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Abstract: This paper proposes and analyzes a class of fractional optimal control problems for lung
cancer therapy, which combines surgical intervention with the administration of autologous ex vivo
expanded immune T lymphocytes. The proposed combined therapy facilitates tumor cell elimination,
enhances patient survival rates, and—by leveraging autologous expanded immune cells—minimizes
adverse effects, thereby enabling the effective treatment of cancer patients at minimal cost. In the
treatment process, according to the individual differences of patients, the treatment plan should be
adjusted promptly, such as adjusting the use of immunotherapy drugs or deciding whether a second
operation is needed, to achieve personalized precision medicine and maximize the treatment effect. In
the numerical solution part, L1 discretization and the Adams-Bashforth-Moulton method were used to
solve fractional differential equations, and the sensitivity analysis of parameters were carried out by
the Latin hypercube sampling method to determine the robustness of the model. In the control part,
a genetic algorithm was used to control the input u(f). We found the optimal u(#) to minimize the
target value.
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1. Introduction

Lung cancer is the most common malignancy in the world and one of the cancers with the highest
incidence, with about 230,000 new cases and 140,000 deaths in 2020 [1, 2]. By 2022, there was
about 20 million new cancer cases and 9.7 million deaths worldwide, including about 2.5 million new
cases of lung cancer. It accounts for 12.4% of new cancer cases and about 1.8 million deaths
worldwide, accounting for 18.7% of all cancer deaths. Due to various factors, such as smoking,
environmental pollutants, and genetic susceptibility [3—5], the number of lung cancer patients is still
increasing. Therefore, the study of lung cancer treatment has become an important direction of
current cancer research. The most important reason for tumor progression is cancer cells’ constant
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proliferation and metastasis potential [6]. Due to the limited level of medical technology in the early
diagnosis and treatment of lung cancer and the relatively backward diagnosis and treatment
technology, such as insufficient biomarkers for early detection, disease tracking methods, and physical
examination [7], many patients with lung cancer are not diagnosed until the advanced stage. When
cancer develops to the advanced stage, the 5-year relative survival rate of patients is 6% [8], which
significantly reduces the survival rate of patients.

Lung cancer is usually divided into small cell lung cancer (SCLC) and non-small cell lung cancer
(NSCLC) [9, 10]. In the past decade, advancements in NSCLC treatment have primarily been driven
by a deeper understanding of the molecular biology of lung cancer [11]. This improved understanding
has led to the development of innovative and effective treatments that have contributed to the overall
survival rates [12]. Treatment options for lung cancer encompass surgical intervention,
chemotherapeutic regimens, radiotherapy, and targeted drug therapies [13, 14]. Dwight Owen et al.
proposed a review of immunotherapy for surgically resectable non-small cell lung cancer
(NSCLC) [15], detailing that patients with NSCLC who were treated with immunotherapy using
PD-1 and PD-L1 monoclonal antibodies in addition to their surgical excision regimen, compared to
standard chemotherapy. This can lead to better outcomes for specific patients. They also mentioned
the use of several other immunotherapy drugs, including combination immunotherapy, chemical
immunotherapy, and chimeric antigen receptor (CAR) T-cell therapy. The efficacy of immunotherapy
across various patient groups, its minimal risk of side effects, and its capacity to generate long-lasting
therapeutic responses represent significant shifts in cancer treatment approaches [16]. In addition to
these methods, there are numerous other strategies for regulating drug dosage, such as maximum
tolerated dose (MTD) and adaptive treatment (ADT), among others. Adaptive treatment is grounded
in Darwinian evolutionary dynamics. It diverges from the traditional maximum tolerated dose concept
by adjusting medication based on the tumor growth rate through interactions between susceptible and
resistant cells. The objective is not to destroy the tumor but to control it by varying dosage and
treatment intervals to prolong therapy response time and patient survival. Adaptive therapy is
increasingly gaining popularity as a therapeutic approach for treating tumors [17].

The tumor microenvironment is characterized by complex fluid interactions that make the
development of cancer therapies challenging [18, 19]. Under constant favorable conditions, normal
cells follow the four basic “rules” of cell cycle regulation and produce new cells through DNA
replication and division [20]. In the literature [21], Bashar et al. proposed an “executable model” that
can be well translated into various quantitative concrete models and can be used as the basis for
developing quantitative models to explain the interactions between various components and proteins
that control the cell during mitosis. The establishment of microscopic mathematical models is of great
significance to understanding the interactions of various substances in the cell microenvironment.
In [22], the authors studied an integer-order kinetic mathematical model of tumor-macrophage
interaction to study the interaction between tumor cells, M1 macrophages, and M2 macrophages by
considering the pro-tumor and anti-tumor effects of macrophages. Geng et al. [23] developed a
mathematical model to predict Kaplan-Meier survival curves of chemotherapy combined with
radiotherapy in patients with non-small cell lung cancer for use in clinical trial design. In the study of
Ophir et al. [24], they proposed a mathematical model for the treatment of ER-positive breast cancer,
introduced two control parameters (drug dose and treatment interval), and described the relationship
among variables, including tumor cells, immune cells, and drug circulation in the body, through
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ordinary differential equations. According to the size of the tumor, the dosage and time interval can be
changed to achieve personalized treatment and improve the therapeutic effect.

Although integer-order differential equations can well reflect the physical basis and interaction
between components, they cannot reflect the “memory” between cells or fractional-order models.
Therefore, in the study of Novdk et al. [25], the differential equation of protein-mRNA concentration
dynamics was proposed to simulate the oscillation process. One of the conditions for maintaining this
oscillation process is that there is enough “memory” in the negative feedback loop to enable the
system to “remember” the recent history. In recent years, fractional calculus has been increasingly
used to model cancer growth. Studies have shown that fractional derivatives can more accurately
reflect cancer progression than integer derivatives [26,27]. Pang et al. investigated an innovative
fractional-order mathematical model that illuminated the population dynamics between tumor cells,
macrophages, activated macrophages, and host cells [28]. Finding that fractional derivatives better
reflect experimental data than integer derivatives, the authors proposed and applied a fractional model
of the lung tumor hypothesis, using mathematical modeling and a forced oscillation technique (FOT)
device to select the optimal clinical decision process for lung cancer management [29]. Ahmed
et al. [30] described how to augment the immune system with antibody cells and use the fractal
fraction operator (FFO) to transform the model into a fractional-order model that mathematically
describes the interactions between tumor cells, CD8+ T cells, dendritic cells, IL2, and anti-PD-L1
inhibitors. In [31], Amilo et al. established a dynamic model between lung cancer cells and immune
cells and added the method of surgery combined with monoclonal antibody immunotherapy in the
study to explore the impact on lung cancer. They used a mathematical model of fractional-order
dynamics to understand the dynamics of the disease, showing that higher fractional-order leads to
faster convergence, and treatment strategies are obtained through feedback control. See the included
references for more lung cancer models [32-34].

Based on existing research on lung cancer and the establishment of a fractional-order lung cancer
model, this paper builds upon the model presented in [31]; we modified the immunotherapy with the
input of monoclonal antibodies to the immunotherapy with the input of in vitro immuno-enhanced T
lymphocytes, which reduces the immune rejection of patients, and also combined with surgical
resection, the treatment results are apparent. According to the adaptive control input and the relevant
parameters of different patients, they can also get different treatment results and plans to achieve
personalized treatment for patients. Compared with the reference [31], this paper gives the specific
results after the addition of treatment under relevant initial conditions and the specific input of
relevant doses. The rest of this paper is organized as follows: In Section 2, we give some definitions
of fractional derivatives and some important theorems of fractional derivatives. In Section 3, we
describe the dynamic interaction between normal cells, tumor cells, and immune cells; the existence
and uniqueness of the solution; and the stability of the equilibrium point. In Section 4, parameter
sensitivity analysis is carried out to explore which parameters have a more significant impact on the
model. In Section 5, the formalization of the optimal control problem is given, and the necessary and
sufficient conditions of optimal control are found. In Section 6, numerical simulation is used to
explain the results in detail. In Section 7, the research results are discussed with those of the
predecessors, and in Section 8, the direction of future work is summarized.
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2. Fundamentals and definitions

Definition 1 [35,36]. The Riemann—Liouville fractional derivative of order @ > 0 for a function
f :(0,00) — R is formulated as

L cdym [T __f©)
m(d_t) o oot ds, 0<m-l<a<m

RL nya —
Oth(t)_{(%)mf(t)’ a=m,mé€E N.

Definition 2 [31,35,36]. The Caputo fractional derivative of order a > 0 for the function provided
in Definition 1 is defined as follows:

AR CRLO) B
€D F(f) = M- Jo ymrds, 0sm—-l<a<m
()" f (@), @=m,meN.

For simplicity, we denote the Caputo fractional integral operator D” f(t) as g]Df f(0).
Definition 3 [31,36]. Gamma function.
The gamma function I'(x) is specified for Re(x) > 0 through the following integral:

[(x) = f e dr.
0

Definition 4 [31]. Laplace transform.
When z > 0, the Laplace transform of the function f(z) is denoted as £ f(z)(x) by the formula:

Cf() = fo e f ().

In this context, x represents a complex number that guarantees the convergence of the integral.
Theorem 1 [37,38]. Pontryagin’s minimum principle.
Consider the following optimal control problems:

X = f(t,X(0),u(r)), X(0) = Xo,

where X(f) € R” is the state variable, u(f) € U C R™ is the control variable, U is the closed set
(lu(r)] < U), and f is a continuously differentiable vector function. Construct the target functional:

T
J(w) =0X(T), T) + f L(t, X(1), u(r))dt,
0

where ®(X(T), T) is the final state and fOT L(t, X(t), u(t))dt is the transition cost.
Introducing Hamiltonian functions and costate variables:

H, X, u, D) = L, X, u) + AT f(6, X, u), A= (A1, A, .. ).

Suppose X* is the optimal state, and u* is the optimal input. For optimal control u*, the following
conditions are satisfiedon r € [0,7] :

H(t, X*(),u” (1), A" (1)) = me%l H(t, X*(1), u(t), A*(1)).
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Equation of state:

. oOH

X(t)=—=ft, X", u").

() = o7 = [t X" u)
Costate equation:

. 0H
- — X* * .
AD) = -2 (X5 u', )

Transversal condition:

oo 0o
A e=r = aX—(t), (E + H(l‘)) li=r = 0.

3. Model analysis

3.1. Model frame

The following illustration shows the interactions among immune cells, tumor cells, healthy cells,
and disseminated tumor cells within the scope of lung cancer:

Ty

5, 8, Bi|| B2

S(t) 7 (1) —5
[A

Immune T lymphocyte
concentration

CAR T-cell therapy

Figure 1. Illustrative diagram of a lung cancer model.

In the scenario of lung cancer, the dynamics between immune cells, tumor cells, healthy cells, and
migrating tumor cells can be represented by the subsequent set of fractional-order
differential equations:

d*N N
=rN(1-—)—cNT - 6,NS,
e N ( kl) c 1
deT T
=nT(-—)-pTI-086TS,
de ey 3.1)
der
dr = 'UIO —ﬁle —ﬁ3IS - d],
des
=03TS — B41S.
9 3 Ba
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The variables N, T, and I denote the number of normal, tumor, and immune cells within lung tissue
at time ¢, respectively. The variable S indicates the quantity of tumor cells that have metastasized to
different body areas.

System (3.1) can be used to model how lung cancer develops and spreads. To investigate the
impact of immunotherapy and surgical intervention on lung cancer development and metastasis, we
modified the model as follows:

d*N N
=rN({ - —)—cNT -6,NS,
e - ( k1) c 1
deT T
=nT(1-—)=-BTI-05TS,
dr rT( kz) Bi 2
d*l
@ = uly — BIT —B:;IS —dI + Au(?),
d*s
=03TS — B41S,
g 03 Ba
d*C
=6(t - S —pC.
i (1= 1)¢1S — ¢

(3.2)

Here, C represents the number of tumor cells in lung tissue to be cleared at time 7, and u(¢) represents
the control input function of immunotherapy at time ¢. 6(t — 7) represents a step function with a delay
7. For other parameters, see Table 1.

Table 1. Model parameters and their descriptions.

Parameter Description Unit

r The growth rate of normal cells day™

r) The growth rate of tumor cells day™!

c The destruction of tumor cells to normal cells cell'day™!
0 The lethality of metastatic tumor cells to normal cells cell 'day™!
ki The carrying capacity of normal cells cell

ky The carrying capacity of tumor cells cell

Bi Interaction of immune cells with tumor cells cell 'day™
B2 Interaction of tumor cells with immune cells cell 'day~

Bs Interaction of spreading tumor cells with immune cells cell 'day™
Ba Interaction of immune cells with spreading tumor cells cell 'day™
d The natural mortality of immune cells day™

0y The rate at which cancer cells spread from lung tissue to other sites cell 'day™!
03 The rate of metastasis of cancer cells to other sites in lung tissue cell ' day™
©1 Effect of surgical treatment on the spread of tumor cells day™!

) Effect of surgical treatment on tumor cells in lung tissue day™

A The degree of adaptation to immunotherapy day™

Networks and Heterogeneous Media
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3.2. The existence and uniqueness of the solution

For the initial conditions N(0) = Ny, T(0) = Ty, 1(0) = Iy, S(0) = Sy, and C(0) = Cy, we express
system (3.2) as follows:

DX(@t) = (Wi + NW, + TW;3 + IW, + SWs + CWe)X () + g1u(t) + &, 33
X(0) = Xo, G-
where
N N(O) rr 0 O 0 0 —% - 0 -0, O
T T(0) 0 rn O 0 0 0O 0 0 0 O
Xn=|1|, XO0)=|10)], W, =0 0 -d 0 0of, Wo=10 0 0 0 O0f,
S S(0) 0 0 O 0 0 0O 0 0 0 O
C c) 0 0 0 6¢t—1¢; O 0O 0 0 0 O
0 O 0 0 O 0 O 0O 00 0 O 0 00
0 —I:—i -5 -0, O 0 O 0 00 0 O 0 00
Ws;=[0 O 0 0 Of,Wy=|0 -6, -85 0 0], W;=]|0 O 0 0 0f,
0 O 0 0 O 0 O 0 00 0 =03 —B4 0 O
0 0 0 0 O 0 O 0 00 0 O 0 00
00O0O0 O 0
00O0O0 O 0
W6 =10 0 0 O 0 , &= A , &y = IUI()
000O0 O 0
0000 —p 0

The definitions required for existence and uniqueness are given as follows:

Definition 5 [35,39]. Let D* [0, a] be the space of continuous column vectors X. The elements of
X consistof N, T, I, S, and C, all belonging to ©* [0, a], which comprises continuous functions over
the interval [0, a]. The norm of X within D~ [0, a] is given by the following definition:

I1X|| = sup |e_NtN| + sup |e‘N’T| + sup |e_N’I| + sup |e_N’S| + sup |e_N’C| ) (3.4)
t t t t t

If t > @w > 0, one can write D_[0, A] and D,[0, A].
Definition 6 [35,39]. X € D*[0, A] is considered a solution to system (3.2) if
(1) (X,tr)e D,t€[0,A] where D = [0, A] X O,

0 ={(N.T.1,S,0) € R} : IN| < p,|T| < g, 1| < ,IS| < h,|CI < (3.5)
where p, g, g, h, and z are constants.
(i1) X satisfies Eq (3.2).

Theorem 2. The initial value problem (3.2) possesses a unique solution X € D*[0, A].
Proof. The differential equations in system (3.2) are reformulated according to the principles of
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fractional calculus in Definitions 1 and 2 as follows:

dX(1)

74—
dr

= (Wi + NWo + TW; + IW, + SWs + CWe)X(1) + &1u(t) + &». (3.6)
Operating with I, we have
X() = XO0)+ I*(W; + NWy + TW5 + IW, + SWs + CWe)X(t) + e1u(t) + &). 3.7
Let 7 : ©*[0, A] — D*[0, A] be given by
FX@) = XO0)+ (W, + NWo + TW5 + IW4 + S Ws + CWe)X(t) + g1u(t) + &). (3.8)
Then,

eNU(FY () — FX@) = e N I(W, + NWy + TWs + IW, + SWs + CWe) - (Y — X))

l !
< @ f (t =) e NIy = X)e™N (W, + pWs + qW5 + gW, + hWs
@) Jo

+ZW6)dS
Wi + pWy + gWs + gW, + hWs + zW, tsel
SRR LERE Ll 5Z6-||Y—X||fsds.
N o T'(@)
3.9
That gives us that |FY — FX|| < 222 W2+"W3II§W4+}’W5+ZW" IIY — X|. We make N sufficiently large

such that N* > W, + pW, + gWs3 + gW, + hWs + zWs. Hence, we have ||[FY — FX|| < ||Y — X]|. Thus
the operator F defined by Eq (3.7) has a unique fixed point, and hence Eq (3.3) has a unique solution
X € D*[0, A].

From Eq (3.7), we have

T(@+1)
+ I(0)W4X(0) + S (0)WsX(0) + C(0)WeX(0) + £,u(0) + &)
+ IDW X (1) + NWLX'(f) + N'W,oX(1) + TW5X' (1)
+ T'W3X(0) + IW, X' (1) + I' W, X(10) + S WsX'(F)
+ S WsX() + CWeX'(t) + C'WeX(1) + €11 (1)),

X = X(0)+

(W1 X(0) + N(O)W,X(0) + T(0)W5X(0)

(3.10)

dx@ !
“dr  T()
+ I(0)W,X(0) + S (0)WsX(0) + C(0)WeX(0) + £,u(0) + &)
+ I9W X' (1) + NWLX' (1) + N'WoX(1) + TW;5X' (1)
+ T'WsX(1) + IW,X'(t) + I W, X(1) + S WsX' (1)
+ 8" WsX(t) + CWeX'(t) + C'WeX(1) + €11/ (1)),

(W1 X(0) + N(O)W,X(0) + T(0)W5X(0)

(3.11)
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@ 1

['(@)
+ 1(0)W,X(0) + S (0)WsX(0) + C(0)WeX(0) + £,u(0) + &)

e_NtX/(t) — e—Nt(

(W1 X(0) + NO)W,X(0) + T(0)W5X(0)

+ IOMW, X (t) + NWoX' (1) + NWoX(t) + TW5X' (1) (3.12)

+ T'W5X(t) + IW, X () + I'W, X(2) + S Ws X' (1)

+ S WsX(t) + CWeX'(t) + C'WX(2) + 11 (2))).

From this, we infer that X’ € ©*[0, A]. Subsequently, from Eq (3.4), we obtain
dX(n) d
T = a] (Wi + NWy + TW3 + IW, + SWs + CWe)X(F) + g1u(t) + &), (3.13)
-0 XO _ -0 4 @

I T =1 a] (Wi + NWy + TW5 + IW4 + SWs + CWe)X(2) + e1u(t) + &), (314)
DQX(I) =W+ NWo + TW5 + IW, + SWs + CWe)X(t) + qu(t) + &, (3.15)
X(0) = I'FW, + NWa + TW; + IW, + S Ws + CWe)X(1) + g1u(t) + &) = Xo. (3.16)

Hence, Eq (3.7) constitutes the sole solution to the initial value problem posed in Eq (3.3).

3.3. The equilibrium points

First, we make the right end of the system (3.2) equal to 0, so that D*N = DT = D*] = D*S =
D?C = 0, and therefore

N
D(ZN: I"]N(l - k—)—CNT—élNS = O,
1

T
DT = nT(1 = —) =B TI - 6,TS =0,

ky (3.17)
DI = uly — BoIT — B3IS — dI + Au(t) = 0,

DQS = 63TS —ﬁ4IS = 0,
DC =0t — 7)1 S — ¢,C = 0.

In this part, u(t) = 0 because immunotherapy was not added under the initial conditions. We then
consider the Eq (3.17) when T = O:

rN( - kﬂl) =0,
uly —dI =0,

S =0,

Cc=0.

So we calculate that when N =0, I = "71"; and when N = k;, [ = “710.
For T # 0, Eq (3.17) involves five independent variables and several parameters. We use MATLAB
tools to solve the equations analytically and simplify the results to get the equilibrium points E5 and
E,4, and the conditions for their existence are given through the characteristics of the equilibrium point.

To sum up, we can get the following two balance points:
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(1) Tumor-Free State of Equilibrium:
E; =(0,0,2,0,0),  E=(k.0,%,0,0).
(i1) Tumor-Endemic State of Equilibrium:
E; =(0,T%,1%,0,0), its existence condition is 1 > r, > HaraBiBalou

= (d+kp)? ?
where 1
e k2 d+ [I’%(d + kgﬁg)z - 4k27‘2ﬁ1ﬁ2[0/l]2
2 2 ’
1
ron rad + [l”%(d + ko) — 4k27”2,31,3210,u]2
2 ’
28 281>
_ sk T . s sel : dkaraf1B2lop (1+ry)d
) Ey = (N, T*,I",0,0), its existence condition is 1 > r, > 7T and k, > o’
where

D=

chi(d+koBy) ki |F3d + ko) — 4karaffiBalont]
= +

N** — ,
2r1B> 2rir3,
1
ol _ At [R@+ B’ — dlarspipolon]
T2 26> ’
1
[ rad + [r%(d + kof3r)* - 4k2r2,81,8210,u]2
= — + .
2B 2B15>

3.4. Local stability of equilibrium points

Theorem 3 [35,47]. Consider the following fractional-order system:

d*z
a f(2),z(0) = zo. (3.18)
Let z € R" and @ € (0,1). The equilibrium points of system (3.18) are the vectors z where the
function f(z) = 0. An equilibrium point is considered locally asymptotically stable if all the
eigenvalues A; (i = 1,2,...,n) of the Jacobian matrix J = 'Z—{, computed at the equilibrium point,
satisfy the following criterion:
larg(1)] > 5~ (3.19)

Conversely, if larg(1))| < %, the equilibrium point is unstable.
Now, we use Theorem 3 to analyze the stability of the equilibrium point. The Jacobian matrix of
system (3.2) is:

=3 -cT-6$ —cN 0 0 0
0 Iy — i—: —ﬁll - (525 —,BIT —52T 0
J = 0 e BT —B3S —d sl 0
0 038 —4S 03T —pB40 O
0 0 0 0t —1)p1 —p
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Therefore, the Jacobian matrix at E; = (0, 0, & o 0,0)is

779
0 0 0 0
0 n 0 0 0
JEN=|0 Bt —d - 0
0 0 0 B 0

0 0 0 0t—1)p1 —¢

Its characteristic equation is P(1) = (4 — r)(A = r)(A1 + d)(1 + ﬁ4”710)(/l + ¢,), and its characteristic
root can be solved as A4; = ry, Ao, = 1, I3 = =d, Ay = —54“710, As = —¢py. So for 4y = r; > 0,
Ay = rp > 0, then |arg(Ay)| = |larg(1y)] = 0 < %; and for A5 = —d, A4 = —,84“710, As = —s, since
d, B4, 1, 1y, and ¢, are all greater than 0O, in the complex plane the real axis is negative, and then
larg(A3)| = larg(A4)| = larg(4s)l = n > 5.

Similarly, the eigenroot at the equilibrium point E, = (k;, 0, “710, 0,0)is Ay = —r, A, =1, — B "71“,
A= —d, Ay = B2, A5 = —gy, 50 larg(A)] = larg(As)| = larg(Ap)| = larg(ds) = 7w > 2 for
A =1 =B, when r, > 152 Jarg(A:)] = 0 < 5 and when r, < 8142, larg(A)| = n > Z.

Theorem 4 [31,35]. Consider the following characteristic equation.

P) = 2> + b, 2% + byd + bs. (3.20)

1. For n = 1, the criteria for Eq (3.19) is 0 < b,.
2. For n = 2, the criteria for Eq (3.19) are the Routh—Hurwitz conditions

bi,by, b3 > 0 or bibs > 0,b, <0, 4b,b3 > b2, |tan™!(4b, b3 — b§)| > .
3. For n = 3, the criteria for Eq (3.19) are the Routh-Hurwitz conditions

by >0, 2850 > 0, BE=R >,

Therefore, satisfying these conditions implies that all eigenvalues possess negative real parts,
signifying the system’s stability. Let us now address the issue of the local stability of the equilibrium
point E5 = (0,77,1",0,0). The Jacobian matrix of system (3.2) evaluated at the equilibrium point E;
is as follows:

fi 0 0 0 0
0 f BT —0,T" 0
J(E3) =0 —BI" [z —B3I" 0|,
0 0 0 fu 0
0 0 0 Q(I — T)cp1 f35
where
f31 =rn- CT*,
3r £ £
fo=r- k—zT -pil,
2

fiz =B —d,

fra =0T = Bul”,

f35 = ()
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So we obtained the feature matrix at E5 as follows:

A= fa 0 0 0 0
0 A= fnn pBiT* 0, T* 0
AE — J(E3) = 0 Bl - f33 Bl 0].
0 0 0 A= fa 0
0 0 0 —-0(t—1)p; A

The characteristic equation is P(1) = (1* + by A% + b>A)(A* + b3A + b,), where

by =" =Bz +)T" =1y,
by = (r1 + T BT = Bal”),

3
b3 = (,82 + %)T* +ﬁ11* +d- r,
2
® 3r2 * e
by = —[(BT" + d)(ry - . =Bid") + BT I7].
2

Theorem 5 [35]. The equilibrium point E5 is deemed to be locally asymptotically stable provided
that at least one of the subsequent conditions is satisfied:
1. The Routh-Hurwitz conditions by, b,, b3, by > 0.
2. b1,by > 0and 0 > by, 4by > b2, |tan~!(4b, — b2)| > <.

Likewise, the Jacobian matrix of system (3.2), when computed at the equilibrium point Ey4, is
expressed as follows:

fu —eN* 0 &N 0
0 fauo =BT =6T" 0
JE) =0 =B fi3 —BsI* 01,
0 0 0 fu 0
0 0 0 0t — 1)1 fas
where ;
i
3r kg sk
Jo=r— k—zT Bl
2
ﬁ3 - _ﬁZT** - d7
Jaa = 63T = BuI™,
ﬁS - 09

so we obtained the feature matrix at £, as follows:

A= fy  cN* 0 5 IN*
0 A—fn BT 6T

~ O O O O

AE-J(Ey)=| O BoA™ - fa3 Bl
0 0 0 A= fu
0 0 0 —0(t — )y
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The characteristic equation is P(1) = (A% + [; 4> + [,A)(A> + [34 + I,), where,

3
ll = %N** +,84I** - (ﬂg, +C)T** - Ty,
1

b= (= SN+ cT™)BT™ = Bal ™),
1
3
l3 = (ﬁz + %)T** +ﬁ11** +d—rp,
2

3r
Iy = —[(BT* + d)(rs — k—2 — B + BB T 1],
2

When Ej5 and E, satisfy Theorem 5, they are locally stable.
From the above, we can derive a summary table of equilibrium conditions for the equilibrium point
to reach a stable state (Table 2):

Table 2. Equilibrium stability condition.

Equilibrium point Stable condition
E; =(0,0,2,0,0) It is not stable.

E, = (k1 ,0, ”71“, 0, 0) Locally asymptotically stable when r, < 5, ”71“.
r1+(ﬁ3+c)T*

E;=(0,T",1",0,0) Locally asymptotically stable when 5, >

3y " ki1 I*(BT* 1)
Bo+ T +Bil" +d > 1y > G les > 0.

Ey=(N",T,I",0,0) | Locally asymptotically stable when %N** + Byl — (B3 + )T > r >
Ck]T** 37‘2 EE3 Kok klﬁll**(ﬂzT**—l) ﬁ41**

3N**—k1’(ﬁ2 + E)T +ﬁ]1 +d > 1) > m > O,ﬁ:; > T or

ri = minGEN" + B = (B3 + OT", ). Bs < B, (By + 32)T™ +

> 3N*—k, T+
ok kipi I (BT 1)
Bll +d>r)> BT +d) 3k > 0.

4. Sensitivity analysis

To evaluate the sensitivity of the parameters in the model, we used the partial rank correlation
coefficient (PRCC) method to perform a sensitivity analysis of parameters in the system (3.2) to test
whether the model is robust to parameter changes. We used Latin hypercube sampling (LHS) [40,41]
to generate 1000 samples for 11 estimated parameters in the model to calculate the PRCC and P-values
for tumor size on days 25, 65, and 200, with values ranging from [0.001, 1.0] for each parameter.

In the sensitivity analysis, we observed the correlation between model parameters at different
simulation time points and tumor cell size, as shown in Figure 2. The interaction of immune cells
with metastatic tumor cells (84) was significantly positively correlated with tumor size at all three
times. The growth rate of tumor cells (r;) and the natural mortality rate of immune cells (d) were
significantly positively correlated with tumor size at day 200. The interaction of metastatic tumor
cells with immune cells (8;) was significantly negatively correlated with tumor size on days 25
and 65. The rate of metastasis of tumor cells from lung tissue to other sites (9,), the rate of metastasis
of tumor cells from lung tissue to other sites (93), and the interaction of tumor cells with immune cells
(B,) were negatively correlated with tumor size at all three times. Perturbations of other parameters
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had no substantial effect on the results. Therefore, in our subsequent analysis, we mainly consider the
influence of parameters 3, B3, B4, 02, 03, 12, and d on the model dynamics.

t=25 =200

t=65
o - e - o -
e - e - e -
| | I
¢ I ¢ - ¢ _
£ _ et _ et _
e _ e _ e _
e - e - e -
& | = - = _
” - ” - ” _
, | . ] . I

— 02 00 02 0 o6 02 o1
PRCC PRCC PRCC

Figure 2. Schematic diagram of PRCC values (P—value < 0.01) for 11 estimated parameters
on days 25, 65, and 200, showing the dynamic effects of model parameters on tumor cell size.

5. Optimal control

In this paper, we created a modified normal-tumor-immune cell model that accounts for prior
interactions between cell groups. We examine the model’s local stability at each equilibrium point.
Additionally, the optimal control approach for drug administration reduces tumor cell development.
Because the best control technique maintained a high proportion of normal and immune cells, we
observed that it helped eradicate tumor cells with fewer harmful side effects. The ideal control
approach also reduces the time required to process the policy. The numerical outcomes substantiate
the validity of our theoretical analysis.

In combination therapy, we design each treatment to begin with surgical removal of the metastasized
tumor cells so that most of the tumor cells are removed from the body and do not spread further
and worsen the disease. After surgical resection, the immune capacity of the patient will decline.
The tumor cells in the body will continue to grow and metastasize, so the patient will be injected
with enhanced autoimmune cells in vitro for immunotherapy, so that there are enough immune cells
in the patient’s body to kill the tumor cells. The self-enhanced immune cells will not produce an
immune rejection reaction in the body. This dramatically enhances the cells’ survival rate and makes
the immunotherapy’s effect obvious. This is a testament to the combination of immunotherapy and
surgical treatment to obtain a more effective treatment while protecting patients from opportunistic
infections and fighting the tumor itself. Immunotherapy also activates and stimulates the growth of
immune cells, primarily T cells and NK cells, which can directly destroy tumor cells. Therefore, the
main goal of combined immunosurgical therapy is to eradicate tumor cells with minimal side effects
while maintaining a sufficient amount of healthy tissue.

Based on the above considerations, the optimal control problem consists in determining control
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functions (L*([0, T¢], R)) that maximize the objective functional:

T
J(u) = f ' miT () + mpS (1) — msC (¢) + %Mbﬁ () dt, 4.1)
0

with my, m,, ms, and M being non-negative constants. It should be highlighted that m,, m,, m3, and M
serve as weight coefficients in the objective function, employed to adjust the relative importance of the
various terms. The squared optimal combination of control variables will be adequate to reduce tumor
density and mitigate adverse side effects within a defined temporal window. We define the following
control set:

U = {u is measurable,u(t) > 0,1 € [0, Tf]} , 4.2)

where the control functions u(¢) satify the following control constraint:
0 < u(t) < Upax < 00,1 €[0,T4]. 4.3)

In this paper, based on Table 3 and the results of numerical analysis, we take u,,,, = 20.

5.1. The existence of optimal control solutions

The central objective of the control problem is to identify the optimal control u. We can ensure the
optimal solution by following the approaches described in [13,39,42].

Theorem 6 [13,39,42]. For the optimal control problem (4.1), if the system satisfies the conditions
(i-v), then there is an optimal solution (X*, u*) € U*"*)([0, T], R°) X L*([0, T+], R), and the solution is

J(u') = min J(u), (4.4)

where X* = [N*,T*,I",S*,C"].
1. The set of allowable controls U* and the related states with initial conditions are not empty.
ii. The set of permissible controls, U*, is both closed and convex.
iii. A linear combination of the state and control variables bounds the right-hand side of the
state equations.
iv. The integrand of the cost functional, given by L(T, S, C,u) = m;T(t) + m,S (t) — m3C(¢t) + %M u*(1),
exhibits convexity and possesses a minimum bound.
v. Positive constants h;,h, > 0 and & > 0 exist that fulfill the integrand L(7,S, C,u) of the cost
functional, ensuring that L(T, S, C, u) > hy + houf.
Proof of Theorem 6. To confirm the conditions, it is necessary to initially establish the existence of a
system solution (3.2). First, as shown in Section 3, we have proved the existence and uniqueness of
knowledge, thereby proving that the system satisfies condition i.

Second, it is clear from the definition of the control set U* that U* is a non-empty, convex, closed
set, and therefore the system satisfies condition ii.

Again, verify condition iii. Since system (3.2) is bilinear, it is rewritten as

f(X,u,t) = v(X, 1) + yu(t). 4.5

Given that X(r) = [N, T,1,S,C] and v are functions with column-vector values, and because the
solutions of system (3.2) are bounded, we can infer that

|f (X, u, )] < [B1X| + |Bo| + B3| < s|X[ +y |ul. (4.6)
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Therefore, the system satisfies condition iii. The value of s in this context is contingent upon the
system’s coordination efficiency and

ri 0 0 0 0 0 0
0 n O 0 0 0 0
Blz 0 0 O 0 0 ,Bz— ,UI() ,B3: Al.
0 o3 O 0 0 0 0
0 0 0 6¢c-1)p1 O 0 0

Finally, verify conditions iv and v. To prove the convexity sum and minimum bound of the integrand
L(T, S, C,u) in the cost function, we therefore need to prove

(1 —-nLX,u,t) + nL(X,v,t) > L(X, (1 —npu + nv, 1), “4.7)

where

L(T,S,C,u) = mT(t) + myS(t) — m3C(¢) + %Muz(t),

L(T,S,C,v) = mT(t) + myS(t) — m3C(t) + %Mvz(t). o
u and v represent two control vectors, and 7 is an element within the interval (0,1). Now,
(1 =nLX,u,t) + nL(X,v,t) = mT + myS — m3C + %M(l -’ + %anz, 4.9)
and
LX, (1 =pu+nv,t) =mT + myS —m3C + %M(l —n)%u® + %Mﬂzv2 + Mn(1 = nuv, (4.10)
SO

(1= ML, w,1) + nL(X, v, £) = LX, (1= mu + v, £) = — (7 = 7))’ + (O = n*)* = 201 = myuv)

[V =u ~ AT =] >o.

M
2
M
2
(4.11)
Hence, L(X, u, t) is convex.
Finally, for condition v, L(X, u,t) > m;T + m,S + %M u? > hy + hy |ulf, where h; is the lower bound
of miT + myS, hy, = % and & > 1. The proof is complete. As a result, we can assert that there is an
optimal control, u*, that minimizes the value of L(u).

In summary, the system satisfies all the conditions of Theorem 6, so there is an optimal solution.

5.2. Necessary optimality conditions

Subsequently, we utilize the Pontryagin maximum principle alongside the Hamiltonian function.
We introduce four adjoint variables A; (i = 1,2,3,4,5), leading to the following formulation of the
Hamiltonian function:

H(X,u,t,A) = L(X,u,t) + AX". 4.12)
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By substituting Eq (3.2) with Eq (4.12), we find

1 N
HX,u,t,A) =mT + myS —m3C + EMMZ + 4 (rlN(l - k—) —c¢NT - 6,NS
1

T
+ A (rzT(l — k—) -BTI - 52TS) + A3 (uly — BoIT — B51S — dI + Au(t)) (4.13)
2
+ A4 (03TS = B4IS) + A5 (0(t — )15 — 02C).
The Pontryagin minimum principle can be obtained as follows:
Equation of state:
DX = OH
S oA
Costate equation:
DL = OH
oax’
Transversal condition:
Aitr))=03G=1,2,3,4,5).
Governing equation:
oH
— =Mu+ /le
ou
The necessary conditions for the governing equation are
oOH
= lu=wr =0,
ou |
and we solve 1A
w= -2 (4.14)
M

Next, we advance to numerically address the proposed model with the related optimal control issue.
6. Numerical format of the tumor immune model in the sense of the Caputo derivative

To study the dynamics of the proposed fractional-order model (3.2), L1 discretization and the
Adams-Bashforth-Moulton (ABM) method [35] are used for numerical processing. From Theorem 2,
remember the model (3.2) as D*f(¢, X), where X = [N, T,1,S,C]. Set the time step to At and time
node to 1, = nAt,n =0, 1, 2, .... First, L1 discretization is used to process D* f(¢, X) to obtain:

1 NG,
DI, X) ~ oo Sieabl (V) = N) = niNGL) (1 _ M )) — eNUT () — SIS (1),
5.1
C Nna 1 n o4 T(tn)
oD fr(t,X) = @Zk:obn:k (T(tx) = T(tx—1)) = nnT(t,) |1 - 5 = BiT(t)I(t,) — 62T (1,)S (24),
. (5.2)
D211, ~ s S (1) = 1010) = ey = Bl )T (1) = Bal(1)S 1) = dIG,) + Aucy),
(5.3)
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§Dy fs(1,X) ~ o )zzk oo (S (1) = S (tr-1)) = 53T (8,)S (1) = BaS 1)1 (1), (5.4)
D! fe(t, X) ~ o )zzk oD (C(1) = C(temr)) = 61, — D@1 S (1) — 92C(1), (5.5)
where

e (EDTA+a)
FTTA+0IA +a—-k)
For the discretized fractional-order equation, the second-order ABM method is used to construct

a prediction correction formula for an iterative solution, where the prediction process expression is
as follows:

At
N:_H =N, + 7 (SfN(thn) - fN(tn—laXn—]))
N(t,)
k

1

3At
= Nn + 7 (rlN(tn)(l -

) —cN(@t,)T(t,) — 6,N(t,)S (ln))

A -
- Et (rlN(ln—l) (1 - N(]i 1)) =Nt )T (t,-1) — 61N (t,-1)S (fn—l)) ,
(5.6)
» At
Tn+1 =T, + ? (3fT(tm X)) — fT(tn—l’ Xn-1))
=7+ 20 (rzT(fn) (1 - T,(:")) ~ BT - 6:T(1,)S (rn>)
2
At T(t,-
-5 (rm i1) (1 - (,; ‘)) = BiT(ta-)(ty-1) = 62T (1-1)S (r,,_l)),
5.7
At
I,l;_l =I,+— (3f1(tnaXn) - fl(tn—l’Xn—l))
At
=1, + 3— (o — Bl (t)T (1) — B3I (2,)S (2,) — dI(t,) + Au(t,))
- 7 (/JIO = Bol(t,- )T (t,—1) — B31(t,-1)S (t41) — dI(t,-1) + Aut,y)),
(5.8)
» At
S =S+ = (3fs (tns Xn) = fs (o1, Xno1))
3 ; (5.9
=S, +— (53T(l )S (1) = BaS @t )I(t,)) — = (53T(fn DS (1) = BaS (tu-1)1(t,-1))
C51)+1 =C,+ ? (3fC(tnaXn) - fC(tn—l’Xn—l))
(5.10)

3A A
—C,+ TI Oty — D@18 (1) — 92C(1)) — 7’ Otar — DS (tg1) — £2C (1)

Since X,,;; is unknown, the predicted value Xf .1 18 brought into f(#,.1, X) to correct the value of
X,+1, so the corrected formula is

Nea =N, +—[fN< Lo X0+ fult X (5.11)
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By the same token, 77, ,, I”,,, S”  and C? | can be obtained as follows:
P At Py
T =Tit— [fT(an,XM) + fT(t,,,X,,)] : (5.12)
p At p p
In+1 =1, + ? [fl(tn_Ha Xn+1) + fl(tn’Xn):I > (5.13)
p At p p
Sn+1 = Sn + 7 [fS(t,2+1’Xn+1) + fS(tn,Xn)] > (514)
o=+ M x X (5.15)
n+l = n+?[fC(ln+1a n+1)+fC(tna n)] :

Based on the above numerical analysis steps, we perform numerical results and visualization in
Python 3.12.

7. Numerical results

We will provide numerical results in this part to confirm whether the treatment outcome was good
or bad. In the numerical simulation that follows, we consider a 200-day treatment period. This study
resolves fractional differential equations using the Adams-Bashforth-Moulton and L1 discretization
methods. This work assesses the impact of altering the treatment outcome by adjusting various time
intervals for the optimal control problem within the treatment framework. The adaptive treatment time
is determined using the classical genetic algorithm. In Figures 3—12, the values of each parameter are
ri = 0.04, r, = 0.1, k; = 100, k, = 100, ¢ = 0.008, B8, = 0.008, B, = 0.001, B3 = 0.001, B, = 0.02,
=003 Ny=15Ty =18, I, =10, Sy = 10, 6; = 0.01, 6, = 0.003, 65 = 0.07, d = 0.035, A = 0.05,
T= 05, ¢1 = 005, ¢2 = 1.

The order « of a fractional-order system represents the rate of activation or proliferation of cells in
response to external stimuli since this rate is not instantaneous (as indicated by the order derivative)
or completely static (as indicated by the zero-order derivative), but a rate of change in between, and
a also represents the intensity or speed of this memory effect of the system, that is, how quickly and
efficiently cells “recall” and respond to previous “actions”. Figure 3 shows the changes of the two
groups with different initial values at @ = 0.9. The value simulated in Figure 3(a) is that the number
of tumor cells in the body of patients is relatively small, but metastasis has not occurred, and normal
cells and immune cells will continue to kill tumor cells in large numbers so that the time for tumor
cells to reach the maximum value is relatively long, and the survival time of patients is relatively long.
The simulated patient in Figure 3(b) has a relatively small number of various cells in the body, and
the tumor cells have metastasized. The patient’s condition has deteriorated, and treatment is urgently
needed to prolong survival.

As can be seen from Figure 3, when there are relatively few cells in the patient’s body and tumor
cells have metastasized, if no therapeutic measures are added at this time, we can see that without any
treatment, tumor cells will gradually increase and quickly reach the maximum number and eventually
maintain this number, while normal cells and immune cells will rapidly decrease. This makes the
patient’s condition worse. As can be seen from Figure 4, the initial value are Ny = 15, Ty = 18,
Iy = 10, and S = 10, respectively, under @ = [0.7,0.8,0.9,0.99]. We can see that with the increase
of order, the intensity and speed of this memory effect become stronger and faster, and the time for
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the number of the same cells to reach stability becomes shorter. However, there is almost no memory
effect in time, which is not in line with the real situation.
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Figure 3. Changes of two groups of different initial values (y, = [30,20,30,0], y; =

[15,18,10, 10]) when @ = 0.9.
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Figure 4. When the number of cells in the patient is relatively small, this shows the changes
of each cell for different a values.

Figures 3 and 4 show us that without treatment, tumor cells will continue to multiply and destroy
the immune system and normal cells in the patient’s body, worsening their health. With an increasing
number of tumor cells in their body, the patient’s condition will worsen, and their rapid decline may
cause them to pass very quickly. Consequently, we initiated treatment for lung cancer patients utilizing
a regimen that combines surgery with adoptive immune cell therapy. It is assumed that since the
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number of tumor cells reaches a certain level, and since each tumor cell has the same reproductive
capacity, the same number of tumor cells will be produced every day, so the number of tumor cells that
are surgically removed at different surgical moments will also increase. The result should look like
Figure 5.

N
5]

— T(t),a=0.7
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Figure 5. Changes in the number of tumor cells to be removed in vivo at different times of
the addition of surgical treatment.

Under surgical treatment, most cancer cells can be removed, but surgical treatment cannot remove
all cancer cells, and it 1s useless for some tumor cells that have metastasized. Therefore, to clear
tumor cells in the patient’s body as much as possible and cure the patient, we add immunotherapy and
adjuvant surgical treatment for the patient based on the surgical treatment. It is better to kill tumor
cells and prolong the life of patients as much as possible. In immunotherapy, we observe the changes
of tumor cells in the patient’s body after surgery in real time according to the adaptive treatment and
inject the corresponding number of immune cells into the patient according to the number of tumor
cells at different time intervals, which reduces the number of treatments for the patient and maximizes
the therapeutic effect.

The target cost values for time intervals of 1, 3, 5, and 10 days are shown in Figure 6(a)—(d),
respectively. From the figures, we can clearly see the change in the target value. Although the decline
rate of 1, 3, and 10 days is fast, the result is not as good as that of 5 days.
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Figure 6. Changes in the target value at different time intervals.

Table 3 shows the values of the control inputs at different time intervals and the values of the
optimal cost target after 500 iterations. As can be seen from the table, when immune cell input is
performed every day, the average input value is the largest, and when immune cell input is performed
at an interval of 5 days, the average input value is the smallest. The control target value is also the
smallest, indicating that one immunotherapy at an interval of 5 days has the best effect. For different
time intervals, the input of control u is different, and the optimal cost is also different, but they can
bring the tumor reduction under control and extend the life span of patients.

Table 3. Different time intervals control the input u and the value of the optimal target.

Time interval (days)

Control input u(t)

The average of u(f) Target value for 500 iterations (J(u))

First Second Third Fourth Fifth
1 15.63 16.06 15.79 12.63 9.16 13.85 4801.19
3 10.62 11.28 16.61 11.81 8.58 11.78 2141.30
5 15.22 4.40 13.09 14.07 8.65 11.09 1805.18
10 997 14.19 847 18.74 7.23 11.72 2614.58
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time interval of 1 day.

Compare Figures 7-12 to compare the changes in the number of each cell during immunotherapy at
different time intervals between no treatment and combination therapy. According to Figures 7 and 8,
normal cells (N) began to ascend on the 50th day, with a time interval of one day, whereas immune
cells (/) continued to rise until they reached a stable time at approximately the 125th day. On the 65th
day, the tumor cells (T) eventually reach zero; on the 50th day, the spread tumor cells (S) reach zero;
and on the 75th day, the resected tumor cells (C) reach zero; at that point, no more tumor cells need to
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be removed.

According to Figures 9 and 10, normal cells (N) started to rise on the 60th day; immune cells (/)
increased to attain stability at approximately the 150th day; tumor cells (7') fell to O at about the 90th
day; and spreading tumor cells ($) decreased to O at about the 65th day. All of these time intervals are
five days. Once the excised tumor cells (C) reach 0, which happens on the 95th day, there is no need

to remove any additional tumor cells because they have not spread behind.
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Figure 9. Comparison of the results of N and / in combination therapy and no treatment at a
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As can be seen from Figures 11 and 12, the time interval of 10 days for normal cells (V) began to
rise on day 85, and the time for immune cells (/) to increase to reach stability was on day 175 or so, the
time for tumor cells (T') to decrease to O was on day 125 or so, and the time for spreading tumor cells
(§) to decrease to 0 was on day 115 or so, followed by no tumor cell spreading. The time when the
removed tumor cells (C) become zero was on day 150, after which no tumor cells need to be removed.
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In combination with Figures 7-12 and Table 3, it can be seen that immune cell input every 5 days
can eliminate tumor cells earlier while minimizing the target value.

8. Discussion

This study looks at the best way to control a group of dynamic fractional-order differential
equations that show how the immune system, the tumor, and the normal cell interact during adoptive
and surgical immune cell therapy. Findings from Amilo et al. reveal the dynamic interaction among
immune cells (), tumor cells (N), and spreading tumor cells (P). The primary regeneration number,
basic regeneration coeflicient, and normalized sensitivity coefficient analyses were used to determine
the essential parameters in this paper, including the tumor cell growth rate. In the study by Amilo
et al. [31], the PD-L1 monoclonal antibody administration was adjusted with a PID controller, setting
precise target levels for tumor cell populations. Treatment objectives and anticipated results were
customized according to the tumor’s stage and severity. These may require modification in response
to patient reactions and the evolution of the tumor over time. The artificial intelligence algorithm used
in this investigation was genetic [43—46]. To achieve patient-specific treatment, the best control input
can be determined based on the pertinent parameters that have been defined, and various treatment
outcomes and plans can be determined based on the relevant parameters of various patients.

Our research aims to combine surgical treatment and immunotherapy to shorten the time it takes for
tumor cells to be destroyed and extend the life of patients. The numerical simulation results depicted
in Figure 5 indicate that without treatment, when the value reaches 0.9, the patient’s tumor cells will
annihilate all normal cells and most immune cells in roughly 25 days. By that point, the patient’s
condition has significantly deteriorated, and the patient’s life will soon come to an end. Figures 7—
12 show that it was under control by the 65th day at the earliest and by the 125th day at the latest,
following the combination of immunotherapy and surgical treatment, demonstrating the continued
efficacy of our treatment. When setting the control input, we look at the different adaptive control
input values at different time intervals and the control target value at different times. We do this by
using the classical genetic algorithm to calculate the control input value, self-adapt, and change the
time interval as needed. As demonstrated in Section 6, the control target value is ideal when the period
is set at T lymphocyte input every 5 days, and this is the optimal control in our investigation.

In our study, the patient’s immune cells are grown in vitro to strengthen immunity, increase
lethality, and prevent immunological rejection and adverse effects on their cells. This significantly
boosts the effectiveness of use and raises the patient’s survival rate. Immunotherapy technology is a
promising new form of cancer treatment. By combining immunotherapy with other treatment
modalities (such as chemotherapy, targeted therapy, surgical resection, etc.), a comprehensive
approach to cancer treatment will significantly increase the cancer’s cure rate. This study combined
adoptive cell immunotherapy and surgical resection to examine lung cancer treatment. The amount of
surgical resection determined the rate at which tumor cells increased. The target for adjusting immune
cell input was the body’s total immune cell count, which was maintained to suppress and eliminate
tumor cells and aid in patient recovery.
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9. Conclusions

This study provides a new perspective on treatment strategies for lung cancer through an adaptive
output control approach, and oncologists and clinicians need to improve drug treatment planning. For
example, the clinician can set an appropriate treatment interval in advance, use the adaptive control
input to more accurately understand the input amount at each moment according to the current
condition of the patient, and automatically generate the optimal drug input or immune cell input
number for treatment at the next moment to achieve the best treatment effect each time. In this way, it
avoids the consequence that the patient’s immunity is decreased or there are too many side effects due
to excessive drug use. It also avoids the therapeutic effect of insufficient drug use or the input of
immune cells being too small. Specifically, our model can help clinicians adjust treatment regimens
based on real-time patient responses, thereby increasing the level of personalization of treatment, and
this control approach can directly affect the speed of recovery and quality of life of patients,
optimizing the treatment process by reducing unnecessary side effects and reducing treatment costs.

However, this paper has some limitations. For example, the simplified assumptions about the
biological process of a lung tumor in our model are based on ideal conditions, which are different
from the actual situation, and the acquisition and estimation of parameters are also inconsistent with
the actual situation due to the lack of data. Therefore, the application range of the model in clinical
trials is limited due to these problems. Therefore, future studies can consider a wider group of
patients, obtain more real patient data, train and optimize the model according to the data, further
improve the model structure to more accurately describe the development process of lung cancer, and
adopt more advanced parameter estimation methods to make the results of adaptive output control
more accurate.
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