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Abstract

This study develops a mathematical model for cancer using a system of nonlinear differential equations to analyze tumor dynamics
and the effects of Anti-TIGIT treatment. By computing the net growth rate, we evaluate the potential for tumor proliferation and
establish its relationship with the stability of equilibrium points. Additionally, a sensitivity analysis is performed to identify the
key parameters influencing tumor growth. These insights are then used to guide the dosage of Anti-TIGIT treatment and to inform

effective therapeutic strategies by targeting the most influential and adjustable factors.

Keywords: Immunotherapy, Mathematical model, Net growth rate, Sensitivity analysis, Anti-TIGIT.

Mathematics Subject Classification (2020): 92B05, 49K40, 65L.15

1 Introduction

Immune checkpoint inhibitors, a form of immunotherapy targeting specific membrane proteins on T cells and cancer cells, have
revolutionized cancer treatment, improving patient outcomes through innovative therapeutic approaches. Despite significant advancements,
drug resistance remains a significant challenge, hindering the effectiveness of these therapies [34,38]. By harnessing the body’s natural
immune system to identify and eliminate cancer cells, immunotherapy offers the potential for more precise and effective treatments with
fewer side effects.

Within the field of cancer immunotherapy, the role of immune co-inhibitory receptors has garnered significant attention [39]. These
receptors, which include ITIM-bearing receptors such as TIGIT, play crucial roles in regulating immune responses and maintaining immune
homeostasis. However, their overexpression or dysregulation in the tumor microenvironment can enable cancer cells to evade immune
detection, contributing to tumor growth and progression [30, 32].

TIGIT (also known as WUCAM, VSTM3, or Vsig9) is an inhibitory molecule expressed on CD4" and CD8" T lymphocytes and
NK lymphocytes [9,41]. It consists of an extracellular immunoglobulin variable (IgV) domain, a type 1 transmembrane domain and a
cytoplasmic tail with an immunoreceptor tyrosine-based inhibitory motif (ITIM) and an Ig tail-tyrosine (ITT)-like motif [19].

The immunosuppressive action of TIGIT is caused by several mechanisms. TIGIT can inhibit CD8% T lymphocyte proliferation by
acting directly on the formation of the TCR complex [19]. Also, TIGIT inhibits NK cells directly and blunt their production of interferon
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gamma [25].

While all co-inhibitory receptors can suppress T'-cell activation, they differ in potency, kinetics of expression, and the specific cellular
signaling pathways they modulate. Whereas the co-inhibitory checkpoint CTLA-4 acts downstream of TCR-induced signaling by targeting
downstream effectors of PI3K through activation of the serine/threonine phosphatase PP2A, TIGIT operates more upstream. TIGIT inhibits
CD8™ T-cell proliferation and activation by directly affecting TCR expression, as engagement of TIGIT induces down-regulation of the
TCR-¢ chain and other components of the TCR complex In addition, TIGIT reduces TCR-induced p-ERK signaling in CD8" T cells.
Binding of TIGIT on NK cells to its ligand CD155 suppresses NK-cellmediated cytotoxicity and IFN-y production through signaling
cascades elicited by ITIM and ITT-like motifs in its cytoplasmic tail. However, TIGIT exerts its functions not only through direct
cell-intrinsic inhibitory signaling but also indirectly. Similar to CTLA-4, which blocks the binding of its co-stimulatory counterpart CD28
to their shared ligands CD80 and CD86, TIGIT can compete with CD226 for ligand binding, thereby reducing CD226-mediated T-cell
co-stimulation. TIGIT can also inhibit co-stimulatory signaling by preventing CD226 homodimerization. Moreover, TIGIT suppresses
T-cell responses indirectly by modulating the functions of cells expressing its ligand CD155. TIGIT expressed on CD4™ T cells induces
IL-10 and suppresses IL-12 production by dendritic cells via CD155 engagement, thereby inhibiting CD4™ T-cell proliferation and IFN-y
production [19].

Statistical analyses of clinical studies have shown that TIGIT can be detected in different stages of melanoma, which is closely related
to the occurrence, development, and prognosis of melanoma. This review mainly describes the immunosuppressive mechanism of TIGIT
and its role in antitumor immunity of melanoma, aiming to offer new insights and therapeutic strategies for TIGIT-targeted treatment of
melanoma [9, 35].

At low tumor-cell densities, tumor growth can deviate from classical exponential models and instead exhibit cooperative behavior
consistent with an Allee effect, in which the net growth rate increases with cell number [22]. In this setting, the sign of the net growth rate
r determines whether the tumor population expands or declines: if » > 0, each cell effectively contributes to producing more than one new
cell on average, allowing the tumor population to grow. Conversely, if r < 0, the number of cells decreases over time, leading to eventual
extinction of the tumor population below the Allee threshold [S]. This bistable structure highlights the importance of identifying density
thresholds and parameter regimes that determine tumor persistence or elimination [22].

Many real-world biological processes can be effectively described through mathematical models [4, 15, 18]. Mathematical modeling
plays a crucial role in cancer research by integrating diverse biological parameters into computational frameworks. Such models enable
researchers to analyze tumor progression, predict treatment outcomes, and provide more effective treatment strategies [13,40].

In the field of cancer immunotherapy, mathematical modeling provides several advantages [17,28]. It enables the exploration of various
treatment scenarios, the prediction of treatment outcomes, and the identification of effective dosing regimens and combination therapies. By
simulating the effects of TIGIT inhibitors, researchers can evaluate the impact of these immunotherapeutic agents on the immune response,
tumor growth, and overall clinical outcomes. Moreover,studies have shown that TIGIT is significantly overexpressed on tumor-infiltrating
T cells. These findings suggest that the increased expression of TIGIT may be associated with T cell exhaustion [9].

In numerous research studies, sensitivity analysis is conducted to evaluate the influence of model parameters on system behavior. By
systematically varying key parameters, researchers can determine their relative impact on tumor progression and treatment efficacy [11,27].
Sensitivity analysis is usually conducted by modifying each parameter by a small value at a particular point in time [12, 14,20]. This process
allows for the determination of the output’s sensitivity to each parameter, thereby identifying their relative effectiveness. Alternatively, a
normalized sensitivity coefficient can be calculated to provide a dimensionless value for these sensitivity coefficients [11,26,27].

This study formulates a nonlinear differential equation model to analyze tumor dynamics under Anti-TIGIT treatment. By computing the
net growth rate , we assess tumor proliferation potential, while sensitivity analysis identifies key parameters influencing cancer progression.
Furthermore, we investigate the relationship between the net growth rate of tumor cells and equilibrium stability, offering insights into more
effective treatments. Ultimately, our findings contribute to determining an appropriate dosage for Anti-TIGIT therapy, enhancing its clinical

applicability.

2 Mathematical Model

The immune system comprises a diverse array of components, such as natural killer cells, dendritic cells, T cell subsets, containing

CD4" T and CD8™ T cells and interleukins such as IL-2 and IL-12 that play a crucial function in orchestrating immune responses. To



Analytical and Numerical Solutions for Nonlinear Equations | 2025, Volume 10, Issue 1 102 0f 114

maintain homeostasis, the immune inhibitory molecule TIGIT serves as a critical checkpoint, suppressing excessive immune activation by
down-regulating signalling pathways in immune cells. This checkpoint interacts with specific anti-ligands to fine-tune immune activity [1].

The biomathematical framework for anti-TIGIT therapies is grounded in the cancer-immune cycle, as illustrated in Figure 1 [30].

Tumor cell / APC

PD-L1 D155

CD8 + T cell

Figure 1. T-cell immunoreceptor with immunoglobulin and immunoreceptor tyrosine-based inhibitory motif domains (TIGIT) position,

role, and connection to other immune-checkpoint axes. Designed with https://www.biorender.com accessed on 28 March 2023.

Figure 2. Red rectangles represent tumor cells, blue rectangles indicate immune system cells, yellow ellipses correspond to immune
checkpoints, and green ellipses denote the proposed therapeutic interventions. Arrows with a pointed tip signify proliferation/activation,
obstructed arrows symbolize the process of killing/blocking, and dashed lines represent the expression of proteins on T cells and NK cells.

For a detailed explanation of the biological significance of each pathway, see the text in Section 2 and Figure 1.

These interactions are illustrated in Figure 2. As shown in the diagram, the resulting model comprises a system of nonlinear ordinary
differential equation to describe the interactions between natural killer cells (N), T-cells (T'), cytokines (I and /1), cancer cells (C), dendritic
cells (D), the inhibitory TIGIT (G) and Anti-TIGIT (Ag). Based on these cellular relationships, the mathematical model is formulated as
follows:

G = o (2200 (g ) o .
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dAG(t
dt

~—

= M—[JGAGG(I)A(;(I‘) —dAGAG(l‘). 8)

In Eq. (1), the term ( K[zli(;z)(l)) (1 +G<1t> /Ku) represents the rate of N production stimulated by /I; that is not inhibited by TIGIT

[10,24,31]. In Eq. (3), KC%Q@
expression. In Eq. (4), IL-12 (I},) is secreted by stimulated dendritic cells (D) [21,36]. In Eq. (5), naive T cells are activated by IL-12 (I}5),

and IL-2 () [36]. It is assumed to be inhibited by TIGIT [3, 6, 16], which reduces the production of T cells by the factor H%“) In Eq. (6),
%G,

IL-2 (1) is secreted by activated T cells [21,36]. In Eq. (7), TIGIT, which is expressed on T cells and NK cells, suppresses their activity by

stands for the Michaelis-Menten coefficient, which means that the activation of D is proportional to this

binding to ligands on dendritic cells or tumor cells, creating an immune checkpoint. Additionally, IL-12 from dendritic cells enhances the
function of NK cells so that they can kill tumor cells directly.
A summary of the definitions and descriptions of the other parameters used in the model is provided in Table 1.

3 Model Analysis
3.1 Equilibrium Points of the Model

Equilibrium points are obtained by solving the homogeneous form of the system (1)-(8):

(N,C,D, 112, T.15,G,Ag)" =0. ©)
Tumor-Free Equilibrium &

This equilibrium occurs when the tumor is completely eliminated, i.e., C(¢) = 0. Then:

G: N(t)=-L, D(t)=0,I(t) =0, T(t) =0, L(t)=0, G(t)=0, Ag=——.
dn dac
Endemic Equilibrium &*
In this state, all variables are expressed in terms of N* and 7*:
AT T* _ dyN* — 51 14 u(N*+T%)
KIZA(T*vN*)_._)LIzTT* A'NIZN* dlzTA’IZT(T*)z ’
oo+ rPar T
A(T*,N*)
* Sm * *
¢ = Z(ZC*HTT —NvN* —dc), (10)
Dt — ApcDo c 7 an
dp Kc+ C*
A
I, = Zh»p (12)
d,
),1 TT*
L = : ; 13)
2 d[2NN* +d12TT* +d12
N*+T* dy,,
Gt = u( + )* _ Ac’ (14)
(=s14+dprT*3)  Heag
dtT L —
Ay = —Z 20 (15)
HGag (N*+T%)
Eq. (7) concludes that
dG(t G(t L(t Iip(t
W _ 60 [} b0 ()

dt N()+T(z) Kp, +12(1)
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L(1) 1 G(t)
T — T(t))— A =0. 1
AT e TG0 | N+ (AN(1) +drT (1)) = BGagG(t)Ac() = 0 (16)
Kg
From Eq. (1):
Iz(l) 1
/ININ(I)( ) =dyN(t) —s1,
3 K, +h (1) 1+ %(t;)
and Eq. (5) results:
Inp(t) L) 1
Ty| ——— T = T(t)I T(t).
|:2'T112 0 (Khz +1a(t) TArRT() Ki, +h(1) 1+ %p rT OB +drT)
By substituting these results into equation (7), we get
OO st 4 dir (OB (0] - piag G A1) =0
N()+T(r) ’ ¢
This leads to two possibilities:
G(r) =0,
dprT (t)h(1) — 51 a7
Ag(t) = ——"—"— .
Hoaq (N(1) +T (1))
If G(¢) = 0, then the homogeneous form of Eq. (8) yields
u
Ag(t) = —.
(1) an
If G(¢) # 0, then the homogeneous forms of Eq. (8) and Eq. (17) yield
N(t)+T(t da,
G(t) _ MMGAG( ( )+ ( )) _ YA¢ . (18)
Heag(—=s1 +dprT(0)h(t)  Hoag
From Eqgs. (2), (3) and (4) we have:
s
C(1) = 32 (e =MrT (1) + N (1) +de), (19)
ApcDo ( C() )
D(t) = — ], 20
®) dp Kc+C(t) 20)
A
Ia(t) = 322D(0). @1
1>
From Eq. (6):
A TT(t)
L(t) = 2 . 22
2(1) dpNN(t) +dprT (1) +dy, (22)
Also, using Eq. (18) and the homogeneous form of Eq. (1):
uttorg (NOATW)  dag
L(t) _ dyN(t) — s 14 Hoag(=si+dprT(1)b(1))  Hoag 23)
Ky, + (1) ANLN(t) Kg

From the equality of Eq. (22) and Eq. (23), N*(¢) and T*(r) are also obtained from the following equation:

AIZTT(I) _ dNN(l‘)fﬂ 14 u(N(t)+T(t))
K]ZA(T,N) +112TT(Z) ANIZN(I) K¢ (—S1 n dIZT}LIzTT(l)2> )
A(T,N)

where, A(T,N) = d[zNN(l‘) —I—d[zTT(t) +dy,.
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3.2 Stability of the Tumor-Free Equilibrium

To assess local stability of the tumor-free equilibrium &j, we compute the net growth rate at low tumor density r using the next-generation

matrix method [37].

Lemma 1. [f & is the tumor-free equilibrium, then the net growth rate at low tumor density is:

r= (g~ )de+ ), (24)
N
where i
dn
Ry = ———. 25
7 ns1 +dedy @)
Moreover,
Rg >1 = r>0, Hg <1 <= r<0.

Proof. Consider the system (1)-(8). The matrices .%# and ¥ are defined as follows:

o [Acco] , _ [ACOSE +0rT (@) +nvN@)Cw) +deCl)
0 ' dDD(Z) — ADCDO (%%)
Therefore,
Vv 0
Dy:[F 9., W:[ . }
00 ~AoeDo () o

where, F = Ac and V = ZS—A[;C(t) +nrT(t) +nyN(t) + dc. The next generation matrix defined as:

Ac

Fv-l= i .
ZEC@)+nrT () +nyN(1) +dc

So,

r= (g~ 1)(de+ 00, 6)

Acdy

is the net growth rate at low tumor density in &y, where Zg, = T Hdedy

Also, it is clear from Eqgs. (24) and (25) that

Rg >1 = r>0, Rg <1 = r<O.

Theorem 1. The equilibrium point &y is locally asymptotically stable if r < 0, and unstable if r > 0.

Proof. The entries of the Jacobian matrix for the cancer model are as follows:

. 12 1 . k] ) 1
o (2 ) [ ) —a, — N 2 :
J11 NI (k[2+12) (1_’_]3;) N J16 NI, ((k12+12)2 1_’_%

. AN NI .
Ji7=— Np 2 3 Jja1 = —1nC,
k(;(ka +Iz) (1 + kQG)
. 2C .
j2n=2Ac lfs* —(nrT +nnyN) —dc, Jas =—nrC,
m

2 = ApeDo | € 33 = —d,
J32 = Apclo (kC+C)2 ; J33 = D>

Jj43 = A1, Jas = —dy,,,
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ky 1
sq = Arn, T = , j61 = —diLNI2,
Js54 TIy10 <(k112+112)2) <1+]€GG) Je1 LN12

Jjes = A7 —dirh, Jos = —dpNN —d7T —dy,,
_ G )LTIIZTO 1
N+T k]12+112 1+%’

J74 J18 = —H6aq G,

J871 = —HGazAG, Jg8 = —Hca; G —dag,
b |
55 = ATl (7) —F | —dprh —dr,
J55 £ ki, + 1 1+ % 3

k; 1
is¢ = Arp, T 2 —d,rT
Js6 = ATl ((k12+12)2) (H‘kGG) nrT,

. 1 1> b
= s (g T )
ko (1+%> I, 112 L+

; G h 112 L 1
= AN, N——— 4+ Mg, Ty ——2— + A, T—— | | ——
J7s (N+T) < NI, k4 Tl 0k1,2+112 T k12+12) (Hﬁ)

G
- WdT — Uga; GAg,

, G 1 b 1 b 1
= (A N—— AN N—2— + Agp, T——— —Ap, T
776 N+T(N12 knth M k)2 T g T (klz+12)2) <1+1<Gc)

G
TWNETR (dNN +drT) — pGa; GAg,

. 1 b L b ) 1 G
= —— (ANp, N—— + A1, Tp——— + A, T —— -
J77 N+T < NI ki, + I Tl 0k1,2+112 Th ki, + I kG <1+£>2
%
— N +drT) — poa A
NiT N T HGAGAG

The remaining entries are zero.

As aresult, the entries of Jacobian matrix at the tumor-free equilibrium point, &y, are in the following form:

. . AND,S1 . .
Ji1 = —dn, ji6=———, Jj17=0, J21=0,
dnkr,
. NS . . ApcDy .
Jn=2A— —dc, J2s =0, J2 = ; Jj33 = —dp,
dy kC
. . . A, To .
Ja3 = A,p, Jaa = —dy,, Jsa = %7 Jjs5s = —dr,
I
Js6 =0, Js7=0, Je1 =0, Jes = AnLT,
. 51 . . .
Jos = —dIZNd* —dp,, Jj14 =0, Jj15=0, Jj16 =0,
N
. dyN +drT A e —0
J11 = NiT HGAGAG J1s =0,
. u .
J81 = —HéAg 7 — Jss = —dag,
AG
Then, the eigenvalues of J(&p) are as:
51
A = —dn, /lzzﬁc—nNdf—da A3 = —dp,
N
dpNs
14:7d1|27 1’5:7dT7 3'6:7 = 7d175
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p— HgagH

, Ay =—d
dac s Ao

To ensure the local asymptotic stability of &, all eigenvalues must have negative real parts. All but one eigenvalue, A = Ac — Ny ;Ti/ —dc,
are clearly negative. Thus, the stability of & hinges on the sign of A,. If A — an—]‘V —dc < 0, then &) is stable; if A¢c — TTN(%, —dc >0, it
is unstable. According to Eq. (24), the tumor-free equilibrium & is locally asymptotically stable when r < 0, and unstable when r > 0. [

4 Determining the Effective Dosage for Anti-TIGIT Therapy

In this section, we will numerically solve the model using the Adams-Bashforth method [2], and analyze the results obtained from the
sensitivity analysis. The parameters and initial values used in the model are presented in Table 1. The definitions and values of the model

parameters used in the numerical simulations are given below. All parameters are expressed in units of g/ cm?.

Table 1. Description of variables used in the model.

Parameter Description Value References
Ac Proliferation rate of cancer cells 0.203 [34]
Su Transporting capacity of cancer cells 4.9 [34]
nr Killing rate of tumor cells by CD4" and CD8™" T cells 33 [34]
ny Fractional (non)-ligand-transduced tumor cell kill by NK cells 30 Assumed
de Mortality rate of tumor cells 0.17 [23]

Apc Rate of DCs activated by cancer cell 52 [34]
dp Mortality rate of DCs 0.13 [34]
b Production rate of 12 by D 3.03x 1076 [34]
dy, Degradation rate of IL-12 2.13 [34]
Ky, Half-saturation of IL-12 10-10 [23]
Ari, Activation rate of CD4™ and CD8™" T cells by IL-12 2.75 [34]
Mo Activation rate of IL-12 cells by CD4" and CD8™ T 1077 [34]
To Source of T4 and Tg 6x10~* [34]
Dy Source of D 2x1073 [34]
Arn, Activation rate of CD4* and CD8™ T cells by IL-2 0.5 [23]
Ky, Half-saturation of TL-2 1.9x 1071 [23]
di,r Production rate of IL-2 by CD4*+ and CD8™ T cells 2.7 Assumed
AT Decay of 112 due to T4 1.6x10°° [34]
dr Death rate of CD41 and CD8* T cells 0.377 [23]
dnn Production rate of NK cells by IL-2 1.02 x 1072 [11]
d, Degradation rate of IL-2 166.22 [34]
K Rate of inhibition 1.8 x 1072 Assumed
K¢ Half saturation of D 4%1074 [34]
AN, Maximum production rate of NK cells due to the influence of IL-2  6.68 x 1073 [29]
S1 Constant influx rate of the NK cells 1.32x107* Assumed
dy Death rate NK cells 9.8 x 1072 [29]
UGag Rate of depletion of Ag by G 5.8 x 10* fitted
da, Anti-TIGIT degraded rate 0.02 Assumed

We simulated the model (1)—(8) using the initial conditions expressed in units of g/cm3, where N(0) = 4.4 x 1072, C(0) =0.41,
D(0)=6x10"*,15(0) =1.8x 10719, T(0) =6 x 1073, L, (0) = 1.5 x 107!, G(0) = 11.2 x 10719, A5(0) = 0.
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4.1 Sensitivity Analysis of the Net Growth Rate for Dosage Determination

Sensitivity indices are useful for evaluating how changes in model parameters influence state variables. The normalized forward sensitivity
index is defined as the ratio of the relative change in a variable to the relative change in a parameter. If the variable is a differentiable

function of the parameter, this index can also be expressed in terms of partial derivatives.

. . . . . . e IRy p
Given the explicit formula for Z, in Eq. (25), we can infer an analytical expression for the sensitivity index, denoted by S, = ap" e
as referenced in [8]. This index is computed for each of the five key parameters as follows:
v - 3
Sﬂczl’ STIN:_ SU g Ss =— SU g0
NN - gy Tdc NN gy Tdc
s N - ;T]v s de
dy = L SL ’ de = 7 LS :
NN - gy +dc Ny - gy +dc
Sensitivity Analysis of R _ with Respecttod . Sensitivity Analysis of Re with Respect to dN
0
15 o ; 12 o

1f i

0.8 i

(=}

mLLJ 0.6 4

0.4t :

0.2 :

0
0.100.120.140.16 0.18 0.20 0.22 0.24 0.26 0.28 0.30 0.01 003 005 0.07 0.9 011 013 015 0.17 0.19
d. (Mortality rate of tumor cells) dN (death rate NK cells)
Figure 3. Sensitivity Analysis of Rg, concerning d¢ and dy.
Sensitivity Analysis of RE with Respect to LN Sensitivity Analysis of R e, with Respectto s ;

0 . T T T T T

1.2

0.8

0.4

0.2

0

0 10 20 30 40 0.0e+008.3¢-046.7e-041.0e-031.3¢-031. 7-032.0e-032.3¢-032.7¢-033.0¢-03
UN (Fractional (non)-ligand-transduced tumor cell kill by NK cells) s, (constant influx rate of the NK cells)

Figure 4. Sensitivity Analysis of R, concerning 1y and s;.

The sensitivity analysis of %, is shown in Figures 3, 4 and 5. These plots illustrate the degree of dependence of each parameter

affecting %, and they also identify the ranges of the parameter within which the tumor level changes.
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Sensitivity Analysis of RE with Respect to ’\c
0

15 T T

-0.05 0 0.05 0.1 0.15 0.2 0.25 03
A (Proliferation rate of cancer cells)

Figure 5. Sensitivity Analysis of %, concerning Ac.

4.2 Treatment Strategy Informed by Sensitivity Analysis

In this subsection, we perform a sensitivity analysis of the parameters that influence the net growth rate of tumor cells and the stability of
the tumor-free equilibrium point.

Figure 6 shows the extent of tumor surface change in the absence of drug, in a state where the rate of cancer cell production increases,
and also in a state where the rate of cancer cell production changes in the presence of drug. One of the parameters that influences the
growth and proliferation of cancer cells is Ac. Based on the sensitivity analysis presented, this parameter has a direct influence on the net
growth rate of tumor cells and consequently on tumor progression. From this analysis, when A¢ < 0.203, we have %, < 1, indicating that
treatment is not necessary. For A¢c > 0.203, the effects of treatment are illustrated in Figure 6.

Figure 7 shows the effect of the rate of cancer cell destruction by natural killer cells (1) compared to the effect of the drug in reducing
tumor level. Additionally, the parameter 1y has an inverse effect on the net growth rate of tumor cells. Based on the corresponding
sensitivity analysis, if ny < 30, then the net growth rate of tumor cells satisfies r > 0, or equivalently % > 1, which leads to tumor
progression. Therefore, treatment is necessary in such cases.

Other parameters, such as d¢, dy, and sy, in the net growth rate cannot be changed by treatment. These parameters are inherent to the
natural system of the body and the biological cycle of cancer.

In Figure 8, the effect of of two drug dosages on the system was investigated. As can be observed, the variation of drug dosage
has a significant impact on the results. This indicates that the dosage of the drug is a critical and decisive factor for the effectiveness of
the treatment. In other words, the choice of an appropriate drug dosage can directly affect the treatment outcome, which emphasizes the
importance of accurate dosage adjustment in the treatment protocols.

In Figure 9, the simultaneous effect of two parameters, A¢c and 7y, was investigated. Figure 9 (left) shows the effect of two factors on
the expansion or reduction of tumor burden in the absence of a drug. An increase in the cancer cell production rate (A¢) combined with
a decrease in their destruction rate by natural killer cells () leads to an increase in tumor level, whereas decreasing A¢ together with
increasing My result in a reduction of tumor level. Figure 9 (right) shows the effect of the drug in reducing tumor level, even in cases where
the tumor production rate is high and the destruction rate of tumor cells by natural killer cells is low.

The sensitivity analysis helps determine the extent to which each parameter must be modified in order to reduce Zs, below 1. We
can use this information to prescribe the appropriate medication and its dosage. Mathematical models and their analysis therefore play an
important role in medicine, as they help in the treatment of diseases and even determine the effective therapeutic approach.

The bifurcation diagram presented in Figure 10 shows the dynamic behavior of the system across a range of values for the drug dose

parameter u. (For details on the bifurcation, see [7]). As shown, the steady-state tumor cell population varies significantly with different
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doses of the drug.

5 Conclusion

This study introduces a detailed mathematical cancer model formulated as a system of nonlinear differential equations to investigate the
dynamics of tumor growth and treatment strategies. By calculating the net growth rate, valuable insights into the potential of tumor
proliferation and the efficacy of the Anti-TIGIT drug are obtained. The stability analysis performed within the model highlights critical
equilibrium points and provides a deeper understanding of the conditions required to control or eliminate tumor growth. In addition,
sensitivity analysis highlights the importance of various parameters that influence the net tumor growth and helps identify key factors that
impact treatment efficacy. This research ultimately contributes to optimizing Anti-TIGIT dosing, thereby facilitating the development of

more effective cancer therapies and improving patient outcomes.
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