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Abstract

The emergence of multiple COVID-19 strains has been the greatest challenge since the initial
outbreak. A fractional-order mathematical model is formulated to investigate the co-
dynamics of multiple COVID-19 strains with memory effects through the Caputo fractional
derivative. The model is based on an extended SEIR framework including two exposed
parameters named as early detection to quarantine compartments to reflect realistic
intervention strategies. Fractional Laplace Adomian Decomposition Method (FLADM) has
been used to solve the resulting system and analyzed the behavior for various values of the
fractional order a. The results show strong agreement between LADM and the fractional
Runge-Kutta fourth-order method at @ = 0.7 which is indicating the accuracy and efficiency
of our approach. This model provides a refined perspective on short-term epidemic scenarios
by capturing the memory-dependent nature of disease transmission and intervention by
offering valuable insights for public health planning and control strategies.

Keywords: Fractional Laplace Adomian decomposition method (LADM); Runge-Kutta
fourth-order method (RK4); numerical solution; Covid-19 strains;

1 Introduction

The Coronavirus Disease 2019 (COVID-19) was caused by the novel severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2), which emerged in late 2019 and rapidly
caused consternation among the people and became a global pandemic (World Health
Organization [WHO], n.d.). COVID-19, identified as high transmissible, diverse clinical
outcomes, and assorted incubation periods, has exhausted healthcare systems (Centers for
Disease Control and Prevention [CDC], 2023). Over time, multiple variants of COVID-19
have emerged that pose a threat to the health system (Chang et al., 2021) and the human
immune system (Chowdhury et al.,, 2020). The strains of those variants have made
adjustment efforts more challenging (Jacobs et al., 2023). To forecast disease dynamics
and assess the effectiveness of control strategies, adaptive and accurate modeling tools
are necessary (Thompson, 2020). The pioneer of Mathematical modeling of infectious
diseases was Kermack and McKendrick, who introduced the classical SIR model. This model
is divided into three classes-susceptible (S), infected (1), and recovered (R), and is described
in a system of ordinary differential equations to analyze the transmission dynamics of a
disease. Their work is identified as the first mathematical framework to understand the
flow of epidemics and remains a cornerstone of theoretical epidemiology (Kermack &
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McKendrick, 1927). Later on time, many researchers identify the latent period which was
added in the classical SIR model and it was extended into the SEIR model, which includes
an exposed compartment to represent individuals who are infected but not symptomatic.
The primal SEIR model was studied about the measles outbreaks in 1984 (Aron &
Schwartz, 1984). Since then, the SEIR structure has achieved a standard framework for
modeling diseases like monkey pox (Bentaleb et al., 2024), dengue (Bhuju et al., 2022),
ebola (Islam et al., 2024), influenza (Ali et al., 2024), and many other diseases where
individuals experience an incubation period before becoming infectious. Since its initial
development, the SEIR model has multiple modifications and expansions to reflect the
complexities of real-world disease dynamics. These extensions include with additional
compartments - such as asymptomatic (Huo et al., 2021), hospitalized (Heim et al., 2019),
quarantined (Safi & Gumel, 2011), or vaccinated (White et al., 2015) individuals as well as
time delays (Prakash Raj et al., 2025), stochastic effects (Upadhyay et al., 2025), spatial
heterogeneity (Zhang et al., 2025), and fractional-order derivatives (Minhds et al., 2025).
Such assimilation allows the model to capture the transmission patterns, intervention
strategies, and biological characteristics of various infectious diseases more accurately.
Since the beginning of the COVID-19 pandemic, many mathematical models have been
proposed to identify the transmission dynamics and support policy decisions. The earliest
SEIR-based model was formulated in 2020 to forecast the initial outbreak of COVID-19 in
Wuhan, and estimates of the basic reproduction number (Wu et al., 2020). Another model
was constructed with an extended SEIR model for undetected infections that focused on
the importance of asymptomatic and undocumented cases (lvorra et al., 2020). Multiple
models have been developed to visualize the 2 prospect of minimizing the spread of
disease by employing lockdown (Ghosh et al., 2022), sufficient hospital resource
management (Redondo et al., 2023), and extensive public health interventions (Mondal &
Khajanchi, 2022). A non-autonomous system has been developed to identify the impact of
temperature on disease transmission, simulations manifest that the epidemic can be
controlled with a vaccination rate of 70%. However, safety measures and sensitizing
populations to hygiene rules become vital when vaccination coverage is below 70%
(Abraham et al., 2025). The emergence of new SARS-CoV-2 variants has complicated the
trajectory of the pandemic era. Every variant has unique challenges with increasing
transmissibility, immune evasion, and impacts on vaccine efficacy. For instance, the Delta
variant was found to be 65-90% more transmissible than the Alpha variant, leading to
substantial surges in cases and hospitalizations (Panovska-Griffiths et al., 2022). A
compartmental model has been formulated to analyze the transmission dynamics of
COVID-19 and focused on the Delta and Omicron variants in India with model the key
factors such as vaccination, time-dependent transmission, economic burden, loss of
immunity, and asymptomatic recovery to established epidemiological insights (Negi et al.,
2024). A two-strain mathematical framework for the B.1.1.7 variant infections has been
formulated to estimate a mutant strain. The Model was fitted with data of Ontario glorify
variant dominance and highlight that interventions alongside vaccination can prevent the
resurgence (Betti et al., 2021). The emergence of COVID-19 variants like Alpha, Beta,
Gamma, and Delta presents serious global health challenges. A precise model has been
glorified with time-dependent vaccination rates that applied for India’s multi-variant
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scenario to confirm the combined strategy act as most effective also offering cost-efficient,
with data-driven guidance for pandemic response (Ambalarajan et al., 2025). Traditional
integer-order epidemiological models often assume the future state of an epidemic
depends its current conditions and neglect the influence of past events but real-world
disease dynamics frequently exhibit memory effects, where previous exposures,
recoveries, and interventions impact current transmission rates (Agarwal et al., 2024,
Barros et al., 2021). COVID-19 mainly caused by a mutagenic RNA virus, has seen the
emergence of transmissible variants since late 2020. This study offering a two strain
computational model for South Africa and Caputo fractional derivatives and non-standard
finite difference schemes has been applied for simulation. Outcomes analyzed the WHO-
recommended SOPs influences that reduce the infection across different strain scenarios
(Riaz et al., 2025). A fractional-order model has been constructed to simulate the dynamics
of a three-strain influenza outbreak with treatment strategies which can magnificently
reduce infection levels (Yaagoub et al., 2025). A fractional-order 3 SIRS model for Delta and
Omicron has explored to describe COVID-19 dynamics with horizontal transmission and
immunity loss to estimate the epidemic peak for Delta which was demonstrating the utility
of fractional calculus in epidemic modeling (Bouissa et al., 2025). There have several well-
established analytical and semi-analytical methods for solving fractional differential
equations (FDEs) such as the Homotopy Perturbation Method (HPM) (Islam & Akbar,
2024), Variational Iteration Method (VIM) (Abdulrhman, 2025), Differential Transform
Method (DTM) (Chu et al., 2024), Laplace Adomian Decomposition Method (LADM)
(Saber et al., 2025) and many others. Here, we have adopted the Laplace Adomian
Decomposition Method (LADM) combined by the Laplace transformation to handle the
initial conditions and simplify fractional derivatives with the Adomian Decomposition
Method, which systematically handles nonlinearities. A fractional-order model of
smoking cessation dynamics has been formulated and analyzed by LADM to find
graphical results. The solution technique has been compared with the RK4 method to
demonstrate its accuracy (Haq et al., 2018). LADM has been used in a Caputo fractional-
order HIV and COVID-19 co-dynamics model and investigate on treatment policies,
immune response and disease transmission rate (Baba et al., 2024). Caputo derivative
based fractional-order SEIR framework of measles transmission has formulated and
LADM applied to trace the solutions at various fractional orders (Farman et al., 2018).
Though several studies have investigated the transmission dynamics of COVID 19 using
classical and fractional-order models, many have either neglected the presence of
multiple strains or overlooked critical intervention compartments such as early
detection or self-quarantine. On the other hand, a few studies have compared analytical
methods like the LADM with numerical schemes such as the fractional RK4 technique to
validate solution accuracy. Motivated by these gaps, this study develops a fractional-
order co-dynamics model for multiple COVID-19 strains by extending an existing SEIR
framework with two new parameters that flow from exposed individuals to quarantine
to reflect the real-world intervention measures. We will use LADM and compare them
with numerical results to demonstrate the method’s effectiveness. This work aims to
enhance the realism and analytical tractability of COVID-19 modeling, particularly for
short-term outbreak scenarios where memory effects are significant.
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2 Model Description

We have taken the model of Kim et al. (2024), which was formulated to observe the
dynamics of COVID-19 strains within a population using an integer compartmental
framework. This model divides the population into seven epidemiological classes,
including susceptible individuals, exposed individuals for strains 1 and 2, infectious
individuals for strains 1 and 2, quarantined individuals, and recovered individuals. All the
compartments are denoted as S(t), E; (1), E, (1), [, (), 1,(t), Q(t), and R(t) respectively
where two parameters 3; and 3, illustrate transmission rates from S to E; and E,,
interact with I; and I,. The movement of E; to [; is 0;, whereas the movement of E, to
I, is 0,. Both these motions show the expansion of infections. Infected individuals (I, I,)
move to the quarantine @ at rates t; and T,. Quarantined individuals Q gets recovery
with a rate 8 and stays in R class. However, undetected individuals get their natural
recovery with two rates y; and y,, and leave I; and I, and move to R. This R class can
collapse their immunity and eventually move back to S with v rate.

This study focuses a short-term scenario to analyze the co-dynamics of multiple COVID-
19 strains. To better capture the real-world dynamics of COVID-19 control measures, we
have extended the original model by introducing two additional parameters that control
the movement of individuals from the exposed E;(t) and E,(t) compartments to the
quarantine Q(t) compartment. The modifications of this model aimed to emphasize the
impact of early detection of exposed (but not yet infectious) individuals.

The newly introduced parameters are defined as follows:

& : The rate of individuals who are exposed for strain 1 and transferred to quarantine.
&, : The rate of individuals who are exposed for strain 2 and transferred to quarantine.
These additional parameters help the model reflect public health interventions such as

early detection to avoid high-risk contacts. Combining the parameters and their
assumptions in the model of Kim et al. (2024), we get the following system:

S'(t) = =B SO (1) — B2S(O(t) + VR(2),

E{(t) = B:1SO () — (b1 + 0)EL (D),

E3(8) = B2S(0)15(8) — (b2 + 02)Ex (D),

11(8) = 01E1 () — (6 + v + Y11 (D), (2.1)
L(8) = 0,E,(t) — (8 + T2 + v2) (D),

Q'(t) = Tl (t) + &1E1(8) + 1.1, (2) + b ER(8) — 0Q (),

R'(t) = 6Q(t) + y11,(©) + v212(t) — VR(D).

With initial conditions:

5(0) = S, =0, E,(0) = Ey =0, L(0) = I, =20,
E(0) = Eyp 20, 1,(0) = Ly =0, Q(0) = Qo =0, (2.2)
R(O) = RO 2 0.

And total population,
N(@)=S@t) + E;(t) + E,(t) + I,(t) + I,(t) + Q(t) + R(t).
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To analyze the memory and hereditary properties for real-world disease transmission, we
have extended the classical integer-order model (2.1) using Caputo fractional derivatives. The
transmission way of COVID-19 is vastly relevant with the latency periods, long-term
immunity effects, and delays in symptom. By using the Caputo derivative of order a € (0,1],
we are introducing a non-local temporal operator that reflects these real-world effects.
Additionally, this fractional-order approach provides a flexible framework, where the model
interpolates between classical dynamics a = 1 and systems with strong memory effects for
o < 1. In this study, we examine the model under different values of a to explore the
impact of memory on the co-dynamics of COVID-19 strains and demonstrate how the
fractional model enhances both the realism and accuracy of the predictions. The modified
model after using the Caputo fractional derivative is compactly as follows:

D/x(t) = F(t, p,x) (2.3)
where

X € R" represents the states of model (2.1), p € R™ denotes the set of the associated
parameters, and F(t,n,Xx) is the (flow) right-hand side of model (2.1). Moreover,
a; denotes a; to a;.

The initial conditions for model (2.3) are given by:
x(0) =p; > 0,wherei=1..7 (2.4)

3 Conceptual Evaluation

To solve the modified fractional-order co-dynamics model, we employed the LADM for its
efficiency in handling nonlinear fractional differential equations. LADM merges the Laplace
transform with Adomian decomposition to yield semi-analytical which can rapidly
converging series solutions. This approach preserves the model’s nonlinear and memory-
dependent structure while remaining computationally efficient and easy to implement.

3.1 Numerical Approach via FLADM

L{D/*x(t)} = L{F(t, n, x)} (3.1)
Applying Laplace transformation, (3.1) becomes
s% L{x(t)} — s x(0) = L{F(¢t, u,x)} (3.2)

Applying the Laplace transformation with initial conditions (2.4) in Eq. (3.2) becomes
L{S®)} = pis™" + s L{=B1 SO () — B2S(OL(8) + VR(D)]],

L{E ()} = pos™ + sT2[L{B:S(O1(t) — (1 + 0)EL(D}],

L{E, ()} = p3s™" + s7[L{B,S (), (t) — (b2 + 6,)E(1)}],

L{L ()} = pas™" + s7%[L{o, E;(t) — (8 + 14 + V)L (D)}], (3.3)
L{L, ()} = pss™ + 57 [L{0,E,(t) — (§ + 1, + V)L (1)}],

L{Q(t)} = pes™ + s [L{T, 1, () + d1E1 (£) + T 15 (t) + b2 E,(t) — 6Q (D)},

L{R(6)} = p;s™1 + 57U [L{BQ () + y111(t) + v2L,(t) — VR(£)}].
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Therefore, the solution can be presented by an infinite series as follows:
S(6) = Xn=o0Sns Ey(0) = Xn=o€n, L) =Xioizn, R(@) =X7-om (3.4)
E () =Xn-0en, L) = X0l Q(t) = Xn=0qn,
The infinite series of nonlinear terms S, (t)I;,, (t) and S, (t) 1, (t) are:
SOL() = Xr-o My, SOLE) = X5-o Ny- (3.5)
Thus the Adomian polynomials are:
(50 114 (8) By 995, (D],

_ 1 4"
n 7 P(n+1) dAT

_ 1
7 r(n+1)

[Z0_o AL, (0) 0o A1S, (D]

Now, substituting the series (3.4) and (3.5) in eq. (3.3), we get,

L{ER=0Sn+1 (D)} = prs™ — sTUL{=By Elo My — B2 Ziizo Nn + VR, (D)},

L{ER=0 Exnan) (D} = P21 + sT2L{By Xiioo Mn — (b1 + 01) Ern ()},

L{ER0 B2y (D} = p3s ™ + 57 L{B; X Nn — (2 + 02) Ezn ()},

L= linsy (0} = Pas™ + s74L{01 E1(£) — (8 + 11 + YD) 1n (D)}, (3.6)
L{ER=0 ey (O} = Pss ™ + 57 L{03 Bz (8) — (8 + T2 + v2) 1 (D)},

L0 Qne1 ()} = pes™ + 570 L{ty 115, (t) + b1 E1py (8) + T2l5 (1) +
¢2E2n(t) - eQn(t)}'

L{Z;?ZO Rn+1(t)} = p7S_1 + S_a7L{eQn(t) + Y111n(t) + YZIZn(t) - VRn(t)}’

Now, evaluating Eq. (3.2) along with the expressions (3.3) and (3.6) and enforce the
inverse Laplace on two sides, we obtain

Y=o Sn+1(t) = p1 — LT sTL{—B1 Y50 My — B2 Xm0 Nn + VR, (8)}],

Ym0 Einan) () = po + L7 [sT2L{By Xiveo My — (1 + 01)E1n ()],

Tr=o Eaniny () = p3 + LTHsTCL{By Zieo N — (b2 + 02) Ezn(8)3], (3.7)
Ym0 i) (®) = pa + L7 [s7%L{01E1y (£) — (6 + 71 + v 1n ()31,

Yo lonsn)(t) = ps + L7 s 7% L{03E2n(t) — (8 + T2 + YV2) 2n (D3],

Y0 Qni1(t) = pg + L7 s L{T1 L;y () + d1E1n () + Toloy () + b B (8) —

0Q. (D)},

Yn=oRns1(t) = p7 + L 577 L{BQL(8) + Y1115(t) + Y2 L2n(t) — VR, (D)}].

From Eq. (3.7), the initial approximations are:

So = D1, €20 = D3, I20 = Ps, To = P7- (3.8)

€10 = D2, i10 = Pa qo = De,
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For n =0, the solution (3.7) reduces to

S1 = {=B1p1Ps — B2P1Ds + VD7  ——=
e11 = {B1p1ps — (b1 + 0P} 77—

F((x +1)’

F(a +1)

ez1 = {B2p1ps — (d2 + 02)p3}r(a +1)

iy ={op — (6 + 11 +vOPs} F(a +1)

lp1 = {003 — (8 + T, +V2)Ps} = l"(a +1)

t%e6
g1 = {T1Ds + $1D2 + o5 + G2p3 — Ops} T(ogt1)’
t%7
71 = {Y1Pa + Y2Ps + O0ps — VP7} 1
Now, for n = 1, the solution (3.7) is reduced to

Sy = {=Bip1{{o1p2 — (6 + 11 + v1)Da} F(a T +1)} {B1p4

2
+sz5}{{—81p1p4 — Bap1ps +V p7}m} = Bzpi{{ops — (6 + 1, +

ta7+a1
Y2)Ps} } + vi{{y1ps + V205 + Ops — VD7 } %

l"(oc5+a +1) I(az7+ag+1)

ez = Bipi{op, — (B +1 + Y1)P4}m B1pal— 31P1P4

to1+ay az

B2p1ps + vp4} (b1 + o){B1pips — (P1 + o)D) 1—(2

Mlag+az+1) 241
ex2 = Bapa{o2ps — (6 + 12 +Y2)Ps}m B2ps{—B1p1ps —
B2pips +V P7}m (2 + 02){322’1?3 — (o + GZ)PS}F(M 11)
i1 = 01{B1P1Ps — (¢1 + 0P} —— = F(a ot D) — @+t +v){owp, -

(6 + 1+ Y0Pl 11)

izp = 02{B2p1P3 — Gzps}% —(6+ 1 +y){ops —(6+ T +
Y2)Ps} F(ztiail)

42 =t{op, —(6+1 + Y1)P4}m G1{B1p1ps — (1 +
ol)pz}% + T2{02P3 @+t + Yz)Ps}m + 2 {B2p1ps —

t2%

(b2 +02)p3} ——— r(a tos +1) = 0{typs + 205 — epe}r(m )

+v2{ops — (G + 1, +
ta7+a6

+ 0{T1Ps + G1p2 + Tobs + G203 — Ope} ————— —

I'(a7;+ag+1)

= Y1{01p2 6+ 1 +v1)pa}

F(a +oy+1)

Y2)ps}

l"((x +as+1)

V{Y1ps + Y2Ps + 6ps — VD7 }

2a7

2oy +1)°

57

(3.9)

(3.10)
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Now, considering, o; =0, =03 =04 =05 = g = &; = a and substituting the
eq.(3.8), eq.(3.9) and eq.(3.10) in eq.(3.3). We get the series solutions:

S(t) = Ya-0Sa (), E;(t) = ¥a_0 E1n (D), E,(t) = Ya—o Ean (1),
L) = Yoo lin (D), L(t) = Yoo L (D), Q(t) = Y5-00Q,(0), (3.12)
R(®) = X% Ry (D).

4 Results and Discussion

We have considered the SE; E, 1,1, QR model (2.3) using both the fractional Runge-Kutta
fourth-ordered (FRK4) method which is indicated as blue line and the series of this
model solved semi-analytically by fractional Laplace Adomian Decomposition Method
(FLADM) which is mentioned by orange line. We have chosen some values based on
Bangladesh’s demographic and epidemiological data. To generate the graphical
representation of the model, we have set values as § = 0.000042, 8, = 2.7 X 1078 ,
B, =9.99x 1077, o, =0.0039, o, =0.00026, ¢, =7x%x10"% ¢, =9x107°,

7, =412x 1071, 7, =9.99 x 1075, v = 1.11 X 1075,0 = 1.42 x 10~%,and y, = —,
14

Y, = % (Kim et al., 2024) with initial conditions S(t) = 1.6 x 108 (Worldometer),
E;(t) = 5000, E,(t) = 1000, I,(t) =100, L,(t) =1, Q(t) =50, R(t)=5. The
approximate solution of the series (3.11) after substituting the values we get as follows:

591.84t%  86.9062t%%

S = 16107~ fatD | rearn T
E;(t) = 5000 + 4?2(::6_;” 5;.(725033;01 .
E,(t) = 1000 + 1?‘2511;“ 33;:20£j§ja .
=100 + 2 S+
e
Q(t) =50 — 0.0369571t* | 0.00433908t%% .

I(a+1) I(2a+1)
7.19999t% = 0.892843t%%
I'(a+1) ra+1)

R(t) =5+

To analyze the population dynamics under the influence of different fractional orders,
we have used Mathematica 11.3 Version and taken the values of «, which are 0.5, 0.7,
0.9, and 1 over 0 to 60 days. In fig. (1), we have shown the visual representation of the
susceptible population without symptoms. fig.(1a) explains that for & = 0.5, slight
derivations between FLADM and FRK4 were observed on the other hand for a = 0.7
they are converged. For ¢ = 0.9, FLADM and FRK4 initially show some convergence but
eventually diverge in fig.(1c). Same outcomes present for ¢ = 1 in fig.(1d).
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— REA4 for S(t)
— LADM for S(t)

Population

Tim-rnl:,\s!
(a) Comparative visualization of analytical and
numerical solutions, 0-60 days at @ = 0.5.

— RKA4 for Sit)
— LADM for St

Population

Time (days)

(c) Comparative visualization of analytical and
numerical solutions, 0-60 days at &« = 0.9.

— RE4 for Sit)
~— LADM for S(t)

Population

rhm}h;;»
b) Comparative visualization of analytical and
numerical solutions, 0-60 days at a = 0.7.

— RE4 for St}
— LADM for Sit)

Population

Tinerlrh!xh
(d) Comparative visualization of analytical and
numerical solutions, 0-60 days at a = 1.

Fig. 1: Susceptible Population S(t)

Fig. (2) represents the exposed population who are not showing symptoms but may be
infected for strain 1. As in fig.(2a) displaying variations between FLADM and FRK4 method

conversely fora =

fig.(2c) reveals the slight gap between FLADM and FRK4 technique ata =

0.7 two lines are conjunct with each other in fig.(2b). The illustration of

0.9. According to

fig.(2d), the difference between the simulations increases by 3% from the previous figure.

— RK4 for Eyit)
— LADM for Ejit)

— RK4 for Eyit)
— LADM for Eyit)

Population

Time (days)

(a) Comparative visualization of analytical and
numerical solutions, 0-60 days at a = 0.5.

Time (days)

b) Comparative visualization of analytical and
numerical solutions, 0-60 days at a = 0.7.
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— REKd for Eyit)
— LADM for Ey(t)

— RK4 for Eyit)
LADM for Exin

Population
Population

Time (days) Time (days)

(c) Comparative visualization of analytical and  (d) Comparative visualization of analytical and
numerical solutions, 0-60 days at a = 0.9. numerical solutions, 0-60 days at a = 1.

Fig. 2: Exposed Population E;(t)

Fig. (3) highlights the exposed population carrying viruses but rarely exposing symptoms
for strain 2. The behavior of the solution of FLADM and FRK4 technique at ¢ = 0.5
reflects differing trends. The graph in fig.(3b) indicates the concise view of the methods.
From the fig.(3c), it can be observed that the solution fluctuates after a specific period
fora = 0.9, and the fluctuation increases when @ = 1 in fig.(3d).

— RK4 for Exit)
— LADM for Ex(ti

Tinnrlrl:psl
(a) Comparative visualization of analytical and
numerical solutions, 0-60 days at a = 0.5.

— RE4 for Ex6)
— LADM for Ex(t)

Tinsl’rlz,\s)
(c) Comparative visualization of analytical and
numerical solutions, 0-60 days at a = 0.9.

— RK4 for Exit)
— LADM for Ex(t)

Population

Time (days)

b) Comparative visualization of analytical and
numerical solutions, 0-60 daysata = 0.7.

— REd for Ext)
LADM for Ex(0)

Population

Time (days)

(d) Comparative visualization of analytical and
numerical solutions, 0-60 days at a = 1.

Fig. 3: Exposed Population E, (t)
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The visual representation of fig. (4) reveals the behavior of an infected population
already symptomatic for strain 1. As depicted in the fig.(4a), the methods deviate
significantly from each other at @ = 0.5. Oppositely, the fig.(4b) displays almost
identical behavior for « = 0.7 as they progress over time. Fig.(4c) portraying that the
two methods initially approached each other at @« = 0.9 but then moved apart, and in
fig.(4d), divergency has increased at ¢ = 1.

The presented fig. (5) demonstrates the infected population exhibiting virus symptoms
for strain 2. The diagram of fig.(5a) reflects that the two approaches deviate significantly
from each other for a = 0.5 alternatively at @ = 0.7 the unification of the two
methods occurs as time progresses which is visible in fig.(5b). The visual manifest of
fig.(5¢) declares that at « = 0.9 an initial convergence transitioned into divergence, and
the distance has grown as the value of a increased to 1 that explained in fig.(5d).

— REA for fy1t)
LADM for J(t)

— REéfor Liiti
LADM for fyit)

Population

Time (days) Time (days)

(a) Comparative visualization of analytical and b) Comparative visualization of analytical and

numerical solutions, 0-60 days at « = 0.5. numerical solutions, 0-60 days at a = 0.7.
— RK4 for Lt 1 — REd for Lyt)
LADM for Iyit) LADM for fyit)

Population

Tame (days) Time (days)

(c) Comparative visualization of analytical and (d) Comparative visualization of analytical and
numerical solutions, 0-60 days at a« = 0.9. numerical solutions, 0-60 days at a = 1.

Fig. 4: Infected Population I, (t)
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b) Comparative visualization of analytical and
numerical solutions, 0-60 days at a = 0.7.
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(a) Comparative visualization of analytical and
numerical solutions, 0-60 days at « = 0.5.
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(c) Comparative visualization of analytical and (d) Comparative visualization of analytical and
numerical solutions, 0-60 days at a = 0.9. numerical solutions, 0-60 days at a = 1.

Fig. 5: Infected Population I, (t)
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(a) Comparative visualization of analytical and b) Comparative visualization of analytical and
numerical solutions, 0-60 days at « = 0.5. numerical solutions, 0-60 days at a« = 0.7.
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(c) Comparative visualization of analytical and (d) Comparative visualization of analytical and
numerical solutions, 0-60 days at a« = 0.9. numerical solutions, 0-60 days at a = 1.

Fig. 6: Quarantine Population Q(t)

The plot explains the quarantine population considered hospitalized or home isolation for
identifying the diseases in fig. (6). According to fig.(6a), the FRK4 method and FLADM no
longer align with each other and move apart from the initial point at @ = 0.5. Inversely,
fora = 0.7 primarily, the two methods exhibit close agreement. Noticeable deviation
occurs as the computation progresses for ¢ = 0.9 for fig.(6c) in a similar fashion for
fig.(6d), the methods are convergence for a brief period then divergence occurred at
a = 1. From fig. (7), it can be observed that the approach of two methods for the
population who have recovered from the diseases. The results of the two methods start to
differ noticeably in the fig.(7a) at a« = 0.5. Reciprocally, for a = 0.7, a minimal
discrepancy is observed in fig.(7b) between the results of FLADM and FRK4. From the
fig.(7c) at @ = 0.9 convergence, the methods stay side by side, and for « = 1 there has
early convergence, but divergence reappeared afterward that, visible in fig.(7d).
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(a) Comparative visualization of analytical and b) Comparative visualization of analytical and
numerical solutions, 0-60 days at @ = 0.50. numerical solutions, 0-60 days at a« = 0.70.
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(c) Comparative visualization of analytical and (d) Comparative visualization of analytical and
numerical solutions, 0-60 days at a = 0.90. numerical solutions, 0-60 days at a = 1.

Fig. 7: Recovered Population R(t)

5 Conclusion

In this present study, we deployed a fractional-order mathematical model to examine
the co-dynamics of COVID-19 strains. Approximate analytical solutions were obtained via
the FLADM, and the FRK4 technique was used to compare the results. The impact of
memory on population dynamics can be evaluated after varying the fractional order of a
between 0.5, 0.7, 0.9, and 1. Particularly at a = 0.7, the solutions obtained by FLADM
and FRK4 show a strong agreement with negligible differences between the two
methods, which can explain the precision as well as resilience of LADM in capturing the
fractional dynamics of disease spread. Our findings demonstrate that the fractional
order has a significant impact on the behavior of the system. So, we can say that the
LADM is proved to be an efficient and reliable method for solving FDEs, particularly for
epidemiological applications. Future work could explore the application of LADM to
more complex models, including those with multiple strains, vaccination strategies, and
varying transmission rates under fractional dynamics.
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