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Abstract

The global impact of COVID-19 has led to the development of numerous mathe-
matical models to understand and control the pandemic. However, these models
have not fully captured how the disease’s dynamics are influenced by both
within-host and between-host factors. To address this, a new mathematical
model is proposed that links these dynamics and incorporates immune response.
The model is compartmentalized with a fractional derivative in the sense of
Caputo-Fabrizio, and its properties are studied to show a unique solution. Pa-
rameter estimation is carried out by fitting real-life data, and sensitivity analysis
is conducted using various methods. The model is then numerically implemented
to demonstrate how the dynamics within infected hosts drive human-to-human
transmission, and various intervention strategies are compared based on the
percentage of averted deaths. The simulations suggest that a combination of
medication to boost the immune system, prevent infected cells from producing
the virus, and adherence to COVID-19 protocols is necessary to control the
spread of the virus since no single intervention strategy is sufficient.
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1. Introduction

The Coronavirus disease, globally called COVID-19, started in Wuhan, China
and has affected millions of people across the globe [1]. The virus that causes
COVID-19 is SARS-CoV-2, belonging to the family Coronaviridae and in the
Nidovirals order [2]. The most common symptoms of COVID-19 include fever,
cough, and other flu-like symptoms such as fatigue, chills, and sore throat.
Critically ill patients can develop severe pneumonia, sometimes acute respiratory
distress, which can lead to multiple organ failure and death. [3]. Some of the
factors that complicate COVID-19 control are the individual’s immune response
to SARS-CoV-2 and long period of incubation [4]. For more details as regards
the diagnosis, symptoms, fatality rate etc. of SARS-CoV-2, see [3, 5-8].

Our focus here is to use a mathematical model to better understand the
dynamics and control COVID-19. Several mathematical models have been
proposed to study the epidemiology of COVID-19. For instance, see [8-17].

Monda & Khajanchi [18] developed a compartmental model of COVID-19 in
India and showed that disease transmission rate has an impact on controlling the
spread of the disease. Zenebe et al [19] proposed and validated a mathematical
model for the transmission dynamics of COVID-19, using the COVID-19 infected
data reported from March 13, 2020 to July 31, 2021, in Ethiopia. Their results
showed that the spread of COVID-19 can be controlled by minimizing contact
rate of infected people and increasing quarantine of exposed individuals. The
results and conclusions of the articles [8-19] seem interesting however only the
epidemiology of the virus was considered while the immunology aspect was
neglected.

The dynamics of SARS-CoV-2 in human host has been mathematically
studied by few authors. For instance in [20], the authors studied an in-host
model that gave the influence of effector T-cell to the behaviour of SARS-CoV-2
within human host. Their results suggested that SARS-CoV-2 may replicate
fast enough to overcome T cells response and cause infection. Mathematical
analysis of the model in [21] was analyzed in [22]. It was biologically gathered
that for the basic reproduction number to be less than unity, infection needs
to be cleared from a human body. Recently, the authors in [23] proposed a
within-host mathematical model of SARS-CoV-2 dynamics incorporating innate
and adaptive immune responses. In their results, it was suggested that blocking
the infected cells from producing the virus can be an effective control measure.

Animal models are often used for experimental trials, while developing
antiviral drugs. Thus in [24], mathematical models and experimental data were
used to characterize the in-host SARS-CoV-2 dynamics in ferrets (animal hosts).
It was reported, by analysis and simulations, that ferrets can be an appropriate
animal model for SARS-CoV-2 dynamics in human hosts. Immune response
has a significant impact on the dynamics of SARS-CoV-2 within a human host
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however, the data fitting in [24] did not support the need to include immune
response in the model. This is a significant gap. A within-host and aerosol
mathematical model was proposed in [25] and used to determine the relationship
between viral kinetics in the aerosols as well as the upper respiratory track, and
new transmissions in golden hamsters challenged with SARS-CoV-2. The authors
reported sex-based differences in the dynamics of the virus - the within-host
basic reproductive number is less than one in all female hamsters while basic
reproductive number is above one in all male hamsters.

In this article, we propose a model which links the dynamics of the disease
within a host with the dynamics of the disease between hosts. This kind of
model is known as multiscale model and has been extensively used to study
the transmission dynamics of infectious diseases [26-31]. However, the use of
multiscale model to study the dynamics of SARS-CoV-2 is very rare in literature.
The advantage of multiscale approach is that it gives more comprehensive insights
to the understanding the spread of a disease at different scales [26].

Bellomo et al [32] proposed a multiscale modeling of COVID-19 pandemic and
presented further development of the model developed by [33]. They incorporated
the dynamics of mutations into new variants and showed that the onset of a new
variant that is more aggressive than the primary virus, generates a progressive
prevalence of the variant over the firstly appeared virus. Wang et al [34]
developed a multiscale model to study the coupled within-host and between-host
dynamics of COVID-19. Explicit analysis was carried out, in terms of local and
global dynamics of fast, slow and full systems, which includes both forward and
backward bifurcations. It was concluded that viral treatment can delay, but
not prevent, the onset of disease. Between host and within host dynamics of
pathogen evolution with application to SARS-CoV-2 was presented in [35]. The
within-host dynamics was modelled using random walk while an SIR model was
used for inter-host dynamics. This allowed for consideration of multiple hosts.
However, the random walk model is not suitable for modeling interventions
like vaccination or social distancing. Therefore, the article did not discuss
intervention strategies or the impact of memory processes. Additionally, the
epidemiological dynamics of COVID-19 are more complex than the SIR model
used in the article.

We contribute to the existing body of works by proposing and studying a
fractional mathematical model which links the between-host and within-host
models to investigate the dynamics of SARS-CoV-2 replication inside a human
host and COVID-19 spread outside a human host. The main reasons for using
a differential operator with fractional order are that many systems (including
disease dynamics) are influenced by memory, history, or non-local effects, which
can be difficult to model with integer order derivatives [36]. The fractional
differential operator for the constructed model is taken in the Caputo-Fabrizio
sense because it is non-local, non-singular and has a fading memory [37]. A
fractional differential operator with fading memory is used with the hypothesis
that the dynamics of SARS-CoV-2 depends on the recent past occurrences but
not on the distant past.

Many studies have reported that immune response is important in modeling
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virus infections, see [20, 38, 39] and the references therein. T-cells (helper
T-cells and cytotoxic T-cells in particular) play a significant role in the fight
against pathogens and the risk of developing autoimmunity or overwhelming
inflammation [39]. In within-host dynamics, helper T-cells activate other cells
(such as B cells) to secrete antibodies that kill the invading virus while cytotoxic
T-cells can kill virally infected cells [22, 39-41]. Helper and cytotoxic T-cells
are parts of adaptive immune response. Innate immunity also helps to attack
foreign bodies in human body. While adaptive immunity is specific in its actions,
innate immunity is general and non-specific, it is also the first line of defence
against pathogens [42, 43]. Innate and adaptive immune responses are therefore
incorporated into our model and their impacts on the dynamics of SARS-CoV-2
are investigated. These were not considered in [32-35]. We include in our model,
the populations of natural killer cells, B-cells and cytotoxic T-cells with the
assumption that the transmission rate is a function of the viral load. Qualitative
properties of our model is given after which some parameters of the model are
estimated by fitting the model to real-life data. Simulations are then carried out
to investigate the influence of each parameter on the dynamics of the disease
and various intervention strategies are suggested.

The rest of this article is organized as follows: A deterministic model is
formulated and analyzed in Section 2. It was shown in Section 3 that the model
has a unique solution while the disease free stationary solution of the model
is analyzed in Section 3. Parameter estimation, sensitivity analysis and other
simulations are done in Section 5. The work is concluded in Section 6.

2. Model Description and Formulation

The between-host subsystem is divided into five compartments: Susceptible
human (Hg), Exposed human (Hg), Infectious human (H;) (asymptomatic and
symptomatic), Quarantined human (Hg) and Recovered human (Hg).

The following assumptions were made:

(i) There is no vertical transmission of the virus;

(ii) The transmission of the virus is only by coming in contact with an infectious
individual;

(iii) There is no immigration of infectious individuals;
(iv) The dynamics of the disease is independent of weather;
(v) Humans die naturally at a rate p.

A new recruit enters the susceptible human population at a rate A. It was
reported in [44] that the transmission of SARS-CoV-2 is directly connected to
the viral load in infectious individuals. It is therefore assumed that transmission
of the virus depends on the average viral load per infected individual. Susceptible
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human comes in contact with an infectious human who sheds virus and becomes
infected at a rate 5(V).

DYHg=A—B(V)H Hs — uHs + THp. (2.1)

Where 0 < (V) < fo, YV € [0,00), Bp € R. An exposed individual becomes
infectious at a progression rate o, becomes detected and quarantined at a rate
TE.

DVHp = B(V)H;Hs — (0 + p+7p)Hg. (2.2)

An infectious individual die due to infection at a rate dy, detected and
quarantined at a rate w7, and recover at a rate pj.

DtgH]:UHE—(/j/—f—(S[—f—Tr[—‘rp])H]. (23)

Quarantined human die as a result of COVID-19 at a rate dg and recovered
individuals lose their immunity and become susceptible after a period of %

D{Hq = mpHp + 1 H — (1 + pg +00)Ho- (2.4)

D{Hg = prHr + poHq — (1 + 7)Hg. (25)

Following [22, 23, 45, 46], the within host subsystem consists of susceptible
epithelial cell population (Es), latently infected epithelial cells (E} ), infectious
epithelial cells (E7), SARS-CoV-2 virus in the biological environment (V'), natural
killer cells (K), B cells (B) and cytotoxic T-cells (7).

Viral load within an infected individual is generated following intake of SARS-
CoV-2 through transmission from an infectious individual. When transmission
takes place, the population of susceptible individuals decreases by 1 while the
population of infected individuals increases by one. Thus following [26], we
assume that when a susceptible human contract SARS-CoV-2 virus, there is a
transition given by

(Hs(t),HE(t) + H](t)) — (Hs(t) — 1,HE(t) + H](t) + 1).

Therefore, the average rate of intake of SARS-CoV-2 virus by a single susceptible
human host is modelled by

B(V)nH;(Hs — 1)
HE+H]+1 ’

leading to one infected human host. This means that the average viral load
in an infected human increases at a rate % where 7 represents the
average viral load intake by a susceptible individual who comes in contact with
an infectious individual.

Helper T-cells promote the production of virus-specific antibodies by acti-
vating T-dependent B-cells [43, 47]. Let sV B represent the local interaction

dynamics of the virus V' with B cells (B). Due to this interaction, virus particles
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are reduced at the rates k. Also, infectious epithelial cells produce virus into the
biological environment at a rate a. We thus have

V)??H[(HS — 1)
Hg+Hr+1

DIV = il +aFE; — kKVB —mV. (2.6)

Susceptible epithelial cells (Eg) become latently infected (Ep,) by free virus
in the biological environment at a rate €. d represents death rate while A is the
regeneration rate of susceptible epithelial cells.

DYEg =\ —eEsV — dFEs. (2.7)

Latently infected epithelial cells (Ez) become infectious after 1 days and
also die naturally at a rate d. When a cell becomes infected with the virus, it
becomes a target for natural killer cells and cytotoxic T lymphocytes which
attack and kill the infected cells [22, 39-41, 43, 47]. Let the y; and ~2 be the
rates at which natural killer cells and cytotoxic T lymphocytes, respectively,
interact and kill infected epithelial cells. Then we have

DYE = eEsV — KEp, — wTEL — (¢ + d)EL, (2.8)

DYE; = ¢E;, — wWKE; — »wTE; — dE;. (2.9)

For the dynamics of natural killer cells, B-cells and cytotoxic T-cells, we have
the following equations,

£V
DK = 14— ) —wrK 2.1
s AK < + v wi K, (2.10)
14
D' = 2B L.B 2.11
t 1+v  “B (2.11)
1%
DT = 27 _ooT 92.12
’ 1+v (2.12)

Ak represents the natural recruitment rate of natural killer cells while wg , wopg, wr
represent the natural clearance rates of natural killer cells, B-cells and cytotoxic
T-cells respectively. It is assumed that the recruitment rate of natural killer
cells increases with the inversion of the virus. B-cells and cytotoxic T-cells are
adaptive immune responses and only respond when there is a foreign inversion
by virus [40, 42, 43]. Therefore their recruitment depends on viral inversion. We
denote by ap and ar the maximum proliferations in response to the presence
of virus particles. Figure 2.1 describes the model diagrammatically. Putting
(2.1)—(2.12) together, we have the multiscale model below



Figure 2.1: Flow diagram of the mathematical model linking within-host and between-host

dynamics of SARS-CoV-2

Table 1: Description of state variables of between-host and within-host COVID-19 model

Variables

Description

Hg

Susceptible human

Exposed human

Infectious human

Quarantined human

Recovered human

Average viral load within a single infected human
Susceptible epithelial cells
Latently infected epithelial cells
Infectious epithelial cells

Killer T-cells

B-cells

Cytotoxic T-cells




Table 2: Summary of the parameters

Parameter Meaning Value Reference
A Recruitment rate for human population Nou individual day—T
B Effective transmission rate per infectious indi- 1.70 x 10~7 individual=! day~!  Data fitting
vidual per time
T Loss of immunity rate 1/76 day ! [48]
o Progression rate at which exposed individuals ~ 1/8 day—! [19, 49, 50]
become infectious
B Quarantine rate of Hg 0.761 day—1! Data fitting
T Quarantine rate of Hy 0.90 day—1! Data fitting
o1 Disease-induced death rate for undetected in- ~ 0.015 day ™! [51]
fectious individuals
0Q Disease-induced death rate for quarantined in- 1.64 x 10~5 day—?! Data fitting
dividuals
pI Recovery rate of Hy 1/15 day—1! [52, 53]
PQ Recovery rate of Hg 0.101 day—! Estimated [54]
I Natural death rate of human (43.5 year) 1 [55]
n Average viral load intake by a susceptible indi- 2.15 copies ml~! Data fitting
vidual who comes in contact with an infectious
individual
a Production rate of SARS-CoV-2 12 copies ml~!cell"1day—! [34]
K Killing rate of the virus by B-cell per time 1.0 x 107% cell~'day ! [23]
A Recruitment rate of Eg dEs(0) cells day—?! [56]
€ Rate at which Eg are infected by SARS-CoV-2  1.12 x 1075 ml copy ~!'day ! Data fitting
d Natural death rate of epithelia cells 1073 day ! [57]
v Killing rate of infected epithelia cells by natural ~ 5.74 x 1075 cell"'day ! [58]
killer cell
Y2 Killing rate of infected epithelia cells by cyto- 4.84 x 1075 cell"lday ! Data fitting
toxic T-cell
) Transition rate from Ej, to E 0.60 day—1! Data fitting
ar Activation rate of cytotoxic T-cells 1.6 x 103 cells day—1! Assumed
ap Activation rate of B-cells 1.6 x 102 cells day—! Assumed
AK Constant regeneration rate of natural killer cells 1.6 x 103 cells day ! [59]
WK Natural death rate for natural killer cells 4.12 x 1072 day ! [60]
wpB Natural death rate for B-cells WK Assumed
wr Natural death rate for cytotoxic T-cells 0.1 day—! [57]
© Half saturation constant for viral shedding 0.759 copy ml~1! Estimated [61]
m Natural viral clearance rate from biological en-  0.699 day—! Data fitting
vironment
I3 Influence of viral load on regeneration rate of  0.688 Data fitting
natural killer cells
(0] Influence of viral load on transmission 0.598 Data fitting
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DYHy = A—pB(V)H;Hs— pHs+ THpg, (2.13)
D'Hp = B(V)H;Hs— (04 p+7mp)Hg, (2.14)
DYH; = oHg— (u+0; +7r+ pr)Hy, (2.15)
DfHQ = WEHE+7T[HI—(M+pQ+5Q)HQ, (2.16)
D{Hr = prHi+poHq — (1 +7)Hng, (2.17)
B(V)nH(Hs — 1)
Dlv = E; — kVB —mV, 2.18
‘ Hp +H +1 @1r " (2.18)
DYEs = X—eEgV —dEg, (2.19)
DYE;, = eEsV —yKEp —ywTEL — (¢+d)Ep, (2.20)
DVE; = ¢E, —yKE; —TE; —dF;, (2.21)
3%
DK = 1+ =— ) —wgK 2.22
i = (1457 ) -k 222
0 o aBV o
DB = oV wpB, (2.23)
OéTV
DT :1+mem (2.24)

Model (2.13)—(2.24) has the following initial conditions:
Hg(0) = HS0 >0, Hg(0) = HE0 > 0, H;(0) = HI0 > 0, Hp(0) = HQO > 0,
Hp(0) = HR0O >0, V(0) = V0 > 0, Eg(0) = ESO > 0, E,(0) = ELO > 0,
E;(0)=FI0>0, K(0)=K0>0,B(0)=B0>0,7T(0)=T0>0.

All parameters are non-negative for all ¢ > 0 and are as defined in Table
2 while the fractional derivative is understood to be in Caputo-Fabrizio (CF)
sense. We have the following definition (cf [37]):

Definition 2.1. For a given function g € H'(a,b), b > a, the Caputo-Fabrizio
(CF) fractional derivative is defined as

Dlg(t) = 11\/[%(93 /at g'(s) exp [—9§ : Z] ds. (2.25)

where M(6) is a normalization functions satisfying M(0) = M(1) = 1.

Without losing generality, we take M(#) = 1, where 6 € (0,1) represents the
fractional order index. The fractional integral corresponding to (2.25) is defined
in [62] as

2(1 - 6)

gty ==—,

g(t) + 22709 /Otg(s) ds, t>0,0¢€c(0,1). (2.26)

The dimension of the right side of model (2.13)—(2.24) is day~! while the
fractional operator on the left has dimension day—?. To address this prob-
lem of dimensional mismatch, we use the approach in [63], in which case the
normalization parameter is taken as 1.
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3. Existence and uniqueness of solutions to the model

In this section, we show that model (2.13)—(2.24) with the initial condition
has a unique solution. For convenience, we define

A—-pB(V)HHs — pHs + THR
_ i B(V)HiHs — (0 +p+mg)Hg
Hs(1) oHg — (p+0r +7mr+ pr)Hy
Hg(t) mpHEp + 7 Hr — (p+ pg +0g)Hq
gf((?) W) PIB([I + PQ?IQ —(p+7)Hr
Q B(VnHi(Hg — 1
Er — B —
]?/Rgt) Hep+ Hy +1 +aEr — KV mV
X(t) = (t) and x(t, X (¢)) = A —elisV —dEs
Es(t) eEsV —nKEp — . TEL — (¢ +d)EyL,
EyL (<t)> $BL —nKE; = 2TE; — dE;
Er(t EV
B(t) agV -
L T() 1+v F
ar
e o
I 1+v 7
Theorem 3.1. x(t, X(t)) satisfies the Lipschitz condition
lIx(t, X1(t)) — x (& Xo(t)[| < Al X (t) — Xa2(8)]- (3.1)
Furthermore, if there exists tg > 0 such that
21-6) 20
A<1 2
( 2-0 +2—0t0> <h (3:2)

then the fractional initial value problem (2.13)—(2.24) admits a unique solution
on the interval [0, 1o].

Proof. Clearly, Hg, Hg, H;, Hg, Hg, V, Eg, Er, Er, K, B, T are bounded
functions and there exist 8; > 0, (i = 1,...,12) such that [[Hg(t)| < Ny,
[He(@)|| < Ra, [H(8)] < s, [[Ho(@)] < Ry, [[HR@)| < Rs, [V(1)]] < N,
IEs@)]l < Re, [EL@ON < R, [EAO] < Ro, IKG < i, IBOI < Rui,
IT(t)]] < Ria. Where || - || denotes the maximum norm.

Now consider kernel x;. Let HS, HZ be any two functions (with other
variables as constant), then

Ixa (t, Hg) — xa(t. H3)| 18 (V) Hy(Hg — H3) + p(Hg — H))||,
|BoH1(Hg — HE) + n(Hg — H3))I,
(BoXs + p) || Hg — HE|.

Let H}, H? be any two functions (with other variables as constant), then

Ix1(t, Hp) — xa(t, Hy)|| |8(V)Hs(H] — H})|,
18(1+v)Hs(H} — H})|,
BoXy||Hs — HE|.

VANVAN

IN N
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Let H}, H% be any two functions (with other variables as constant), then
Ix1(t, Hg) = xa(t, Hp)| = 7l|Hp — Hgll.
Finally, let V!, V2 be any two functions (with other variables as constant), then
a(t VY =xa® VA = [1HsH; (B(VY) = B(V?) |,
< BRIV - V2

Use is made of mean value theorem to obtain the above, where I' € (V1,V?).
Taking A; = max{BoN3 + p, BoR1, 7, |8/ (T)|N1 X3}, we see that y; satisfies Lips-
chitz condition with respect to its arguments. By a similar argument, one can
obtain Lipschitz constants f; for x;, i = 2,...,12. Thus, there exists a positive
constant A such that

(8, X1(8)) = x(t, Xa(t))[| < All X1 (8) = Xa(D)]]- (3:3)

Applying the integral operator (2.26) to both sides of model (2.13)—(2.24),
we have

x(t) - x0) = =0 xw) + %/0 X5, X(s)) ds. (3.4)

Now, we define a recursive formula

2(21::)X(t,xn_1(t))+i e X b (35)

Xn(t) = X(0) + 54

From(3.4) and (3.5), we obtain

2(1 - 6)
0

X () = Xl < ==

(6, X (0)) = x(t, X1 (1))
g [ I X ) = s Xl ds. - (36)

Using (3.1), (3.6) becomes

Ixm - X0l < 20D apxe - Xl
+ 55 [ 1K) = Xl ds
1-6) 26

2(
< — .
< (50 5 250) AIX0) - X,
By iteration on n

I1X(t) ~ Xa(t)]] < [(2(2109) - 2299750) A} IX(6) ~ Xl (3.7)

11



222

223

224

226

227

228

229

230

Existence of solution follows by taking the limit on both sides of (3.7).

Next, we establish the uniqueness of solution. Assume X!(¢) and X?2(t) are
different solutions of model (2.13)—(2.24), then
2(1-19)
- 2-4

g [ (s X (5) = xto X5 s

X7 (t) — X2l

N

[Ix(t, X (1) = x(&, X*(0)|

Inequality (3.1) implies

xo-xol < (5574500 ) Al 0 - X0l

Condition (3.2) implies
X1 () — xX2(@)l| < 0.

Uniqueness of solution follows immediately. O

4. Disease-free equilibrium solution

Here, we find the equilibrium points, obtain the basic reproduction number
and give some qualitative results. The disease-fee equilibrium solution of model
(2.13)—(2.24) is given as

Y = (HY Hy HY HY HY VY ES E) EY, K° B°, T,

A
= (707()’0’0:07)\70707 )\K70:0> (41)
7 d

WK

Below, we obtain the basic reproduction number by expressing the disease
class of the model as the difference between the new infection vector Fnew and
transmission vector Firang-

DYHp
DYH,
DYH
thVQ = Fnew — Ftrans
D!Er,
D!E;
i E(V)JIIHS (c+p+mp)Hg
0 —oHg + (n+ 01 +7r+pr)Hy
—nmpHg —7nrHr + (n+ pg +6g)H
— | g —1) | - | TTEHED T T o)
HE€+EJSLI‘1/+ 1 WKEL +7TEL + (¢ + d)Ep
0 —¢EL +nKEr +vTEr + dE;

12
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We obtain the Jacobian matrices jnfer jt?ans of Fnew and Fipang at the
disease-free equilibrium point. Then, we compute

-1

J o= jI{i?W (jt.ians)
r B(0)Ac B(0)A

0 0 0 0
plo+p+me)(p+or+mr+p1) plo+p+7E)
0 0 0 0 0 0
0 0 ) 0 0
_ nBO)(A =)o WO - o o 0
plo+p+ng)(p+dr+nr+pr) plo+p+7r)
0 0 0 i elag ela
d AR AR AKY1
™ (PEL 4 g+ d) (PEDL 4d)  dm (25D +a)
L 0 0 0 0 0 0

Finding the eigenvalues of the above matrix, we have

Basic reproduction number, Ry = max{%R¥ R},

where
B B(0)Ac
mo - )
plo+ p+7e)(p+0r + 71+ pr)
R eladw?

dm (/\K'yl + wro+ de) ()\K’y1 + de).

9%9 is the basic reproduction number corresponding to the epidemiological
(between host) part of the model while R} corresponds to the immunological
(within host) part.

Consider the following fractional-order linear system with Caputo-Fabrizio
derivative:

Dix(t) = AX(t), (4.2)

where X' (t) € R", A € R"*", and 0 < # < 1. The following definition and result
will be needed in the sequel:

Definition 4.1. ([64, Definition 2]|) The characteristic equation of system (4.2)
is

det (s(I — (1 — 0)A) — 04) = 0.

Lemma 4.2. (/64, Theorem 1]) If the matriz (I — (1 — 0)A) is invertible, then
(4.2) is asymptotically stable if and only if the real parts of the roots of the
characteristic equation of system (4.2) are negative.

We have the following result on stability of the disease-free equilibrium point:

Theorem 4.3. The disease-free equilibrium Y of (2.13)—FEq.(2.24) is locally
asymptotically stable if Rg < 1.
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Proof. Lemma 4.2 is used to establish this result. We obtain matrix A by
linearizing the model (2.13)—(2.24) at the disease-free equilibrium point:

[~ o f@ 0 r O 0 o0 0 0 0 0o ]
0 —C1 M 0 0 0 0 0 0 0 0 0
0 o —%’2 0 0 0 0 0 0 0 0 0
0 TE Tr —C3 0 0 0 0 0 0 0 0
0 0 o1 po —(u+7T) 0O 0 0 0 0 0 0
a—| 0o 0 BOm (% - 1) 0 0 “m 0 0 a 0 0 0
0 0 0 0 0 —53 —d 0 0 0 0 0
0 0 0 0 0 Eg 0 —Cy 0 0 0 0
0 0 0 0 0 0 0 1) —C5 0 0 0
0 0 0 0 0 A€ 0 0 0 —WK 0 0
0 0 0 0 0 ap 0 0 0 0 —wR 0
L O 0 0 0 0 ar 0 0 0 0 0 —wr |
where
Ci=o+pu+me, Co=p+or+np+pr, Cs=p+pq+ig,
A A
Ci="KN 4 g1a, =K1
WK WK
Next, we show that (I—(1—0)A) is invertible and the roots of det (s(I — (1 — 0)A) — 6A) =
0 have negative real parts. After a few lines of calculation, we have
AB(0
[I-(1-0)A| = (1 +(1=60)(C1 + C2) + (1 —6)? (C’lC’g - ﬁi )U>> (u(1-60)+1)
X(1-0)Cs+1)(p1=-0)+71=0)+1)((1—6)Cs + 1)(m(1 — ) +1)
x(d(1-0)+1)((1-0)Ca+1)(1—-0)wr+1)((1—0)wp+1)((1—0)wwr+1) # 0,
for 0 < @ < 1. This shows that (I — (1 — 0)A) is invertible. Now, the roots of
det (s(I — (1 —0)A) — 0A) =0 are
51— — OwT - 4 Q’WB G0 — — OWK sy — — 0d
YTl wr(1-60)) P 14+ wp(1-6) P 14+wr(l-6) ' 1+d1-6)
o bu e BT W 0C
YT (=0 T 14 (w+n—0) T 1+Cs(1-6)
2C1Ca(1 = 0) (1= RF) + (C1 + Ca) +/(C1 + C)2 — 410y (1 - RY)
S8 = — )
2[C1Co(1—0)2 (1 —RE) + (CL+ Co)(1 - 0) +1]
2C1Co(1— 0) (1 — RE) + (Cy + Cy) — \/(01 +Cp)2 — 4010y (1 — RE)
S9 = — .

2[C1C5(1—0)2 (1 —RF) + (C1 + C2)(1 - 0) + 1]

The remaining roots can be obtained from the equation

5* + Pas” + Prs +Po = 0, (4.3)
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where

[mC4C5(1 — 9)2(1 — SRXV) =+ 2(m(C4 =+ C5) + 0405)(1 — 9) + (m +Cy + 05)]9

¥eo= mCaCs(1 — 0)3(1 — RY) + (m(Cs + Cs) + C1C5)(1 — )2 + (Ca + Cs +m)(1 — ) + 1’
T [3mC4iCs(1 — 0)(1 — RY) + m(Cs + Cs) + C1C5)0?

mCyCs(1 — 0)2(1 —RY) + (m(Cs + Cs) + CaCs)(1 — 0)2 +(Cs + Cs + m)(1 — 0) + 1’
Po = mCyCs(1 — RY )63

mCsCs5(1 —0)3(1 —RY )+ (m(Cs+ Cs5) + C1Cs)(1 — 0)2 4+ (Ca +Cs + m)(1 — ) + 1

Obviously, s;1 — s7 are negative real numbers, sg, s9 have negative real parts
provided 9%63 < 1. For s19 — s12, Routh-Hurwitz criterion is used to show that
(4.3) has roots with negative real parts. By Routh-Hurwitz criterion, (4.3) has
roots with negative real parts if and only if Po, B and Py are positive and
PP > Po [65]. Obviously, Po > 0, Py > 0 and Py > 0 provided RY < 1.

After a few lines of calculations, we have

PoPr—Po = 2(1-0) [MCiC5(1 — RY)(1 =) + m(Cy + C5) + C4C5)”
+mC4Cs(1 — RY ) (m(Cy + C5) + C4C5)(1 — 0)(3 — 0)
+(Cy + C5)(m(m+ Cy + C5) + C4C5) + mC405?R(‘;V > 0.

The result follows from Lemma 4.2. O

5. Simulations and discussions

This section is devoted to simulations of various forms as well as discussions
of results. Codes are written in MATLAB® for this purpose. For the choice of
B(V), it is assumed that 5(V') has a base transmission rate and increases as the

viral load increases. oV
V)= 1+ .
6= (1+ 27

Where ¢ is the half saturation constant for viral shedding and # is the influence
of viral load on transmission.

5.1. Parameter estimation

We use the COVID-19 data provided by Malaysian government from 10/01/2022
through 10/03/2022 which is publicly available at [54] for our model fitting. We
choose this range because of the high spread of the virus in Malaysia at this
period.

For this purpose, we add two new compartments - confirmed cases (H¢) and
confirmed death cases (Hp) to model (2.13)—(2.12).

DYHp = dgHg + 0rHy, (5.1)

DfHC:TI'EHE—O—ﬂ'[H[. (52)
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Figure 5.1: Real-life COVID-19 data and lines of best

The quarantined compartment (@), death compartment and confirmed cases
compartment are fitted to the ”active cases”, ”cumulative death cases” and ”cu-
mulative confirmed cases” data respectively. As Malaysia is roughly a 33,000,000
population country, we therefore set S(0) = 33,000,000—E(0)—1(0)—Q(0)—R(0).
Q(0) and R(0) are taken from the data while E(0) and I(0) are estimated.

For the immunological part of the model, we fit our model to the mean viral
load data of Hong Kong patients [66]. The model fitting for epidemiological and
immunological parts are done simultaneously. Our simulation was carried out
using " fmincon” package by MATLAB® [67]. The data available in [54, 66] is not
sufficient to estimate all the parameters involved in the dynamics of the disease.
We therefore rely on the values found in literature for some parameters and
assumed values for some. Our estimated parameter values and other parameter
values are contained in Table 2. From our model fitting, it was estimated that
E(0) = 1659 and I(0) = 982 while the order of differentiation was estimated
as 0.569 (ie # = 0.569). This therefore means that fractional order differential
equations best fit the data than differential equations with classical differentiation.
In other words, this study shows that including memory effects in modeling
COVID-19 dynamics significantly improves the accuracy of the fit to the data.
For subsequent simulations, we take 6 = 0.569. Figure 5.1 shows the fitted curves
and the real-life data. Using the estimated parameter values, 3 = 0.807 while
RY = 3.674. This shows that the major driver of the dynamics of the disease
(during the period used for parameter estimation) is the dynamics of the virus
within host.
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5.2. Sensitivity analysis

Sensitivity analysis helps to measure the influence of each parameter in the
dynamics of infection being studied [68]. We investigate the influence of each
parameter on the dynamics of the disease both locally and globally. While
local sensitivity analysis examines the sensitivity of a variable or parameter with
respect to change in a single parameter value, global sensitivity analysis examines
the sensitivity of a variable or parameter with respect to change within the
entire parameter range [69]. Global sensitivity analysis (GSA) seems to provide
comprehensive result however, different methods of GSA can give different results
and furthermore, the result of analysis greatly depends on the assumed probability
distribution of the input parameters [68, 70]. Local sensitivity analysis, on the
other hand, considers only the variation in one input parameter at a time, the
sensitivity coefficient obtained can be used for comparison with other parameters
independent of the range of parameter variations [70]. Considering the advantage
of one approach over the other, both approaches are therefore used in this work.

5.2.1. Local sensitivity analysis

In order to determine the most essential parameters in the transmission
dynamics of COVID 19, we perform a sensitivity analysis of the formulated
model (2.13))—(2.24) according to [71].

Definition 5.1. The normalized forward sensitivity index, of a variable, v to a
parameter p denoted by Y}, is denoted as a ratio of the relative change in the
variable to the relative change in the parameter

_Ov _p

v
T, = ap X o
The magnitudes and signs of the sensitivity indices of the basic reproduction
numbers Ry with respect to model parameters obtained and shown in Figure 5.2
reveal how changes in the model parameters affect the basic reproduction number.
The parameters with positive indices suggest that an increase (or decrease) in
the value of each of these parameters will lead to the increase (or decrease) in Ry.
For example, TR — 1, implies that increasing (or decreasing) the transmission
rate, 8, by 10% also increases (or decreases) the basic reproduction number,
Ro, by 10%, provided other parameters are constant. On the other hand, the
parameters with negative indices suggest that an increase (or decrease) in the
value of each of these parameters will lead to the decrease (or increase) in Rg.
From the sensitivity indices in Figure 5.2, it can be seen that the basic
reproduction number is more sensitive to the parameters corresponding to the in-
host dynamics. Figure 5.2 suggests that immune response plays sensitive role in
controlling the spread of the disease. It is worth mentioning that natural human
death rate (p), natural death rate of epithelial cell (d), human recruitment rate
(A), epithelial cell recruitment rate (\) have significant influence on Ry, however
control measures can not be built around these parameters. For example, the
sensitivity indices in Figure 5.2 suggests that natural human death rate should
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Figure 5.2: Sensitivity indices of Rp to model parameters

be increased in other to curtail the spread of the virus. This is not good and
therefore not implementable.

Other important parameters worthy of attention are the transmission rate
(8), progression of exposed individuals to infectious compartment (o), quarantine
of both exposed and infectious individuals (7g,7r), rate at which susceptible
epithelial cells are infected by SARS-CoV-2 (¢), progression of latently infected
epithelia cells to infectious epithelial cells (¢), production rate of SARS-CoV-2
by infected epithelial cells (a), viral clearance rate from biological environment
(m). The basic reproduction number is positively sensitive to parameters 3, o, ¢,
¢ and a but negatively sensitive to g, 7y and m. Therefore the control measure
be such that the values of the parameters with positive indices are reduced while
the values of the parameters with negative indices are increased. Our point
here is this, the sensitivity indices suggests that in order to curtail the spread
of the virus, the following are necessary - use of drugs/medication to boost
immune response, observance of COVID-19 protocol to reduce transmission,
use of medication that prevents epithelial cells from being infected or prevents
(or reduce) infected epithelial cell from producing the virus, use of drugs to
hasten the clearance of virus from human body and contact tracing followed by
quarantined of infected individuals.

5.2.2. Global sensitivity analysis

In order to further quantify the impact of each parameter on the basic repro-
duction number (o), we adopt a sampling-based method called Latin hypercube
sampling with partial rank correlation coefficient index, (LHS-PRCC). The goal
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of LHS-PRCC is to identify key parameters whose uncertainties contribute to
the inaccuracy of prediction and to rank these parameters by their level of
influence in contributing to the prediction imprecision. The magnitude and the
statistical significance (p-value) of the PRCC value of a parameter indicate the
contribution of the uncertainty in the parameter to the model’s prediction. The
closer the PRCC value to +1 or —1, the more strongly the parameter influences
the outcome measure. The p-value is the probability of getting a correlation as
large as the observed value by random chance, when the true correlation is zero.
The PRCC value is significant if the p-value is small, say less than 0.05. For a
comprehensive description of this method, we refer to [72, 73].

As a measure of uncertainty in our parameter values, we take 50% to the
right and left of the parameter values given in Table 2 while Ji is the input
function. LHS/PRCC method with 5000 uniformly distributed samples from
each parameter range were generated and used as simulation inputs. The PRCC
for the model parameters are shown in Figures 5.3—5.5. The magnitude of
PRCC shows the influence of the parameter on the dynamics of the disease, the
PRCC sign (positive or negative) shows the qualitative relationship between the
input parameter and the basic reproduction number while the p-value gives the
significance of the PRCC value.

Firstly, we investigate the influence of uncertainties in each parameter on
the epidemiological part of the model. This we do by taking R as the input
function and obtain the PRCC result shown in Figure 5.3. Figure 5.3 shows
the reproduction number B is strongly positively sensitive to human-human
transmission rate (), human recruitment rate (A) and progression rate from
exposed compartment to infectious class (o). However, the reproduction number
B is strongly negatively sensitive to quarantine rate of exposed human (7g),
quarantine rate of infectious human (7;), and natural human death rate (p).
These parameters (8, A, o, mg, 7; and p) have high PRCC values which
are statistically significant thus, uncertainty in any of these parameters is an
important contributor to uncertainty in prevalence of the disease. While human-
human transmission rate (8) and progression rate from exposed compartment
to infectious class (o) should be decreased, quarantine rate of exposed human
(rg) and quarantine rate of infectious human (77) should be increased in order
to curtail the transmission of the virus. The scatter plots corresponding to
parameters 3, o, mg, and 7 indicate that with these parameters in their
respective ranges, chances are that | < 1, a condition for disease control. Also
since the PRCC values obtained for these parameters are statistically significant,
understanding how to control these parameters will greatly help in controlling
the spread of the virus among human. The PRCC value obtain for §; and py
are very low which implies that these parameters have ignorable impact on the
dynamics of the disease.

Secondly, we investigate the influence of uncertainties in each parameter on
the in-host part of the model. This is done by taking Ry as the input function
and obtain the PRCC result shown in Figure 5.4. One can see from Figure
5.4 that all the parameters involved in the dynamics of the within host part
have significant PRCC values. Rate at which Fg are infected by SARS-CoV-2

19



Journal Pre-proof

"01PRCC = 0.87650 101pREC =0.87646 "OTPRCC = 0.84065
p-value = 0 . . p-value = 0 L p-value = 0
K . 5 8 .
RB6 B6
0 Rg
4 4
2 2
0 [ 0—
05 ! 5 2 25 3 fo00 1500 2000 2500 3000 3500  0.05 0.1 0.15 02
B x10" A o
10 PRCC = —0.87648 10 PRCC = —0.83805 10 pRCC = —0.027503
p-value = 0 X p-value =0 p-value = 0.154
8 ; 8 . . o
RB6 B6
0 Ry
4 4
“ 2
0 ) o
2 4 6 8 K YT p 12 0005 0.01 0.015 002 0025
u x10°® ’ ’ g ’ 8
10 10
PRCC = ~0.85507 PRCC = —0.12278
p-value = 0 p-value = 3.58 x 10710
. 8 k .
86
RU
4
2
‘ : — 802 0.04 0,06 0.08 0.1
04 06 08 1 12 14 : : 00 ! :

Figure 5.3: PRCC showing the influence of each parameter on 9{63

20



416

417

418

419

420

422

423

424

425

426

428

429

430

431

432

433

434

390 (prec = 0.72583
p-value =

300 "pRec = 0.88486

250 | P-value =0
200
M50

100

50

300

250 | p-value = 0

PRCC = 0.72583

150 200

250 300

350

PRCC = —0:72615
p-value=0 . p

300

250 |p-value=0 - .

PRCC = 0.63468

0.5 1 15

d %107

10

i PRCC = —0.72586 300 PRCC = ~0.88432 S0 PRCC = ~0.88429
250 - “p-value=0 250 p-value = 0 p-value = 0
200 200 R0
RW RW 0
450 9s0
100
100 100
50 - 50
0
0 0 2 4 6 8
02 04 06 08 1 12 500 1000 1500 2000 2500 «10%
m Ak Y1

Figure 5.4: PRCC showing the influence of each parameter on ERXV

(€), recruitment rate of susceptible epithelial cell (A), rate at which latently
infected epithelial cells become infectious (¢), death rate for natural killer cells
(wk) and production rate of SARS-CoV-2 (a) all have positive correlation
with reproduction number R}. These parameters need to be reduced in order
to control the dynamics of the virus within a host individual however, looking
through the scatter plots corresponding to these parameters, wg has the greatest
PRCC value and with this parameter in its range, chances are that R} < 1. The
implication of this is that having vaccines that boost human immunity system
is paramount to curtaining SARS-CoV-2 dynamics. R}’ is negatively sensitive
to natural death rate of epithelial cells (d), natural viral clearance rate from
biological environment (m), constant regeneration rate of natural killer cells
(Ak) and killing rate of infected epithelial cells by natural killer cell (7). Again,
one can see that parameters corresponding to immunity are the parameters with
most correlation coefficient.

Lastly, we have Figure 5.5 which shows the impact of the within-host and
between-host parameters on the basic reproduction number. It is obvious from
the PRCC values in Figure 5.5 that the influence of between-host parameters is
almost insignificant compared to the influence of the within-host parameters. This
suggests that in order to control the dynamics of the virus, great attention must be
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paid to the behaviour of the virus within infected individuals while not neglecting
the transmission dynamics. It is also very clear from the scatter diagrams that
no single parameter can single-handedly make the basic reproduction number
less that unity. This suggests that multiple intervention strategies must be
implemented if the spread of SARS-CoV-2 will be curtailed.

5.8. Model simulations

In this section, model (2.13)—(2.12) is solved numerically using two-step
fractional Adams Bashforth method (see [74, Theorem 3.2]). Codes are written
in MATLAB® for this purpose. Effects of control strategies on the dynamics
of the disease are investigated numerically. The parameter values in Table 2
are used to carry out the numerical simulations. We take Hg(0) = 32,794, 000,
Hg(0) = 3,000, H;(0) = 1,000, Ho(0) = 2,000, Hr(0) = 200,000, V(0) = 10*,
Es(0) = 200,000, EL(0) = 700, E;(0) = 300, K(0) = 38,835, B(0) = 10 and
K(0) = 10.

Solving model (2.13)—(2.24) numerically, we obtain the graphs in Figure
5.6. It can be seen that the population of infected epithelial cells decreases.
This is as a result of infection by SARS-CoV-2 and the killing effects of natural
killer cells and cytotoxic T-cells. This observation is supported by the work of
Deinhardt-Emmer et al [75]. The viral load also decreases due to the presence
of B-lymphocytes and the decrease in the population of epithelial cells. In spite
of these immune responses, the disease still persists in human population. This
is because the remaining virus in human body is enough to ensure that the
disease persists in human population. While most articles on the epidemiological
dynamics of COVID-19 concluded that reducing the transmission such that
REP < 1 will help in curtailing the spread of the virus, this research has shown
that this condition is not enough. Both R¥ < 1 and R}V < 1 are necessary
before the disease can be curtailed.

5.3.1. Influence of viral load on transmission

The condition Ry < 1 guarantees the local stability of the disease-free
equilibrium, however it is shown in Figure 5.7 that the disease still persists in
human population when SRy < 1. This is because the transmission rate depends
on the average viral load in infectious individuals whereas the basic reproduction
number does not capture this. We therefore have the effective basic reproduction
number

Effective basic reproduction number, EHD% = max {eﬁm(‘? , mg‘/ } ,

where
efme _ 61(1 + ’l]Z))AO'
0 (o +p+7mg)(p+ 01 +7r + pr)’
R~ elagwy

dm (/\;(71 + oo+ LTJKd) ()\;(71 + de).
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Figure 5.6: Simulation of (2.13)—(2.24) using parameter values in Table 2
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Figure 5.7: Influence of viral load on transmission

where 1 is the parameter that accounts for the increase in transmission rate
caused by viral load. It can be seen in Figure 5.7 that v has a significant impact
on the dynamics and control of SARS-CoV-2. The implication of this is that
incomplete recovery from COVID-19 is a treat to the control of the disease. The
assumption that transmission rate depends on the viral load was also made in
[34] however, there was no discussion on its influence on transmission dynamics

of the disease. We conclude this session by stating that Ry geff Mo < 1is the
requirement for the disease control.

5.3.2. Intervention strategies

Next we explore various intervention strategies. For each intervention strategy,
we compute the percentage death averted (PDA). PDA is the ratio of the total
number of death averted to the total number of death when there is no control
measure while the total number of death averted (TDA) is the difference between
the total death due to infection over the simulation period in the absences of
control and the total death due to infection when there is control.

T

[51H1 —I—(;QHQ} dt

with control

T
/ [5IHI + 5QHQ]without control dt - /
PDA = 0 .

T
/(; [51H1 + 5QHQ]without control dt

Vaccine

There are many COVID-19 vaccines being used in countries of the world
- Moderna mRNA-1273, Pfizer/BioNTech BNT162b2, Gamaleya Sputnik V,
Janssen Ad26.COV2.S, Oxford/AstraZeneca AZD1222 and Covishield (Ox-
ford/AstraZeneca formulation) [76]. COVID-19 vaccines help the body to develop
immunity to SARS-CoV-2. It normally takes some weeks after vaccination for
the body to build resistance against the virus. It is therefore possible for a
person to still contract COVID-19 just after vaccination. This is due to the fact
that the vaccine has not had sufficient time to offer protection [77]. It was also
noted in [78] that COVID-19 vaccine does not provide 100% protection. Since
the vaccine works with immune system, we numerically study the impact of

25



497

498

499

500

501

502

503

505

506

507

508

509

510

512

513

514

515

516

518

519

520

521

522

523

524

526

527

528

529

530

532

533

534

536

537

538

539

540

541

natural K-cells, B-lymphocytes and cytotoxic T-cells on the dynamics of the
disease in what follows.

Firstly, we consider vaccination leading to increased amount of natural K-
cells, B-lymphocytes and cytotoxic T-cells. As shown in Figure 5.8, increase in
the population of immune compartments lead to a decline in the peak values of
viral load and infected epithelial cells. However, in the human population, the
impact of this intervention strategy is not seen until after a later time (of about
35 days). The PDA of the strategy is in Table 3.

Secondly, we consider vaccination leading to increased efficacy of natural K-
cells, B-lymphocytes and cytotoxic T-cells. This is shown in Figure 5.9. Increase
in the efficacy of immune compartments lead to a rapid decline in the peak
values of viral load and infected epithelial cells. Also in the case, it will take
a while before the impact of this strategy is found in human population. This
strategy appears (pictorially) to be more effective however Table 3 shows that it
averts less human death when the vaccine improves the efficacy of the immune
components by 10% and 30%.

Social distancing, face mask and other measures to reduce transmission
rate

It is known that the countries of the world have initiated certain control measures
(such as frequent hand washing with alcohol-based sanitizer, use of face masks in
public, social distancing, movement restrictions, etc). Malaysian government has
also initiated such containment measures during the period used for parameter
estimation. This is responsible for the low value of 5 and high values of 7r and
mr. Yet in this section, we consider the cases where the transmission rate (3)
is further lowered. Figure 5.10 shows the impact of this strategy. It is obvious
that the infected human compartments reduce drastically which accounts for
the high percentage death averted (see Table 3). Figure 5.10 further shows that
reduction in transmission rate has negligible impact on within-host dynamics.

When there is 30% decrease in transmission rate, eﬂ%‘{f =0.902, RY = 3.674.
This accounts for the drastic reduction in the populations of infected individuals.
The average viral load per infectious individual (V) also decreases however, the
virus remains in the system. A quick way to know that the virus remains in the
body is to check the volume of immune cells. A high volume of immune cells
is an indication of the presence of virus/pathogens. The remnant virus in the
body can cause another surge any time the COVID-19 protocol is relaxed. Thus,
taken care of epidemiological components only provides a temporary measure to
curtailing the spread of the virus, the within-host dynamics will drive the entire
dynamics and the virus will continue to live within human population.

Figure 5.11 shows the effect of increase in the rate at which infected individuals
are detected and quarantined. It is reasonable to assume that it takes a minimum
of 1 day to detect and quarantine an infected individual. In Figure 5.11, the
infected human compartments reduce drastically which accounts for the high
percentage death averted (see Table 3). Also Figure 5.11 shows that increase in
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Figure 5.8: Simulation of (2.13)—(2.24) considering the increase in proliferation rates of
immune cells
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Figure 5.9: Simulation of (2.13)—(2.24) with increase in the strength of immune cells
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Figure 5.10: Simulation of (2.13)—(2.24) with reduction in transmission rate

quarantine rate has negligible impact on within-host dynamics.

20 30
t (days)

Reduction in viral infection of epithelial cells using medication or

vaccine

Although there is no particular medication for treating COVID-19, people can
recover by following a treatment protocol. Nonetheless, there are few questions
to consider: Can we have drugs or vaccines that can prevent the epithelial cells
from being infected? Can we have drugs or vaccines that can prevent the infected
epithelial cells from reproducing the virus? Interferon, a component of human
immune system interfere with viral replication and protects uninfected cells from
the virus. Interferons, are produced and secreted by infected cells following virus
infection. The secreted interferons act on neighboring cells to induce enzymes
that render these cells more resistant to viral infection [43]. Resistance to viral
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Figure 5.11: Simulation of (2.13)—(2.24) with increase in the rate at which infected individuals
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infection causes reduction in the infection of epithelial cells by SARS-CoV-2. We
therefore investigate the effect of the reduction of infection of epithelial cells by
the virus as well as the reduction in the production rate of SARS-CoV-2.

Figure 5.12 shows the effects of the reduction of infection of epithelial cells by
the virus as well as the reduction in the production rate of SARS-CoV-2. This
strategy lowers the peak values of viral load and infected epithelial cells however
it has no significant effect on the immune cells. Figure 5.12 and Table 3 show
that this strategy does not have immediate impact on the population of infected
human until when it is 50% effective. This intervention strategy is very good
when combined with other strategies. Table 3 shows a drastic increase in PDA
when this strategy is combined with other strategies. This further suggests that
vaccines that offer at least 50% reduction in ¢, a and at least 50% increase in k&,
Y1, Y2, Ak, ap, ar will have a notable impact in controlling the spread of the
virus. Our point here is that vaccine/medication should be made to achieve the
following purpose: boost immune response, prevents epithelial cells from being
infected or prevents (or reduce) infected epithelial cell from producing the virus,
hasten the clearance of virus from human body.

5.3.3. Influence of memory on the disease dynamics

Memory indicates the dependence of a system not only on the present state
of the system, but also on the previous history of the system. One advantage
of using fractional order differential equations is that it incorporates memory.
In Figure 5.13, we present the effect of memory on the dynamics of the disease
on human population. Parameter values in Table 2 are used for our simulation.
The dynamics of the disease changes more rapidly as the order of the derivative
tends to one (§ — 1) while the infection reaches greater peak value as the
order of the derivative tends to zero (6 — 0). This is due to the contribution
by the previous history of the system. Caputo-Fabrizio fractional derivative
has a fading memory [37]. Although fractional derivative incorporates memory,
Caputo-Fabrizio fractional derivative is such that the dynamics of the disease is
more influenced by the weight given to the moments near the present, and the
further we go back in time, the more the weight decreases.

6. Conclusion

In this study, we propose a deterministic model which links between-host
(population transmission) dynamics with within-host (disease processes within
a single host) dynamics. Immune response is incorporated into our model in
order to understand the interaction between SARS-CoV-2 and immune cells
and how this inform the transmission from human to human. Considering the
fact that disease dynamics leaves a memory in human immunologically and
epidemiologically, a compartmentalized model with fractional derivative in the
sense of Caputo-Fabrizio is proposed. The existence and uniqueness of solution
to the model is established by fixed point method. The disease-free equilibrium
solution is found to be locally asymptotically stable when Rg < 1. Parameters
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Figure 5.12: Simulation of (2.13)—(2.24) with decrease in viral infection of epithelial cells
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Table 3: PDA of intervention strategies

Intervention strategy PDA
10% increase in Ak, ap, ar 1.08%
Increased prolifera- [ 3007 increase in Ag, ap, ar 3.33%
tion rate of immune - -
cells (VI) 50% increase in A\x, ap, ar 5.68%
70% increase in Ak, ap, ar 8.07%
10% increase in &, 1, o 0.10%
o Increased efficacy of | 30% increase in x, 71, 72 1.33%
Vaccination .
immune cells (V) | 50% increase in Ky Y1, V2 4.51%
70% increase in k, Y1, Y2 9.18%
10% increase in K, v1, V2, Ak, ag, ar | 1.40%
30% increase in x, V1, Y2, Ak, ap, ar | 7.21%
(V1) & (V2) : :
50% increase in K, V1, V2, Ak, OB, QT 16.50%
70% increase in Kk, Y1, Y2, Ak, OB, QT 23.48%
10% decrease in 8 65.86%
Social distanc- R?(}PCMOD 0 trans- 17560 Jecrease in B 86.52%
. P & mission rate .
g, lace 1nas 30% decrease in 3 93.45%
and other mea-
sures to reduce I . e =09, 1 =09 73.36%
transmission nerease m quaran- |\ 1.0, 7y = 0.9 86.85%
tine rate
e =1.0, 77 = 1.0 93.11%
10% reduction in € and a 0%

_Ridl}:tion fin Ytiilal 30% reduction in € and a 0%
Reduction  in | infection of epithe- 0% —

: reduction in € and a 5.32%
viral infection of lial cells (‘/3’) ’ — ’
epithelial  cells 70% reduction in € and a 19.31%
using  medica- 50% reduction in £, a and 50% increase | 22.82%
tion or vaccine in K, v1, 72, Ak, @B, QT

(V1),(Va),(V3) —— :

70% reduction in €, a and 70% increase | 37.05%

in K, 71, 72, AK, @B, QT
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Figure 5.13: Simulation of (2.13)—(2.24) showing the effect of memory on the disease dynamics
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are estimated by fitting the model to four sets of real-life data simultaneously.
We use cumulative confirmed cases, cumulative death cases and active cases data,
provided by Malaysian government which is publicly available at [54] for our
model fitting. For the immunological part of the model, we fit our model to the
mean viral load data of Hong Kong patients [66]. Local and global sensitivity
analysis are carried via normalize forward sensitivity index and Latin hypercube
sampling with partial rank correlation coefficient index respectively. Lastly the
model is solved numerically using two-step fractional Adams-Bashforth method
and various intervention strategies are investigated. Percentage death averted is
computed to compare various intervention strategies.

By data fitting, parameters are estimated and we see that within-host dy-
namics is the major driver of SARS-CoV-2 dynamics during the period used
for data fitting. Data fitting further shows that the order of differential equa-
tions involved in the model is 0.569. This therefore means that fractional order
differential equations best fit the data than differential equations with classical
differentiation.

Sensitivity analysis helps to measure the influence of each parameter in the
dynamics of infection being studied. While local sensitivity analysis (LSA)
measures the influence of a parameter on the disease dynamics when other
parameters are constant, global sensitivity analysis (GSA) measures the influence
of uncertainties in parameter values on disease dynamics. Both are needed in
order to know the parameters that influence the dynamics of the disease and to
propose control measures. LSA reveals that immune response plays sensitive role
in controlling the spread of the disease. It further shows that viral transmission
rate, progression of exposed individuals to infectious compartment, rate at which
susceptible epithelial cells are infected by SARS-CoV-2, production rate of SARS-
CoV-2 by infected epithelial cells are to be controlled in order to curtail the
spread of the disease. GSA reveals that no single parameter can single-handedly
make the basic reproduction number less that unity. Thus, suggesting that
multiple intervention strategies must be implemented if the spread of SARS-
CoV-2 will be curtailed. Both GSA and LSA suggest that in order to curtail
the spread of the virus, the following are necessary: use of drugs/medication
to boost immune system, use of medication that prevents epithelial cells from
being infected or prevents (or reduce) infected epithelial cell from producing the
virus and observance of COVID-19 protocol to reduce transmission.

It is shown, by simulations that in order to reduce human death, it is
encouraged to strictly maintain measures that reduce transmission of the virus,
however to automatically solve the problem of SARS-CoV-2, attention must be
paid to the use of vaccines/medications which greatly improve on human immune
systems, prevent epithelial cells from being infected and also prevent infected
epithelial cells from reproducing more virus. While immune system (innate and
adaptive) needs to be boosted greatly, it is crucial that adaptive immune cells
be made to specifically recognise SARS-CoV-2. This is because occasionally, the
adaptive immune system may fail to distinguish between what is foreign and
what is not and reacts destructively against the host’s own molecules [42].

For our simulation, we employed a particular type of 8 that varies as an
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increasing function of V. This selection was made based on the fact that SARS-
CoV-2 transmission rises with an increase in viral load [44]. Despite using a
specific form of § for the simulation, the outcome of our study remains applicable
to any [ that is an increasing function of V. Generalization of the findings to
the case where [ is a piecewise continuous function or time-dependent function
is straightforward with little modifications. Summarily, the assumption that
the transmission rate increases with viral load aligns with clinical findings and
underscores the importance of our model in emphasizing the effects of pandemic
prevention and control measures.

Our proposed model is based on other assumptions, one of which is that the
entire population is homogeneously mixed. Heterogeneity may be incorporated
using a risk-structured model. Another limitation of our multiscale model is
that it assumes individual hosts have the same internal states at a time. An
improvement in this direction is subject to further study but possible in view
of [35, 79]. Nonetheless the result of this work is robust as it presents the
efforts of public health interventions to control SARS-CoV-2 which are focused
on the reduction of human-to-human transmission of the virus on one hand
and medical interventions to treat the disease which are focused on enhancing
immune response on the other hand.
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