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Abstract: Two novel crossover models for breast cancer that incorporate ¥-Caputo fractal variable-
order fractional derivatives, fractal fractional-order derivatives, and variable-order fractional stochas-
tic derivatives driven by variable-order fractional Brownian motion and the crossover model for
breast cancer that incorporates Atangana—Baleanu Caputo fractal variable-order fractional derivatives,
fractal fractional-order derivatives, and variable-order fractional stochastic derivatives driven by
variable-order fractional Brownian motion are presented here, where we used a simple nonstandard
kernel function ¥(#) in the first model and a non-singular kernel in the second model. Moreover,
we evaluated our models using actual statistics from Saudi Arabia. To ensure consistency with
the physical model problem, the symmetry parameter { is introduced. We can obtain the fractal
variable-order fractional Caputo and Caputo-Katugampola derivatives as special cases from the
proposed Y-Caputo derivative. The crossover dynamics models define three alternative models:
fractal variable-order fractional model, fractal fractional-order model, and variable-order fractional
stochastic model over three-time intervals. The stability of the proposed model is analyzed. The ¥-
nonstandard finite-difference method is designed to solve fractal variable-order fractional and fractal
fractional models, and the Toufik-Atangana method is used to solve the second crossover model with
the non-singular kernel. Also, the nonstandard modified Euler-Maruyama method is used to study
the variable-order fractional stochastic model. Numerous numerical tests and comparisons with real
data were conducted to validate the methods’ efficacy and support the theoretical conclusions.

Keywords: crossover model for breast cancer; ¥-nonstandard finite-difference method; fractal
variable-order fractional derivatives; variable-order fractional stochastic derivatives; Atangana-—
Baleanu operator; Toufik-Atangana method

1. Introduction

Breast cancer is a type of cancer that starts in breast cells. Breast cancer often originates
from the epithelial lining of milk ducts or from within the lobules that generate milk. It
is possible for a malignant tumor to expand to encompass additional bodily areas [1]. A
person with breast cancer may have localized malignant cells in one or more breast regions;
these are frequently palpable masses. It is possible for cancer to spread in either one or
both breasts. On rare occasions, breast cancer spreads to other parts of the body, including
the liver, skeleton, etc. Breast cancer is the second most common type of cancer globally,
affecting women globally after lung cancer [2].

Physicians use a variety of strategies to treat cancer to either destroy cancer cells or
stop them from proliferating. Strong medications are used in chemotherapy treatments to
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destroy aberrant cells, but these treatments have negative effects on the patient’s heart, a
condition known as cardiotoxicity [3].

Scientists and researchers have proposed many theoretical and mathematical studies
to investigate breast cancer dynamics [3-8]. For instance, the authors in [4] formulated
a mathematical model to understand breast cancer in the population of Saudi Arabia.
This study intended to reduce the number of cardiotoxic patients and raise the number of
patients who recover following chemotherapy, which will aid in public health decision-
making. In [3], the authors formulated the dynamics of cancer in the breast with adverse
reactions of chemotherapy treatment on the heart of a patient in the fractional framework to
visualize its dynamic behavior. Also, the authors in [8] developed, analyzed and simulated
fractional mathematical models to investigate the transmission dynamics of different
phases of breast cancer. The suggested breast cancer model incorporates three often-used
fractional operators in epidemiology: Caputo, Caputo-Fabrizio, and Atangana-Baleanu
Caputo operators.

Recent studies revealed that traditional fractional- or integer-order equations are
less accurate than differential equations incorporating piecewise equations. Piecewise
derivatives and fractional calculus’ short memory idea are comparable. A number of
worthwhile studies were recently released (see [9-11]).

The generalized Y-Caputo operator is a flexible fractional derivative that provides
a logical framework for dealing with a wide range of practical problems, where we can
obtain the Caputo, Caputo-Katugampola, and Caputo-Hadamard derivatives as special
cases from the proposed derivative. It has been successfully applied in many scientific
domains, such as engineering, physics, and mathematical modeling [12-14]. Its versatility
allows us to address complex systems and phenomena in a unified manner. For additional
information, see [13]. It is particularly helpful for simulating systems that display memory
effects and nonlocal behavior.

These days, engineering and science use the Caputo, Caputo-Fabrizio (CF), and
Atangana-Baleanu (AB) fractional and fractal fractional operators extensively for modeling
issues [15-23]. These operators are used by researchers worldwide to solve a wide range of
issues. Real-world issues with actual data are of interest to scientists because they can be
fitted with models to forecast the dynamics of a phenomenon in the future. These actual
settings might be more suitable for future results than previously thought.

In this study, we will combine piecewise differential equations with the ¥-Caputo
fractal fractional-order and fractal variable-order fractional derivatives with variable-order
fractional stochastic derivatives driven by the variable-order fractional Brownian motion
derivative to form a new system for breast cancer that is presented for the first time in this
paper. Moreover, we will present a second crossover model with a non-singular kernel,
where the second crossover model for breast cancer that incorporates Atangana—Baleanu
Caputo fractal variable-order fractional derivatives, fractal fractional-order derivatives,
and variable-order fractional stochastic derivatives driven by variable-order fractional
Brownian motion. We will discuss the stability study of this system. Moreover, we will
develop numerical methods called the Y-nonstandard finite-difference method (Y-NSFDM)
and the nonstandard modified Euler-Maruyama method (NMEMM) to study the behavior
of the resulting solutions. Also, we will use the Toufik—Atangana (TAM) method to solve
the second crossover model with a non-singular kernel. We will compare the results
obtained with real data from the Kingdom of Saudi Arabia from 2014 to 2016. The proposed
crossover models will be defined in three time periods, where the fractal fractional-order
system will be studied in the first period, the fractal variable-order fractional system will
be studied in the second period, and the variable-order fractional stochastic system will
be studied in the third period. We will present several numerical simulations for different
values of the nonstandard ¥ (¢) function, as well as fractional and fractal variable-order
fractional derivatives.

The article is presented in the following structure. Section 2 provides the relevant
definitions of fractional calculus and fractal variable-order ¥-Caputo derivatives. Section 3
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proposes two crossover models: the first one is a new generalized crossover breast cancer
system with fractal fractional-order Y-Caputo, fractal variable-order Y-Caputo derivatives,
and variable-order fractional stochastic derivatives driven by variable-order fractional
Brownian motion (VFBM) over three time intervals; and the second one is based on Mittag-
Leffler laws. Also, the stability of the proposed model is discussed. Section 4 focuses on con-
structing the Y-nonstandard finite-difference method (Y-NSFDM) to solve fractal variable-
order fractional and fractal fractional models and TAM to solve the second crossover model
with a non-singular kernel. Also, the nonstandard modified Euler-Maruyama method
(NMEMM) is used to study the variable-order fractional stochastic model. Section 5
presents the numerical simulations of the proposed model. Finally, Section 6 provides a
conclusion summarizing the key findings and contributions of this study.

2. Preliminaries and Notations

In this section, we recall some important definitions of the fractional calculus used
throughout the remaining sections of this paper.

Definition 1 (The fractional integral of ¥-Riemann-Liouville [24,25]). Let f : [a,b] — R be
integrated; 0 < u,and ¥ € C'([a, b)) be an increasing function such that ¥’ # 0, for all t € [a, b].
The fractional integral of ¥-Riemann—Liouville of f with order y is defined as

70 = s [ FOY OO =) s, >0 8

where T'(y) is the Gamma function. Note ¥ (t) = t and ¥ (t) = Ln(t) in Equation (1) is reduced
to the Riemann—Liouville and Hadamard fractional integrals, respectively.

Definition 2 (The ¥-Riemann-Liouville fractional derivative [24,25]). Let n € N and let
¥, f € C"([a,b],R) be two functions such that ¥ is increasing and ¥’ # 0, for all t € [a, b]. The
Y-Riemann—Liouville fractional derivative may be calculated using the following:

RDLY () = (g jp aui"‘”f(t)
:F( ‘P’dt /f S)¥/(5) (¥(£) = ¥ (5)) "+ Vs, @

where n = [u] + 1.

Definition 3 (The fractional derivative of ¥-Caputo [26]). Let f,¥ € C"([a, b],R) be two
functions such that ¥ is increasing, and 0 # ¥/, for all t € [a, b]. The fractional derivative of
Y-Caputo with order y is defined as

D) = ;" (g )£ ()
o AT O ¥ ) Vs ®
where £y (£) := (3 )" F(8),n = [ + 1.

In this paper, we will extended the fractional ¥-Caputo [26] derivative to fractal
fractional-order and variable-order ¥-Caputo derivative as elucidated below.
First, we can define the fractal Y-Caputo fractional derivative as follows [15]:

n—uv,¥Y 1 d

CDZ::‘PJC( t) = atl; (11;/ ﬁylf(t)
¢ gn)
T(nl— i s g (6)w(t) —w(5)) "+ Vs, @
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Also, the fractal variable-order ¥Y-Caputo fractional derivative given as follows [15]:
Hu(t),¥ ¢ dfim L
ORI () = oy S B () (¥ (1) — ¥ (s) Vs, (5)

It follows from (4) and (5) that if ¥(¢) = ¢, the fractal fractional-order and variable-order
¥ (t)-Caputo derivatives become the well-known Caputo fractal fractional- and variable-
order derivatives. Moreover, if ¥(t) = ¢, € > 0, the fractional-order and variable-order
fractal ¥ (t)-Caputo derivatives become the well-known Caputo-Katugampola fractional-
and variable-order fractal derivatives.

Definition 4. Based on the Mittag-Leffler-type kernel, one may find the fractal fractional derivative
of f(t) with the order of u using the method of [27] as follows:

AB(p) [t df(s) (t—s)"

ABCryuyv — _

DM (1) 1—;4/0 B oo ) ©6)
suchthat0 < y,v <1, AB=—pu+1- %}4)’ and the Mittag-Leffler function is an entire function
defined by the series E,(X) = Y2 %

Definition 5. If f(t) is continuous on (a, b) with order v, then the fractal fractional integral of
f(t) with order y and teh Mittag-Leffler kernel is defined as follows [21,27]:

v t v(l — (v—-1)
ABI”'Vf(t) _ r(y)]qu(y) /0 f(s)svfl(t—s)”flds—l— (1 Kl)gt(ﬂl) f(t) @)

3. The Piecewise Mathematical Model
3.1. Breast Cancer Model Based on Fractal (Fractional and Variable Order) ¥Y-Caputo Derivative

Using the concept of a piecewise differential equation system, the mathematical model
of breast cancer [4] was expanded to a Y-Caputo piecewise fractal fractional-order—fractal
variable-order—fractional stochastic breast cancer model. The deterministic model extended
the fractal fractional derivative using the Y-Caputo operator in the range 0 < t < #;
and using the fractal variable-order Y-Caputo operator in the range t; < t < t;. In the
interval < t < Ty, the variable fractional stochastic differential equation (VFSDE) is
expanded. A new parameter ( is introduced in order to be compatible with the physical
model problem. Furthermore, we avoid dimensional incompatibilities by incorporating an
additional parameter, {, into the variable-order fractional model [16]. Table 1 shows the
definitions of all system variables. The system that is produced can be expressed as follows:

g1CDI" By, = A+ (0+)Bra,

gr1CDI" By =T 4 uB; +0Br — (0 +u1+x+x)Bs, H >t>t,
gr=1CDI""¥B, = Q4 uyBs + ®Bg — (5 + w + T)By, (8)
g+=1CDI"" Y B = gByy + B3+ TBy — (8 + @ + £)Bg,

gr=1CDI" Y B = EBg + wBy + kBs — B,

with initial conditions

Bia(to) = b1z, > 0, B3(to) = b3, > 0, B4(to) = bg, >0,
Br(to) = br, > 0, Bg(to) = bg, > 0. ©9)

In tp >t > t1, the model can be expressed as follows:
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By =A+(¢+v)Bp,

gr-1Cprv ¥ Py B+ 0B — (0 4+ K+ X)Bs, >t > H,

By =Q+ B3+ PBr— (0+w+T)By, (10)
grO-1Cpr OO g — 0By 4 0By + TBy — (8 + P+ &)Bg,

gr-1cphtt vO¥p. ¢BR + wBy + kB3 — B,

Bia(t1) = b1z, > 0,B3(t1) = b3, > 0,By(t1) = by, >0,
Br(h) = le >0,Be(h) = bEl > 0. (11)

In Tf >t > tp, the model can be expressed as follows:

dBiy = (A+ (0+v)Brp)dt + o1 BipdW{T,

dBy = (I'+vBjp + OBR — (U+H1+K+X)B3)dt+0’233dWH*, Tf >t > 1,

dBy = (Q+u1Bs + PBr — (6 + w + T)By)dt + 3By (t)dWE, (12)
dBr = (0B12 +0Bs + 1By — (8 + @ + &)Bg)dt + o4 BrdW/T',

dBr = ({BRr + wBy + kB3 — yBg)dt + 05BpdWH",

with
Bia(f2) = b1z, > 0, B3(t2) = b3, > 0, B4(t2) = by, > 0,
BR(tz) = sz >0,Be(t) = bEz > 0. (13)

where patients with cancer who are in stages one or two of the disease are represented by
A. Individuals in I" are those with stage three cancer. Patients in the fourth stage of cancer
make up ). Let ¢ be the stage one and two recoveries following chemotherapy. o represents
the third stage of chemotherapy recovery. T represents stage four of chemotherapy recovery.
Individuals with poor health are admitted to the stage four population, denoted by y;. Let
v be the number of students in the B3 class that are ill. Patients in x are those receiving harsh
therapy that causes cardiotoxicity. w represents the number of individuals experiencing
cardiotoxicity due to phase four. § represents patients who are disease-free but have
undergone significant cardiotoxic treatment. x represents death from cancer at stage three.
¢ represents stage four cancer-related death. # is the mortality rate of cardiotoxic patients.
Let @ be patients who fall back to stage three. ¢ is when people fall back to stage four.

Table 1. The system’s variables [4].

The Variable Description
By Patients with stage one and stage two breast cancer.
B3 The group of people with stage three breast cancer.
By The group of people with stage four breast cancer.
Br Number of breast cancer patients in a state free of the disease.
Bg Patients with cardiotoxic breast cancer in the population.

3.2. Breast Cancer Model Based on Fractal (Fractional and Variable Order) Mittag-Leffler Laws

gH1ABCDI B, = A+ (0 +0)Bya,

gH1ABCDIY By =T+ 0B+ 0Br — (0 +pu1 +x+x)B;, 0<t<t,
gH1ABCDIYBy = Q + B3 + ®Br — (6 4+ w + T)By, (14)
gn-1ABCDIYBR = 0B1p 4+ 0B3 + TBy — (¢ + @ + &) Bg,

gn-1ABCDIBE = ZBr + wBy + kB3 — 1B,
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with initial conditions
Bia(to) = b1y > 0, B3(to) = b3, > 0, By(tg) = bsy >0,
BR(to) = bRo >0, BE(tO) = on > 0. (15)

In t, >t > t;, the model can be expressed as follows:

gHn- 1ABCDH(t)V(t)B12 = A+ (0+0)Bro,

grO-1ABCpr Vg T 4B, + 9Br — (0 + 1 + K+ X)Bs,  tr > t>t,
gr=14Bcpr v — 4 1y By + ®Bg — (5 + w + T)By, (16)
grn-14BCpHv() BR = 0Biy + 0By + TBy — (8 + @ + &) Bg,

OB 1ABCD”“) "B = ¢Bg + wBa + kB — 5B,

Bia(t1) = b1z, > 0,B3(t1) = b3, > 0,By(t1) = by, >0,
Br(h) = le >0,Be(h) = bEl > 0. (17)

In ) <t<Ty, the model can be expressed as follows:

dByy = (A+ (0 +v)Bip)dt + 0y BppdWiT,
dBy = (I'+vBjp +OBg — (U'+]/11+K+X)B3)dt+0’233dW2H*, Tf >t >t3,
dBy = (Q+ B3+ ®Br — (6 + w + T)By)dt + 03By (H)dWIT, (18)
dBr = (0Byp + 0B3 + By — (0 + ® + &)Bgr)dt 4+ 04 BrdWIT",
dBr = (ZBR + wBy + kB3 — yBg)dt + 05BpdWH",
with
Bia(f2) = b1z, > 0, B3(t2) = b3, > 0, B4(t2) = by, > 0,
BR(tz) = sz >0, BE(tz) = bEZ > 0. (19)

3.3. The Points of Equilibrium and Their Analysis
We put the following as the equilibrium point of the model (8):
Cpi¥ By, = DY By = CDI""¥ B, = DI T B = CDI" Y B = 0.
Then, the equilibrium point of the model given by Q = (B1a, B3, By, By, Br) may be ex-

pressed as follows:

B o T ey
F=(w+6+1)0+ (P+¢)(w+d)+CT|Tv+ (w+d+T)A+ Q1)d
+oA | (P +¢)(w+ w) + ¢,

Fo= (i +x+x+0)@+p(0+8) + (0 +x+x)¢ + 9k +x) (v +0)Q

[y1<A+F> +(+x+x)A+0T | D+ T+ 3T+ A)uy)o




Symmetry 2024, 16, 1172 7 of 21

+ | +pm)+m(E+9)|[(A+T)v.

FB=|(m+x+x+0)A+0(Q+T)+Tu + Qx4+ p1 + x)7

+((pm+x+r+0)A+To(w+9))|o

+o|A(c+m)+o(Q+T)+ou+Qt(p+x+x)+ (w+o0)(T+A)o

7

Fy= |k(T+Q+A)+A(c+pu+x) +T(0+ 1) + Q(p1 + x +x) | 0w

+u( P+ +(+x)|[A+ |m(O+D)+Po|T+ [u1(P+08)+ x0+ D0+ x) | Qwo

+H kT +Q+A)+(T+A)(o+m)+ (41 +0+x)Q|wev

+|k(Q+T+A)(P+ )+ (1 (P +9) + Po)A | vw+

(M (P+0+ Do) T+ (1 (@+9) +8x + (c+ x)P)Q|wv

+|A(T+0)+T(t+0)+ 1)k + (t+ ) (c + x + ) | Ao

+ | (T(0 + 1) + 00)T + 7O (0 + p1 + x) | €€ + grex

ON(T+6)+ (0T +8(P+09)) T +PTQ| +&v | ((0+T)(T+A)+1Q)Ak(T(0+ 1) +00)

+0¢ | (t(o+p1) + )T +TQ(0+ &+ py) | +

vk [ (0T + (0 4+ P)O)A+ (0T + (D +9))T +9Q7

FE=Ct+dé+w)x+m+o+u)+ |[(x+x)(8+P)+ 10+ D(c+u1) |0+

X+©)O+P)+u0+D(uy +0) |w+ 8k + ).

Theorem 1. The breast cancer model (8) shows local asymptotic stability.

Proof. To prove this theorem, we follow the below steps.
First, we compute the Jacobi matrix at the equilibrium Q as follows:
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—71 0 0 0 0
v —Zz 0 9 0
J(Q) = 0 W —Zs N 0
0 o T ®-7Z4 0
0 K w ¢ -9
Second, we compute the characteristic equation at Q as follows:
—Z1—7 0 0 0 0
v —Zy— 0 14 0
IJ(Q) —~I| = 0 I3 ~Z3— @ 0
0 o4 T D —Zy—v 0
0 K w ¢ —n=7

where
Zi=(0+v), Zpn=(+m+r+x), Zs=00+w+7t), Zy=0+D+7).

Then, two negative eigenvalues, —Z; and —7, are found in the characteristic equation
for J. The remaining three eigenvalues with negative real parts are determined using the
equation expressed as
PV + A1y + Agy + A3 =0, (20)
where
A\=2Z1+7Z3+C+ 9, Ay = Z4[Z2(1 -5y — 53) + Z3(1 — 5y — 54)] + Zr73,
Az = Zp737Z4(1 - Sp),

and

S u 0t <@ do Do
07 7,737, " Zy T ZaZs " Z4Zs
U9t ) o Do
1= ’ SZ = = S3 - , S4 == .
207374 Zy ZoZ4 2473
We can demonstrate the following:
A1Apy — Az >0,

A1Ay — Az = Z3[Z4(1 — Sp — S3) + Z3] + Z3Z4(—S3 — Sy + 1) (E + Z3 4+ 9)
+ZZ4(E+8)(—S3 — Sy +1) + 2,73 > 0.
This guarantees the locally asymptotically stable nature of the breast cancer modelat Q. [

4. Numerical Methods for the Proposed Models
4.1. Y-NSFDM

We present numerical methods in this section to solve (8)—(12) numerically. We
consider the general form equation of the crossover (fractal fractional-fractal variable
deterministic-variable-order fractional stochastic) model derivative as follows:

CDPVEY(H) =d(Y, 1), 0<t<t, 0<u<l,

21

Y(0) = Yo, @

CprOVIOXWOY (1) =D (Y, 1), t1 <t <ty 0<u(t)<1, 2
Y(t) =Y

AY(t) =(P(Y, t))dt + oY (AW (1), t, <t <T, 05<H* <1, 23

Y(t3) = Y3,
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such that W(t) is the typical Brownian motion, H* is the Hurst index, and ¢ indicates the
stochastic environment’s intensity.

In the following, we expand on the discretization of (3). We divide the interval [a, T
intoa =t <t <...<t <ty <...<ty =T, with uniform mesh h = t; ;1 —
ti, j =01,...,N—1. Weput¥(t) = (¢t+A)°in (3) and f(t) = Y(t). By using the
nonstandard method to approximate the derivative Y (¢), @(h) is the positive function,
0 < @(h) <1,[28] ¢, A, € are constants. Using [29,30],

1
DRV (1) zvtTlCD%‘Pw), 0<t<t, 0<wuv<l,

(24)
Y(0) = Yo,
and
CDMYY(t) =vt'ICDFVEY (1), 0<t<t, 0<pv <1,
(25)
Y(0) = Y,.
Also,
CDHOXY () =y () O-1CDROVOYY () 1 <t <1, 0< pu(t),v(t) <1, 26)
Y(t) =Y,
_— (o)t &t (g(tii) A (Y () — Y (k)
Dt Y(t)|t:t]- *71"(71 —]1) kz(y/tk (D(h)
X (¥(tig1) —¥(s) "D (s)ds, (27)
C ¥ (o)t & (elti) A (Y () — Y(H)
POl =r & o (h)
[ (W lh10) — ¥ 0 s)as, 8)
CymY _ (ge)_l J . € e\n—
DI (Ol=t = 3T (e = 1) kgowukm—Y(tk>><<g<]+1>h+A> — (gkl + A)e)"#
— ((¢(j+ 1)+ A)¢ = (g(k+ 1)+ A)€)"F(g(tiq) + A) 7. (29)
Also,
(1), ¥ . (eg)il I . €
“DF YW=ty = G ey 2 Y tee) =Y (G + DR+ )
— (ckh +A))" O — ((g(j + 1)l + A)°
— (glk+ 1)k + 1)) FO (gt iq) + A)L7E, (30)
and
DI Y (1)) 1y, = (e)”" imt ) =Y (1)) (g (j + 1)h+ A
f V()T (-t D) S ¢
— (ckh +A))"F — ((¢(j+ 1)k + A)F
— (g(k+ 1)1+ A))" T (g(tsr) + A) 1. (31)

To solve (21) by using (25) and (31) with nonstandard finite difference method, we have
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-1 j

(ce) , . .
oT(n—p+ 1) k;)(Y(tkH)—Y(tk))((c;(1+1)h+A) — (ckh + AYE)nH

— (6 +Dh+ 1) = (¢(k+ D)+ 1)) ((tes1) +A)C = vt I D(Y ). (32)

We have
1 =1
Yl =) o T (G T Dk T A — (gl T A
% (Y(tn) — Y(8)) (6 + D+ A)°
—(ckh+ A — (4 1)h 4+ M) — (c(k + D)+ A)E)"

cca(h)(T(n i+ 1)1 o
(et + A< ((cG + V)l + A — (gjh + Ayeyrr i 'O (Y ). (33)

+

To solve (22) using (26), the relevant equations are expressed as follows:

-1 3
S Y (6ltii) + D' (Y () = Y()((Sa + D+ A
v(ti)t, @)L (n = p(ty;) +1) k=j+1
— (gkh + 1)) MUt (¢(j3 + Dl 4+ A)¢ = (g(k+ D)k 4+ A)¢)" 1) = d(Y,,, t,). (34)
We have
1

Y1) =Y U)o e (et + 1 A = (gjah + 1)) HTH)

j3—1

Y (6(tesn) + A€
k=j+1

X (Y(trp1) = Y(t)) ((6(j3 + 1)+ A)E — (ckh + A)€)"=1UE0S) — ((g(j3 + 1)k + A)E
— (¢(k+ 1)+ A)6)r—rt0s) 4

(v(t(ja) ) ~Dgel (n — p(tiy 1)@ (h))
(Gtips1 + M1 ((c(ja + 1)l + A)e — (gjsh + A)e)n—#(t()

DY), 15,). (35)

4.2. NMEMM
In the following, we use NMEMM, [31] to solve (23) as follows:

Y+1 =Y}, + (@Y, t,))@(h) + Y;,AW;, +0.5Y;,@(h)*H
Tf2f>t2, ja=j+1,...,N. (36)

Stability of the Proposed Method

To analyze the stability of a numerical method for the ¥-Caputo derivative, we con-
sider a simple fractional differential equation (FDE) involving the ¥-Caputo derivative
as follows:

CDrYu(t) = f(t,u(t)), te|[0,T], (37)

with initial conditions u(0) = uy. Now, by using a nonstandard finite-difference method
to discretize the Y-Caputo derivative and the discretized form of the FDE at grid points
t; = ih, we have the following:



Symmetry 2024, 16, 1172

11 of 21

N
=
|
-
>
=
@
)
-=
s]
-
N
I

where w; ; are the weights determined by the discretization method, and u; approximates
u(t;). For linear stability analysis, we consider the linear test equation:

CD}"qju(i‘) = Bu(t),
where E is a constant. The numerical scheme for this test equation becomes
1 i

—— ) w;i(ujy1 —uj) = Eu;.

x(h)® ];) ij\Uj j i
To analyze the stability, we examine the growth factor G defined by

u; = Gluo.

We substitute u; = G'ug into the following numerical scheme:

1 ! . . —
7){(}1)}4 2 wi,j(G]Huo — G]uo) = EJGIM().
j=0

Both sides are divided by G'ug as follows:

1 L s 1
- w::GHG =1 <
o LS (@l

x(m)H

i . .
2 wi,jGjilJrl‘ = |E|
j=0

For stability, the magnitude of the growth factor G should be bounded, i.e., |G| < 1. This
implies that the eigenvalues of the matrix representing the discretized system should lie
within the unit circle in the complex plane.

Practical Stability Considerations

*  h: The choice of the step size h significantly affects stability. Smaller step sizes generally
improve stability but increase computational cost.

*  Weights w; ;: The stability also depends on the specific form of the weights w; ;.

e Function ¥(#): The function ¥ (#) influences the stability through the term ¥’ (s). The
proper selection of ¥ () can enhance stability.

4.3. Numerical Method for Crossover Non-Singular Kernel Fractal (Fractional-Variable)
Order Models

Toufik—Atangana Method
First, we approximate the deterministic fractal (fractional-variable) order breast cancer
models, which is given as follows:
We rewrite the deterministic fractal fractional breast cancer model as follows:
gH1ABCDEB, = vt (A + (0 +v)B1a),
g 1ABCDEBy =t I (T4 vBp+9Br — (0 +pu+x+x)Bs,) 0<t<t,
gr14BCDEBy = vt (Q + uBs + ®Br — (0 + w + T)By), (38)
gH14BCDEBRr = vtV (oB1y + 0Bs + TBy — (8 + @ + &) Bg),
gr1ABCDEBE = ytv=1(¢Bg + wBy + kB3 — 1BE).

Also, we rewrite the deterministic fractal variable-order fractional breast cancer model
as follows:

V('O (A + (0 +v)Bua),
MOBy = vt 4 B+ 0Bg — (0 +u+x+x)Bs,) H <t<t,
By =v(t)t*O-1(Q+4 uBs + ®Bg — (6 + w + T)By), (39)
Br = v(t)t")"1(oByy + 0Bs 4 TBy — (0 4+ ® + ¢)Bgr),
£ =v()"W7Y(ZBg + wBy + kB3 — nBE).
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AY (1) =(D(Y, t))dt + oY (H)dWH (1), t, <t <T, 05<H* <1,

(40)
Y(t3) = Y3,

such that W(t) is the typical Brownian motion, H* is the Hurst index, and ¢ indicates the
stochastic environment’s intensity. Consider the general form of fractal fractional-order
derivative in terms of Atangana-Baleanu given as follows:

ABCDM X (1) = vt 1d(1, X (1)), 0<t<t, (41)
X(0) = X,

and consider the general form of fractal variable-order fractional derivative in terms of
Atangana-Baleanu given as follows:

ABC" My 1y = ()P O1D (1, X (1), H <t < b (42)

X(1) = X;.

Now, for solving (41), we follow the below steps.
By integrating (41), we have

X(t) — X(0) = AlBE(};)vt’/lcb(t,X(t)) + W /Ot(t —s)F 15D d(s, X (s))ds, (43)
where

X(t) = (Blzl B3/ B4/ BR/ BE)/
X(0) := (B12(0), B3(0), B4(0), Br(0), BE(0)),
@(S,X(S)) = Ki(t/ BlZ/ B3/ B4/ BR/ BE)T, i= 1,2,3,4:,5.

Taking the first equation of the model (38) and by using the anti-derivative of fractal
dimension and fractal order, we have

Bia(t) — B12(0) = AlBE (P; )vt”_1¢(t,X(t)) + m | /O (= s)P1s-Dap(s, X(s))ds, (44)
where

X := (B12, B3, B4, Bg, Bg),
Xo := (B12(0), B3(0), B4(0), Br(0), B£(0)),
(X(S)) = (Kl(t/ B12/ B3r B4/ BR/ BE))/ i = 1/2/3/4/ 5.

Taking the first equation and by using the anti-derivative of fractal dimension and fractal
order, we obtain the following [21]:

Bia(t) — B12(0) = Al];(};)i/tv_lKl(tf Bia(t))+

m /Ot(t —5)! s "UKy (s, Bia(s))ds, (45)

by letting t = t,,1, forn =0,1,2,....

1-— _
B;l;l(t) — Blz(O) = ﬁ(]/;l)l/tz_&Kl(t, BlZ(tn))+

L NS _ 1 (1/—1)
ABC(#)T(#)/O (£ =)' s K (s, Bua(s))ds, (46)
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1-— _
B () — B1a(0) = ”tz+11<1<tn,312<tn>>+

Bl L L K B @)

Let the approximate function be Kj on [ty, t,,11] through the interpolation polynomial as
follows [32]:

K K
Ky= St = tno1) = (= tu),
which implies that
1- L K (t ,B t
B (h) 2312(0)+ABC(];:)l/tz+1K1(tn,Blz(tn)) ABC PN tllm, Broin))
=0
t"‘l
/ " (t - tmfl)(tm+1 - t)yiltgil)dt_
tm
tm
K1(tm71,i12(tm71))/t ) (E = b)), (48)
A=p v " Ky (tm, Bio(t
m=0
Ki(tm—1, Bra(tm—
Im_]’],{_ 1( m—1 h12( m 1))Im,],l) (49)

Now calculating Ln—1, I, we obtain the following;:

tm+1 _ -1
Imfl,}l = /t (t - tmfl)(thrl - t)y 1t£r11/ )dt

= _:l |}hn+l - tmfl)(tn+l - tm+1)y - (tm - tm71)<tn+1 - tm)y]
o y(]/tl—l) [(tn—i-l - tm)’H_l = (tny1 — tm)’H_l} ’ (50)

[
Im,P‘ :/t ' (t_tm)(t_tm+1)y 1t(v 1)dt

= —% [(tm-i-l —tm) (1 — tmr)" — (b — t—1) (g1 — fm)“}
1
T [(tn+l — tug )P = (b — fm)”“] : (51)

Put t,;;, = mh, we obtain

hthrl
Imfl,yzm m+l1-—-mtmn—m+2+u)—m—mtm—m+2+2u)|, ((52)
g = 21— ) (= )= 1+ ) &9
my = ———— | (n+1—m —(n=—mtm—m+1+u)|.
(e -1) :

Substituting the values of (52) and (53) in (49), we obtain
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1 - n th t ,B t
By () = Bia(0) + — P w1k (1, Bia(t) I Y (m 1(tm, B1a(tm))

ABC(p) "*1 T ABC(OT () = h
hH 1 1 i 2 2 2+2
Gy (L) (= m 4 24 ) — (0= m)!(n —m 2+ 230)) | =
t%qu(tmf;l, Bio(tm—1)) y(};lfill) (n4+1—mPt —(n—m)(n—m+1+pu)|, (54)

and similarly for the other classes B3, By, Br, and Bg, we find the same scheme.
Now, to approximate the model (42) in t; < t < tp, we calculate the following:

1- ﬂ(tm)
T ABC (e !

#(tn )V (tny) 2 (t%le(tm,Bu(tm))
ABC(u(tuy )T (1 (b)) w5, h
hy(tm)Jrl
1 (t) (i (br) — 1)

U(tnl)f

1 1
B3 (t) = B12(0) n1 Kitng, Bia(tn,))

+

((np +1—m)#) (ny — m 424 p(tnt))

— (o =m0y — 2425 (1)) |~

tlr/fft_ml_l)Kl(tmflrBlZ(tmfl)) R#(tn-1)+1
h V(tmfl)(?"(tmfl) _1>

(np 41— m)* - — () — ) 1) (ny — i+ 1+ (b)) |.  (55)

Similarly, for the other classes, B3, B4, Br, and B, we find the same scheme.
Remark 1. Concerning the error analysis of this method, we refer to [32] for more details.

Finally, to approximate the fractional stocastic model (23) and (40), we use NMEMM
as follows:

4.4. NMEMM
In the following, we use NMEMM, [31] to solve (23) as follows:

Yousi1 =Yg + (D(Yoy, tny))@(h) + Yoy hAW, + 0.5 yc0 (h)2H D),
Tf2t>t3, ng=mny+1,...,N. (56)

@(h) is positive function, 0 < @(h) < 1, [28].

5. Numerical Simulations

We use the following parameters [4]: T = 0.01, I' = 80, 3 = 90, » = 0.01, ¢ = 0.03,
v =0.034, k = 0.09, w = 0.1, A = 14000, x = 0.0256, c = [0.35 0.5, ¢ = 0.2, 5 = 0.0256,
¢ =0.0256, 9 = 0.03, ¢ = 0.3, 07 = 0.1,00 = 0.2,03 = 0.02,04 = 0.05,05 = 0.02. Also, the
initial conditions are given as follows: By (f9) = 30,000, B3 (o) = 12,300, B4(ty) = 783,
BR(tO) = 334, BE(tQ) =10, @(h) =1- e‘h, ‘P(t) = (gt + /\)6, t = 4, ty = 9, Tf = 150. The
crossover models are being validated against reported cases of stage four breast cancer
among females in Saudi Arabia from 2004 to 2016 [4]. We compared the results of infected
humans obtained from the proposed model (8)—(12) with real data in Figures 1-8. In
these Figures, we chose different values of €,¢, A, i, v, j(t), v(t). We have excellent results
compared with the models in [4]. The proposed model outperforms significantly. Also,
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we compared the results of stage four breast cancer patient incidences obtained from the
proposed model (14)—(18) with real data in Figures 5 and 6. Figure 7 shows the solution
behavior for the considered model (14)—(18), when H*(¢) = 0.98 — 0.0007¢, and v = 0.96,
p = 098, v(t) = 0.96 — 0.001(cos(t/10))? and u(t) = 0.96 — 0.001(sin(t/10))?. Also,
the operators of Y-fractal fractional-order Caputo derivative and Y-fractal variable-order
fractional Caputo derivative are more general than the operators of fractal fractional-order
Caputo derivative and fractal variable-order fractional Caputo derivative, where when
we put ¥(t) = t, we have the operators of fractal fractional-order Caputo derivative
and fractal variable-order fractional Caputo derivative. Also, the proposed operators are
more general than the fractal fractional-order Caputo-Katugampola derivative and fractal
variable-order fractional Caputo-Katugampola derivative, when we put ¥ (t) = ¢, we
have the operators of the fractal fractional-order Caputo-Katugampola derivative and
fractal variable-order fractional Caputo-Katugampola derivative. For our simulations in
Figure 1, we use ¥ (t) = (0.99t +0.97)%%; in Figure 2, we use ¥ (t) = t¢; and in Figure 3, we
use ¥ (t) = t. Figure 8 shows the solution behavior for the considered model (8)—(12) with
different values of y, u(t),v,v(t), and ¥ (t) = (0.99¢ + 0.97)%%. Figure 9 describes the effect
of changing functions ¥ (#) on the behavior of solutions and p(t) = 0.96 — 0.001sin(t/10)?
and v =0.98, u = 0.98, v(t) = 0.98 — 0.001t and u(t) = 0.99 — 0.001¢, 07 = 0.01, 0 = 0.02,
o3 = 0.02, 0y = 0.05, 05 = 0.02. From our results, using a simple nonstandard kernel
function ¥ (t), we outperformed previous classical and fractional models in [4].

4
35 x10

O Real Data

= Approximate soluation

0 | | |
0 5 10 15 20

Figure 1. Breast cancer data from Saudi Arabia compared with the obtained results for (8)—(12)
when u(t) = 0.99 — 0.001t, v(t) = 0.98 — 0.001f, € = 0.98, A = 0.97, ¢ = 0.99, H*(t) = 1 — 0.001¢,
u=099,v=0.99.

35 x10*

O Real Data

251+ == Approximate soluation

0 5 10 15 20

Figure 2. Breast cancer data from Saudi Arabia compared with the obtained results for (8)-(12) when
u(t) = 0.99 — 0.001¢, v(t) = 0.98 — 0.001t,e = 098, A =0, ¢ = 1, H*(t) = 1 —0.001¢, 0 = 0.99,
v =0.99.
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x10°

3.5

25

O Real Data

= Approximate soluation

1

0 15

20

Figure 3. Breast cancer data from Saudi Arabia compared with the obtained results for (8)-(12) when
p(t) = 0.99 —0.001t, v(t) = 0.98—0.001t,e =1, A =0, ¢ = 1, H*(t) = 1—0.001t, u = 0.99,v = 0.99.

g x10¢ ‘
® Real Data
T |=——1=0.99, ;=0.99 1
=—1=0.85, n=0.90
6 |=—y=g0, p=70 1
=—1,=0.96, n=0.75
5 |- .
@ 4F 1
3 1
2- ) 1
1t 1
0 | | | |
0 10 20 30 40

t

50

Figure 4. Breast cancer data from Saudi Arabia compared with the obtained results for (8)-(12) when
u(t) =0.99 —0.001¢, v(t) = 0.98 —0.001¢, e = 0.98, A =0, ¢ =1, H*(t) = 1 — 0.001¢ and different
values of v and p.

35

x10%

© Real Data

Crossover model with ABC

15

20

Figure 5. Breast cancer data from Saudi Arabia compared with the obtained results for (14)-(18) when
u(t) =0.99 — 0.001¢, v(t) = 0.98 —0.001¢, H*(+) = 1 — 0.001¢ and v = 0.98 and y = 0.90.
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4
35 x 10 .

O Real Data

== Crossover model with ABC

20

Figure 6. Breast cancer data from Saudi Arabia compared with the obtained results for (14)—(18) when
#(t) = 0.99 — 0.001¢, v(t) = 0.99 — 0.001(cos(t/10))%, H*(t) = 1 —0.001¢t and v = 0.98 and y = 1.

4 5
7210 . . i ‘ g5 X10

4r O Real Data
NS
1]
3t === Crossover model with ABC
21
1
0 0
0 20 40 60 80 100 120 0 20 40 60 80 100 120
t t
4 4
1610 : . ‘ ; ; 35 10

o 20 40 60 80 100 120 0 20 40 60 80 100 120
t t

Figure 7. Simulation for (14)-(18) with H*(t¥) = 0.98 — 0.0007t, and v = 0.96, u = 0.98,
v(t) = 0.96 — 0.001(cos(t/10))? and u(t) = 0.96 — 0.001(sin(t/10))>2.
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x10*

0 50 100 150

5
5 x10°

4
5 x10°

x10°

0 50 100 150

0

0 50

100 150
t

—— 1=0.99, ;i=0.99, 1{(1)=0.98-0.001t, 11(1)=0.99-0.001t

— 1=0.85, 1:=0.90, »(t)=0.90-0.001(cos(t/10))?, 11(t)=0.90-0.001t

— =80, =70, 1{1)=0.95-0.001(sin(t/10))2, 1(t)=0.75-0.001(cos(t/10))?
— 1=0.96, ;=0.75, »{t)=0.95-0.001t, 1:(t)=0.80-0.005t

Figure 8. Simulation for (8)—(12) with e = 0.98, A = 0.97,¢ = 0.99, H*(t) = 1 — 0.001¢, and different
values of v, y, v(t) and p(t).

25

0.5

x10°

—— U(t)=(0.99t+97)*%®
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— (t)=(0.96t+96)"°

— W(t)=(0.90t+80)*°
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Figure 9. Cont.
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s x10* ‘ x10*

T(t)=(0.99t+97)%%8
—(t)=t 15
0.95

W(t)=(0.99t+97)%%8
—(t)=t
— (t)=(0.96t+96)
— (t)=(0.90t+80)*°

— (1)=(0.96t+96) 0.5

= (1)=(0.90t+80)*%° 1

0 50 100 150 0 50 100 150

x10°

W(t)=(0.99t+97)%8
—(t)=t |
— (t)=(0.96t+96)"°°
= (t)=(0.90t+80)"%°

0 50 100 150

Figure 9. Simulation for (8)-(12) with different ¥ (¢), H*(t) = 1 —0.001¢, and v = 0.98, u = 0.98,
V(t) = 0.98 — 0.001¢ and p(t) = 0.99 — 0.001t.

6. Conclusions

This study focuses on examining two novel crossover models for breast cancer that
incorporate Y-Caputo and Mittag-Leffler laws of fractal variable-order and fractal fractional-
order derivatives. Three models of fractal variable-order, fractal fractional-order, and
variable-order fractional stochastic derivatives are defined in three time sub-intervals. Two
simple numerical methods were constructed to solve the suggested models based on Y-
Caputo derivatives. These methods include ¥-NSFDM to solve the deterministic models,
and NMEMM is used to solve variable-order fractional stochastic differential equations
generated by VFBM. We use real statistical data to validate our models. We have chosen this
generalized Caputo operator for our work for several reasons, including its adaptability,
capacity to capture complicated dynamics, and suitability for modeling fractional-order
systems. Also, we use TAM to solve the second crossover model with a non-singular kernel.
Overall, our Y-fractal variable-order fractional system can be reduced to a classical fractal
fractional Caputo system using ¥(t) = t,¢ = 1,e = 1,A = 0, and fractal variable-order
fractional Caputo-Katugampola derivative when ¥ (t) = t¢,¢ = 1, A = 0. We demonstrated
from comparing our results with real data that it is unnecessary to use non-trivial functions
Y (t) to advance the state of the art.

The current research investigation demonstrates that the ¥-Caputo fractal fractional-
order operator, with a simple nonstandard kernel function ¥(¢) in this model, is one of
the better options among the existing fractional-order operators. We outperform existing
classical and fractal variable-order fractional models in the literature by using a simple
nonstandard kernel function. In future work, we will extend this work to control the
proposed model problem with time delay.
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