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Abstract

Previous research has focused on formulating
cancer treatment strategies within a single-drug
framework, which clearly fails to effectively address
the practical needs of combination drug therapy in
clinical settings. Therefore, this study develops a
multi-drug cancer treatment model and conducts
strategy design and simulation investigations
under hypothetical patient-specific parameters
for dual-drug regimens. Based on the previously
proposed adaptive threshold strategy and several
novel strategies integrating threshold-based
and sequential administration patterns, and
conducted a parameter search and optimization
of upper/lower thresholds was performed to
explore the performance improvement of strategies
resulting from threshold adjustments in the
multi-drug framework. Furthermore, a threshold
decay coefficient was introduced to facilitate further
optimization and enhance strategy performance.
Experimental results demonstrate that the newly
proposed multi-drug cancer treatment strategies
outperform the extended traditional strategy.
Parameter optimization of both thresholds and the
threshold decay coefficient improved the survival
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benefit of the strategies to varying degrees. This
indicates that, compared with the traditional
parallel multi-drug treatment model, strategies
incorporating sequential drug administration
characteristics significantly exploit the synergistic
effects among drugs, yielding superior therapeutic
outcomes.

Keywords: computer simulation, multi-drug cancer
therapy, adaptive strategy.

1 Introduction

A major challenge in cancer treatment is the existence
of drug resistance [1], which is the primary cause
of treatment failure. Existing studies have shown
that both intrinsic and acquired drug resistance may
influence cancer treatment outcomes [2]. Previous
research and development efforts based on therapeutic
strategies to overcome drug resistance have yielded
generally unsatisfactory results [3, 4]. A strategy based
on continuous treatment with maximum tolerated
dose (MTD) [5, 6] has significantly improved the
possibility of cancer cure, but it is accompanied by
an extremely high risk of drug resistance progression.
On the other hand, strategies based on the principle
of adaptability [7, 8] have delayed the emergence of
drug resistance and improved patients’ survival [9-
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12]. Among these, the adaptive threshold strategy
(AT50) [13-16] has been extensively studied. Research
on the impact of thresholds on treatment outcomes
indicates that increasing the threshold can lead to
longer survival but also higher progression risk. These
studies have so far focused primarily on single-drug
frameworks.

In this work, we will introduce multi-drug treatment
and combine the classic multi-drug sequential
strategy [17] to construct an adaptive strategy under a
multi-drug framework. Furthermore, we will explore
how changes in the upper and lower thresholds of the
adaptive threshold strategy affect treatment outcomes.
Incorporating the evolutionary characteristics of
drug-resistant cancer cells, we introduce a threshold
attenuation coefficient to investigate whether dynamic
threshold control can further enhance strategy efficacy.
Essentially, we aim to develop a strategy under
multi-drug treatment conditions that is similar to
adaptive strategies in single-drug frameworks, thereby
improving patient survival.

Models

2 Cancer =~ Dynamical Under

Polypharmacy

We modify the single-drug cancer treatment model
in the paper [18] and construct a cancer dynamics
model that can characterize the action of n types of
drugs, as shown in Equation (1). The meanings of
each parameter are listed in Table 1. P is a phenotypic
term consisting of an n-dimensional vector of 0s and
1s: the k-th position takes 0 if the cancer cell phenotype
is resistant to the k-th type of drug (Dj) and 1 if
it is sensitive to D;. Parameters r, d, and K are
consistent with the previous model, representing the
birth rate, death rate, and population carrying capacity
of different cancer cell phenotypes, respectively. Cj,
denotes the killing rate of the k-th type of drug
(Dg), and a summation is performed for the killing
of sensitive phenotypes based on the judgment of

dx,

phenotype P.
2qep® -
a K> 1=~ 5G| = dy

(1)

For the convenience of subsequent analysis, we set
n = 2 (i.e., the cancer treatment model under two
drugs) for further investigation.For the dual-drug
therapy scenario, the n-dimensional phenotypic vector
P in the general form is specified as P = (s, s2),
where s1,s2 € {0,1} correspond to the sensitivity
states of cancer cells to the two drugs, respectively.
Accordingly, the original general symbol x p is replaced
with z(y, ,,) to intuitively reflect the correspondence
between phenotype and drug sensitivity. Substituting
the number of drugs into Equation (1), we obtain
four equations (2)-(5) to characterize the cancer
treatment model under dual-drug conditions.
These four equations correspond to four cancer cell
phenotypes: double-sensitive z(; ), two types of
single-sensitive z(; o) and z (g 1), and double-resistant
T(0,0)- The killing effect of different drugs only acts
on cancer cell populations with sensitive targets,
such that the double-resistant phenotype z(y ) in
Equation (5) has no drug inhibition. Additionally,
with the increase in the number of drugs, it is
no longer feasible to fit parameters using clinical
data. Due to the lack of clinical data for multi-drug
scenarios, and consistent with previous modeling
studies, we adopted hypothetical parameter values
based on biological principles. We believe that when
transitioning from a single-drug model to a multi-drug
model, the main change lies in the addition of new
phenotypes, and the core cancer cell phenotypes can be
approximated. Therefore, the main parameters (e.g.,
those for the double-sensitive and double-resistant
phenotypes) are partially derived from the values
in [18]. Subsequently, the parameters of the newly
added phenotypes are assumed based on the principle

Table 1. Symbols and definitions.

Symbol Meaning Explanation

D ={D,,...,D,} Class N Drugs Set of n drugs.

P=(s1,...,8n) Cancer Cell Phenotype Phenotype vector, where s, € {0,1}.

sp=1 Sensitivity to Dy, Indicates the cancer cell is sensitive to drug Dy,.

s, =0 Resistance to Dy, Indicates the cancer cell is resistant to drug Dj,.
p=1{0,1}"=2" Total Number of Phenotypes All combinations of sensitive/resistant phenotypes for n drugs.
CrL>0 Killing Coefficient of Dy, Toxicity coefficient of the k-th drug.

zp(t) Population of P-phenotype Cancer Cells ~ Time-dependent population of phenotype P cancer cells.
Tp Growth Rate of P-phenotype Cancer Cells Intrinsic growth rate of phenotype P cancer cells.

d, Death Rate of P-phenotype Cancer Cells ~ Natural death rate of phenotype P cancer cells.

K Carrying Capacity Environmental limit for total cancer cell population.
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Table 2. Core parameter values of the cancer drug strategy model.

Parameter Name Value Physical Meaning

T(1,1) 0.027 Basal growth rate of dual-sensitive cells (z(; 1))
T(1,0) 0.021  Basal growth rate of F-only sensitive cells (1 ¢))
T(0,1) 0.020  Basal growth rate of D-only sensitive cells (x(g 1))
T(0,0) 0.015 Basal growth rate of dual-resistant cells (o))
T(1,1)0 0.8595 Initial quantity of dual-sensitive cells (z(; 1)
T(1,0)0 0.0021  Initial quantity of F-only sensitive cells (z( )
T(0,1)0 0.0024  Initial quantity of D-only sensitive cells (z( 1))
T(0,0)0 0.0015 Initial quantity of dual-resistant cells (z ()

o 1.5 Growth inhibition coefficient of Drug D

(s 1.2 Growth inhibition coefficient of Drug F
d1,1) 0.001 Basal death rate of dual-sensitive cells (x( 1))
d(1,0) 0.001 Basal death rate of F-only sensitive cells (m 1 0))
do,1) 0.001  Basal death rate of D-only sensitive cells (a: 0,1))
d(0,0) 0.001 Basal death rate of dual-resistant cells (x(070 )

K 1.5 Carrying capacity

of cost: this principle requires that as the number of
drug-resistant targets increases, the proliferation rate

of cancer cells decreases accordingly.Detailed
parameter values are given in Table 2.
dz (1) Z(0,0) T Z(0,1) +9C(10 +211)
g rapran (1-
x (1 =C1—C2) —danzans
drao) T(0,0) T T(0,1) +$(1o +l(1 1)
—a ~ ez (1-
x (1 =C1) = dg,0)T1,05
dzg 1) - Z(0,0) T T(0,1) +$(10 +$(1 1)
dt - T(071)$(071) 1
x (1-Cy) — d(0,1)%(0,1)
dz 0,0) T(0,0) T Z(0,1) +$(10 +~T(1 1)
. TeoToo (1-
= d0,0)%(0,0)-

3 Threshold Screening for Upper and Lower
Bounds

First, we elaborate on the strategy benefit to facilitate
a quantitative comparison of the effectiveness of
subsequent strategy optimization efforts; the strategy
benefit is primarily characterized by the extension
in survival time achieved by the improved strategy
compared to the original one, where survival time in
simulations is defined as the duration required for
the total cancer volume N to reach the termination
threshold of 1.2, a parameter set in accordance with the
construction principles outlined in [18]. Subsequent
work will focus on two key aspects: the survival time

of the novel strategy formulated by incorporating the
sequential mode outperforms that of the traditional
parallel adaptive strategy mode, and the survival
time of the strategy after parameter optimization
exceeds that of the strategy under the original
parameter conditions. In summary, the strategy
benefit reflects the difference in the time required to
reach the simulation termination point across different
strategies, which objectively demonstrates the positive
impacts brought about by strategy optimization.

In terms of screening the upper and lower thresholds
for strategy control,we extend the AT50 threshold
strategy under the single-drug framework to the
dual-drug framework and construct the strategy
method as shown in Figure 1(A). Second, We integrate
the sequential mode from the periodic strategy
proposed in the existing multi-drug framework [17]
with the threshold control method.Namely those
depicted in Figure 1(D, G, ]J).The legend explanations
for the simulation images of these strategies are
presented in Figure 1(M).The strategies depicted in
panels (D, G, J) of Figure 1 are all formulated by
integrating the threshold-controlled characteristics of
the AT50 strategy and the sequential approach of the
periodic strategy.Specifically, through the differential
combination of threshold control methods and drug
sequential orders, we switch the type of drug used at
the drug failure node, which distinguishes it from the
traditional concurrent processing mode. It should be
noted that the drug failure node here is described as
a state where cancer cells with sensitive phenotypes
to a certain type of drug are on the verge of extinction
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Figure 1. Numerical simulation results of screening and optimization for upper and lower threshold control parameters
under several strategies.
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under the continuous killing effect of that drug. At
this point, it is reflected in the model as a node where
the drug loses its inhibitory effect. The two strategies
depicted in Figure 1(D, G) differ in the order of drug
administration, but they are essentially constructed
under the single sequential administration mode. Two
drug failure nodes are marked in the simulation: after
the first failure node, another type of drug is adopted
when the system recovers to the threshold. After the
second failure node, since both drugs have lost their
original killing advantages to varying degrees, the
traditional concurrent mode is used in the final stage
for ultimate inhibitory killing. The strategy described
in Figure 1(J) is similar to this, with the difference
that a continuous sequential administration mode
is adopted. Simulations show that the continuous
sequential administration mode is slightly less effective
than the other two administration modes; even so, it
still achieves a strategy benefit of more than 50 days
higher than that of the traditional AT50 strategy.

In the threshold strategy, the core parameters
influencing a patient’s survival time are the upper
threshold a; and the lower threshold as. Therefore, we
performed a parameter search on the thresholds of the
four strategies (A, D, G,]) to obtain the optimal control
parameters, thereby delaying the progression of drug
resistance as much as possible and achieving the goal
of prolonging the patient’s survival time. In this study,
the search range for the upper threshold is set as
a; = [0.5, 1], the search range for the lower threshold
is aa = [0.1,0.5], and the search step size is 0.01.
Figure 1(B, E, H, K) illustrate the strategy simulation
trajectories under varying parameters, where the black
trajectory represents the simulation result under the
control of the original threshold [a;, as] = [1,0.5].The
yellow trajectories represent the control methods
whose strategy benefits exceed the default threshold
parameters, while the green trajectories correspond
to those underperforming the model parameters.
Simulations of cancer cell treatment trajectories for the
four strategies under different threshold parameters
all indicate that the threshold parameters indeed
contain key components for further improving the
effectiveness of the strategies.

Figure 1(C,E I, L) are heatmaps of the survival benefits
of different strategies when the upper and lower
thresholds change, with the red asterisk indicating the
benefit corresponding to the original threshold. The
imaging results demonstrate that the search for the
upper and lower thresholds effectively prolongs the
patient’s survival time. The simulation results of the

optimal parameter combinations obtained through the
search for the four strategies are shown in Figure 1(N);
it can be observed that the three schemes combining
the periodic strategy and the threshold strategy are all
superior to the extended AT50 strategy.

The comparison results of the benefits of different
strategies and the effectiveness of the threshold
screening work are presented in Figure 1(0O), the
benefit comparison of the original blue strategies
without threshold parameter optimization shows that
the three control strategies combining sequential
administration and thresholding all outperform
the concurrent AT50 strategy by more than 50
days.This indicates that compared with concurrent
administration, the sequential administration modes
of the two drugs exert a stronger competitive
inhibitory effect on drug-resistant cancer cells. This
is because the multi-drug sequential mode enables
each subpopulation of sensitive cancer cells to gain
greater competitive advantages. The similar strategy
benefits of Original Strategy 2 and Strategy 3 in
Figure 1(O) illustrate that under the sequential mode,
changing the order of drug administration does not
have a significant impact on the strategy benefits.
Finally, the green section presents the performance
improvement results of the strategies after threshold
parameter optimization. It can be clearly observed
that the three newly constructed strategies still
outperform the traditional AT50 strategy in terms of
benefits. Furthermore, the optimization of threshold
parameters leads to a performance improvement of
more than 150 days for the AT50 strategy, while
the other strategies generally achieve a performance
enhancement of over 100 days. This indicates that
under the multi-drug cancer model, the optimization
of threshold parameters can indeed greatly tap into
the potential performance benefits of the strategies.

4 Threshold Attenuation Coefficient:

Introduction and Screening

The method of using fixed upper and lower thresholds
loses a certain degree of adaptability to the changes
in cancer cells. Specifically, as cancer progresses, the
proportion of drug-resistant cancer cells increases,
and the continued use of fixed thresholds will make
it difficult to cope with this situation. Here, we
introduce threshold attenuation coefficients into the
upper and lower threshold control parameters to
dynamically adapt to changes in drug-resistant cancer
cells, aiming to achieve the maximum competitive
inhibition effect. In this section, we conduct a screening
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Figure 2. Numerical simulation results under parameter optimization with the introduction of a threshold decay
coefficient.

of threshold attenuation coefficients for the previously
mentioned AT50 strategy and two newly developed
control strategies. The initial value ranges for both the
upper threshold attenuation coefficient and the lower
threshold attenuation coefficient are set to [0.9990,
1.0010], with a search step size of 0.0001.

The first row of subfigures in Figure 2 simulate
the results of the three original strategies under the
default threshold attenuation coefficient conditions.
At this point, the default target parameters of the
threshold attenuation coefficients [b1, b2] for the three
simulated strategies are set to [1,1]. Figure 2(A)
shows the threshold control method extended to the

dual-drug framework, while Figure 2(B, C) represent
two new strategies we developed by combining the
characteristics of threshold strategies and sequential
strategies. Figure 2(D, E, F) present simulations of the
optimal strategies under the searched best threshold
attenuation coefficients. The results indicate that the
introduction of attenuation coefficients significantly
improves the performance of the original strategies.
Figure 2(G, H, I) provide examples of heatmaps during
the threshold attenuation coefficient screening process,
where the abscissa denotes the lower threshold
attenuation coefficient, the ordinate represents the
upper threshold attenuation coefficient, and the
color difference reflects the survival benefit of the
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strategy under different parameter combinations. The
heatmaps for all three strategies demonstrate that
there exists a set of threshold attenuation coefficient
combinations that can further enhance the strategy
performance. Figure 2(]J, K, M) illustrate the change
trajectories of the overall cancer cell volume under the
three strategies during the variation of attenuation
coefficients. Default Parameter Strategy are plotted in
black, while the optimal control strategies are shown
in green.

5 Conclusion

Research results indicate that both the AT50 strategy
extended to the dual-drug framework and several
strategies we developed by integrating traditional
threshold control methods with sequential strategies
have achieved varying degrees of improvement
in strategy benefits during the optimization of
the strategies” upper and lower threshold control
parameters. Furthermore, the additional optimization
with the introduction of a threshold decay coefficient
has yielded even more significant improvements in
strategy benefits across all original strategies. On
the other hand, the newly developed multi-drug
control strategies, like the traditional AT50 strategy,
can regulate drug administration based on clinically
monitored cancer cell volume. Such mathematical
model-independent interactive control strategies offer
valuable guidance for multi-drug therapy.

However, under the assumed cancer patient parameter
conditions, the newly developed control strategies
only approached the survival benefit of the extended
AT50 strategy. Through analysis, we found that in
multi-drug therapy scenarios, the additional benefits
of the new strategies integrated with sequential
methods mainly stem from the interaction of the two
drugs to maintain the competitive dominance of the
three types of sensitive cancer cells. Therefore, this
result arises because the proportional composition
of the two types of single-sensitive cells in the
assumed patient parameters is nearly consistent
with that of dual-resistant cells. In future research,
we need to formulate strategies under a broader
range of cancer patient parameter conditions to
enhance the generalization ability of the strategies.
Moreover, in more drug therapy scenarios, exploring
the population competitive advantage of sensitive
cancer cell phenotypes to a greater extent can greatly
improve drug efficacy, achieving a treatment mode
superior to traditional parallel multi-drug therapy.
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