h)awThno
1+ ®(h) [oun + BenApm' |
0 4+ @(h )ﬁthA"+1T"+1
L+ @(h)[6en — T Apd']
T, + @(h)aw (C + 1)Tkno
1+ @(h)(C + 1) [ + B Ap']’
Ty, + ®(h) By Al T
1+ ®(h) [0 + BekeVH! — Ty Apt]’
B" + (I)(h)abBO
1+ ®(h) [o — Ty VL + B AL+ (Bot + Bpm — ) T1o
(3.19)) PPl = b+ ‘P(h)ﬁpsAg;LanH,
1+ ®(h)dps
By, + @(h)Bpm Tie B

1+ ®(h) [’ybm — Hpm1 (1 — D )} ,

Myma

(3.191) prtl P+ ®(h) [ﬂpeT[LleB"H 4 %mngl]
' l 1+ o(h)y, :
I;LM + (I)(h)HpsP;LJrl

14+ ®(h)dam ’
I + ® (W) P

14+ ®(h)dag ’
c"™ + (I)(h) [H Ag;;l + Hciln+1 + Hc,kanJrl]

1+ ®(h)o. )

(3.19c) Aptt =

(3.19¢) T =

(3.19f) T =

(3.19g) Tt =

(3.19h) TuM =

(3.191) B"*! =

(3.19k) Bt =

(3.19m) I =

(3.19n) I)d' =

Capm

(3.190) O™t =

forn=0,1,...

The NSFD scheme presented in Eq. (3.19) is positivity-preserving, i.e., it always
produces non-negative solutions for positive data if the step size h is sufficiently
small since all parameters and the denominator function are non-negative. Thus,
negative values for the solution are avoided, and as a byproduct, stability with
respect to the maximum norm is guaranteed, cf. [11].

For an application example where exactly this problem occurs and the numer-
ical solution of the standard solver becomes negative, we refer the reader to the
literature [19].

3.3. Data Extraction. Studies available in the scientific literature on indi-
viduals infected with SARS-CoV-2 were used to evaluate the mathematical model
and its numerical implementation with the NSFD scheme. In our case, viremia and
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CD4+ and CD8+ levels of patients who survived or died due to COVID-19 were
manually extracted from the graphs on CD4+ (Tj.) and CD8+ (Tk.) in Figures 2-b
and 2-c of Zhang et al. [46] and the viral load of Sars-CoV-2 from Figure 2 of To et
al. [41]. This manual process was supported by a tool hosted on WebPlotDigitizer
website [32]. After uploading a target figure to the website, the tool requires some
settings regarding axis positions and scale. Then, the desired point data on the
figure can be selected to convert it into raw data. The result is a CSV file with
comma-separated values containing the x- and y-axis values of each assigned point.
Once we have a coarse grid of extracted point data, we use a first-degree La-
grange interpolation polynomial to approximate the intermediate values [5].

3.4. Differential Evolution. Differential Evolution (DE) is a stochastic heu-
ristic algorithm that is considered a robust strategy for global optimization [28].
The algorithm is inspired by natural evolution in that it features generations, se-
lections, and mutations to better represent an individual’s ability to survive in an
environment. DE is thus an evolutionary algorithm and a parallel direct search
method. It works in generations and represents a population with a given number
of individuals, using vectors of parameters to represent each generation. In addi-
tion, each vector has a corresponding mutation rate that takes into account the
synonym phenomenon occurring in nature, where some positions of the vector are
generated randomly. In this way, the offspring of the population is always com-
posed of individuals resulting from the cross between two other individuals of the
previous population, also taking into account any mutation that might occur in one
of the new individuals. The generation of the offspring continues until convergence,
or the maximum number of iterations is reached.

In this work, we attempted to minimize the error between the CD4+, CD8+,
and viremia model solution and the corresponding values from the extracted cohort
data. To measure the difference between the cohort () and the approximated data

(M), we use the relative error (Rg), as follows:
A=Al
[A]2

To achieve the parameter estimation with DE, we use an objective function. Thus,
in this work, the difference between the model results and the cohort data was
minimized using the equation that takes into account not only the relative error
between the approximated values of virus (V'), CD4+(T}.) and CD8+(T}.) but also
the weight attributed to wy, ws and ws, respectively. DE thus performs a search for
the values of the p parameters that better fit the curves considering the following
objective function:

(3.21) rrgn(wlRE(K V) + woRg(The, The) + w3 Rp(The, The)).

(3.20)

During our study, the algorithm was improved with the results of each run, and
adjusting the weight of each relative error in the objective function was a crucial
factor in obtaining the best results. In the end, we found that w; = 1, we = 1, and
w3 = 2 were the proper values for matching the model results with the cohort data.

3.5. Sensitivity Analysis. One method of quantifying the influence of pa-
rameters in the model is to perform what is called a sensitivity analysis [17]. Once
applying DE to 38 parameters in a set of 15 ordinary differential equations is no
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longer practical, we use Sobol main indices to understand which parameters have
a greater impact on the equation we are trying to fit and include them in the
optimization process performed via DE [36, 37].

The method of Sobol main indices requires as input a statistical distribution
of each of the parameters to be analyzed. The result of the method indicates
the influence of each parameter in the selected time point, ranging from 0 (lowest
value) to 1 (highest value). Moreover, once the influence of each parameter has been
evaluated relatively, the sum of all parameter indices in the selected time point is
equal to 1. Thus, this type of analysis can be used to quantify the influence of an
uncertain input p; on the model.

Considering a general model and its parameters:

(322) G:f(pla"'7pn>7

where the output G is a scalar and the input or parameters are independent vari-
ables that are also randomized and described by probability density function (PDF)
distributions since they represent the uncertainty of the system. The main idea is
to decompose the variation to relate it to the contribution of each parameter.

To perform the sensitivity analysis, we use the parameters as uniform PDF dis-
tributions in the range of [0.6p;, 1.4p;] for the CD4+ population and [0.01p;, 100p;]
for CD8+. Thus, we evaluate the influence of a particular p; parameter at a par-
ticular moment of the model solution compared to the others.

4. Results

This section presents the results of the COVID-19 model used, which was fitted
to viremia data of SARS-CoV-2, CD4+ (effector T helper cells), and CD8+ (effector
T killer cells) in patients with COVID-19.

4.1. Software Specifications. The fitting was done by minimizing the error
between the cohort data and numerical results using the DE method. The method
differential_evolution [33] from the scipy [34] package was used to perform
the DE method. In addition, sensitivity analysis using the Sobol index method
provides the quantitative influence of the parameters on the model results, which
is valuable information for model fitting. The Sobol analysis was performed using
the Chaospy tool [12]. All simulations were performed using Python 3.9.1. The
initial conditions of each population are presented in Tab. 1, while the values if the
parameters used to solve the system of ODEs are presented in Tab. 2.

4.2. Influence of parameters in the model. Figure 3 presents the results
of the Sobol main indices for both effector T helper and T killer cells. Figure 3A
shows that for the population of effector helper T cells, the parameters that had the
greatest impact on the simulation result of CD4+ cells were cqp1, Bik, Btke, Oapms
oy, and my,. Figure 3B shows that cap2, dapm, Baps T, Bek have a smaller influence
on the simulation result of CD8+ cells. Considering this information, most of these
parameters are included in the DE variables, where cqp1 and Bixe belong to the
parameters that enter a wider range of the search space (bounds) input for DE.

4.3. Model Adjustment. As shown in Figure 4A, the response to COVID-
19 infection in patients with severe cases causes a decline in CD4+ around day
30. After a few days of growth, the CD4+ population begins to decline and halves
within approximately 10 days. The model results were able to qualitatively capture



14 G. M. R. COSTA, M. LOBOSCO, M. EHRHARDT, AND R.F. REIS

Pop Value Unit
A, 10° (cells/mL)
Apm 0 (cells/mL)
I 0 (cells/mL)
T 109 (cells/mL)
The O (cells/mL)
The  500.0 x 10* (cells/mL)
B 0 (cells/mL)
P 250.0 x 103 (cells/mL)
P, 0 (cells/mL)
B, 0 (cells/mL)
I, O S/CO

I O S/CO

¢ 0 (pg/mL)

TABLE 1. The initial values of each population.

this behavior. Furthermore, when the standard deviation of the cohort data is
considered, the model results fit within the range of the overall simulation.

Figure 4B shows the model results together with cohort data from the CD8+
population in severe cases of COVID-19. The data show a stable state after 40 days
of COVID-19 infection. Similar to the cohort data, the fitted model results show
qualitatively the same behavior. We can highlight that the CD8+ emerges after
decay, but when we consider the standard deviation of the cohort data, the model
results fit within the range of the whole simulation.

5. Discussion

As can be seen in Figure 4, the obtained results show that the curves are
qualitatively similar and correspond to the standard deviation of the cohort data.

The insights derived from the sensitivity analysis results guide the fitting of the
model in the right direction once the application of DE to so many variables (38
parameters) is ineffective in a large system of ODEs. Performing the Sobol index
method followed by DE could provide us with valuable information on whether
the parameters should be included in DE. Moreover, each population (CD4+ and
CD8+) has its own set of parameters affecting its curves, which explains the differ-
ent sets of parameters used in each of the Sobol index results shown in Figure 3.

The behavior of CD4+ and CD8+ cells is similar to the cohort data (see 4),
whereas their population decreases after the first symptoms of COVID-19. This be-
havior is justified in the scientific literature when one of the features of SARS-CoV-
2 infection is a decreased number of white cells in the blood or lymphocytopenia,
which is seen in both the simulation and cohort data.

Moreover, the model results presented in this study were obtained by solving
the COVID-19 model using a newly developed NSFD scheme, which favors our
hypothesis regarding the convergence of the method, apart from the considerable
number of equations in the ODE system.
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Parameter Value Unit
Ty 6.3482 x 10~1  (day ™)
Ky 0.0098 (day ™ (mlU/ml)~")
Koo 2.8469 x 107°  (day ™ *(cells/mL)~")
K3 0.06452 (day ! (cells/mL)~1)
Qap 1 (day ™" (pg/mL)™")
Bap 3.84862107! (day ™' (copies/mL)~1)
Capl 2.4393 x 10° (copies/mL)
Cap2 1.1730 x 10'2  (copies/mL)
Sapm 7.0824 x 10792 (day ™)
Bapm 1.9534 x 10792 (day ™ '(copies/mL)~1)
Bike 2.2884 x 1079  (day '(copies/mL)~1)
Qun 1.62951004 (day™)
Btn 1.7124 x 107%°  (day™*(cells/mL) 1)
Tth 1078 (day ™' (cells/mL)~1)
Sth 1.0518 x 107°1  (day™ )
Qg 1 (day ™" (pg/mL)™)
Btk 1.3354 x 107%°  (day ™' (pg/mL)~"(cell/mL)~")
Ttk 1078 (day ™! (cells/mL)~1)
Stk 5.6691 x 10792 (day ')
a 3.5782 (day™)
b1 8.98 x 107° (day " (copies/mL)~")
b2 1.27 x 1078 (day ! (cells/mL)~1)
Bps 6.00 x 10~© (day ™' (cells/mL)~1)
Boi 5.00 x 1076 (day~*(cells/mL)~1)
Bom 1.00 x 10~° (day ™' (cells/mL)~ ")
Ops 2.5 (day™)
Spi 0.35 (day™ )
YVom 0.0009 (day™)
Tom1 1.00 x 10° (day™)
Thma 2500.00 (cells/mL)
Tps 0.087 (day ™' (cells/mL)~(S/CO))
Tpl 0.001 (day ™! (cells/mL)~1(S/CO))
Sam 0.07 (day™ )
Sag 0.07 (day™)
Teapm 328.0626434 (day ™" (pg/mL)(cell/mL)~ 1)
Tei 0.0064 (day~ ' (pg/mL)(cell/mL)~1)
Tethe 0.01783 (day ™' (pg/mL)(cell/mL)~1)
Oc 704.2259 (cells/mL)
1% 1.7662 x 102 (day ™ ')

TABLE 2. The values of the parameters used to solve the system.

6. Conclusions and Future Work

15

The results obtained in this study show that the mathematical model used in
the numerical experiments is suitable to capture cohort data on CD44, CD8+,
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FIGURE 3. The curves in this figure illustrate the influence of each
parameter included in the sensitivity analysis on the CD4+ and
CD8+ populations. The vertical axis shows the relative influence
of each variable on the analysis versus the influence of all included
parameters on the Sobol index method. The horizontal axis repre-
sents the simulation time such that the overall picture shows the
relative influence of each parameter at each time step over 35 days
of SARS-CoV-2 infection.

and viremia behavior in severe cases of COVID-19. Moreover, to our knowledge,
no NSEFD scheme has ever been proposed for such a large ODE system with 15
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FIGURE 4. The numerical result presented in this figure shows the
time variations of the concentrations of CD4+ and CD8+ cells, A
and B, respectively. The solution curve, referred to as the “Model”
shows the result of solving the ODE system, while the “Cohort
Data” curve represents the values obtained from the literature [45].
The values of the parameters used to solve the system are given in
Table 2, and the initial values can be found in Table 1.

components and 38 parameters. Thus, this work presents evidence for using NFSD
schemes for a large system of equations.

Future work will investigate the robustness of this model for various HIS cells
that play key roles in SARS-CoV-2 infections.
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