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• Cancer is a serious a public health problem.

• Chemotherapy is vital for  cancer treatment., but chemotherapy is Double-edged sword.

• Serious side effects and drug resistance arise from clinically maximum tolerated doses (MTD) -based 

chemotherapy.

• Adaptive therapy (AT) is adapted to the patient's condition and response, reducing chemotherapy toxicity, 

       more effective.

• Mathematical models help us understand the biological evolution of cancer and formulate optimal cancer 

treatment.

Introduction: The problam of cancer treatment

      So far, Most of the adaptive treatment policies in the past are special cases and temporary. The results of 

      clinical trials are not stable. 

      The problem of optimizing an individual's appropriate schedule and drug dosage remains unresolved.



This project focus on 

• Mathematical modeling on tumor and individualized immune status.

• Using the parameters exploration and optimization of the mathematical model. 

• To make the model reflect the actual situation more accurately.

• providing theoretical guidance for the customization of tumor treatment.

Introduction:  



• Section 1. Summarize representative dynamics of models in 
publications, then build up the master mathematical model capturing 
the dynamic characters of the previous models.

• Section 2. analyze the characters of the master model such as temporal 
evolution and phase plot of the system without drug. 
In order to gain some qualitative insight into the possible solutions of the system 
before classifying them in a systematic and exhaustive way, I consider a few 
arbitrarily chosen sets of the model parameters, namely the repression term from 
immune cells to tumor growth, and stimulation term from tumor cells to immune 
system, and solve the system numerically in Python.

• Section 3. The master mathematical models would be numerically 
verified.
I investigate how to design the best drug treatment to eliminate the tumor in the 
shortest time frame. 
It is  assumed that the chemotherapeutic drug is given to the patient as a continuous 
Dirac Delta Function.

• Finally, conclusions of the mathematical findings would be made. Figure 1. Illustration of Tumor-Immune-Drug  network.

Methods and Results



Figure 2. Four dynamic scenarios from Model 1 
presented in publications.

(a) TID dynamic when initial condition T=1, I=1, D=0. The density of tumor cells first 
increases and then decreases, maintaining a density (approximately 3) similar to that of 
immune cells, without drug.
(b) TID dynamic when initial condition T= 50, I=1, D=0. Tumor cell density rapidly 
increases to the plateau stage (approximately 100), and immune cell density is always 
low without drug.
(c) TID dynamic when initial condition T= 10, I=1, D=10. With the addition of the drug, 
the tumor cell density decreases from a high position until it maintains a density 
(approximately 3) similar to that of immune cells.
(d) TID dynamic when initial condition T= 50, I=1, D=10. The tumor cell density 
gradually rises to the plateau high (approximately 100), the drug loses its effect, and the 
immune cell density remains low.
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(c) (d)
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Figure 3. Four dynamic scenarios from Model 2 presented in 
publications 

(a) and (b) TID dynamic when initial condition (T=1, I=1, D=0) and (T= 50, 
I=1, D=0). Without drug, tumor cell density fluctuates with immune cell 
density. When the immune cells are high, the tumor cells are low; when the 
immune cells are depleted to a low density, the tumor cell dengsity increases 
again. 
(c) and (d) TID dynamic when initial condition (T= 10, I=1, D=10) and (T= 50, 
I=1, D=10) . With the addition of the drug, Initially, the immune response is 
suppressed to a certain extent. Later the density of subsequent tumor cells 
fluctuates with the density of immune cells. Finally the four groups reach the 
balance between tumor and immune cells (approximatel density 5 and 10).

(a) (b)
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(a) and (b) TID dynamic when initial condition (T=1, I=1, D=0) and (T= 50, I=1, 

D=0). Without drug, tumor cells grow rapidly out of control (approximate density 100) 

and the density of immune cells is always low. 

(c) and (d) TID dynamic when initial condition (T= 10, I=1, D=10) and (T= 50, I=1, 

D=10). With the addition of drug, the tumor cells grow slightly at the initial stage, 

gradually grow to a high plateau (approximate density 100), out of control.Figure 4. Four dynamic scenarios from Model 3 presented in 
publications . 

(a) (b)

(c) (d)

Methods and Results



(a) TID dynamic when initial condition T=1, I=1, D=0. Tumor grows fast to 
plateau period (approximate density 20).
(b) TID dynamic when initial condition T= 50, I=1, D=0. The initial density of 
tumor cells are much higher (higher than 40),  growing drop to the density of 
plateau period(approximate density 20). 
(c) TID dynamic when initial condition T= 10, I=1, D=10. Initially drug can inhibit 
the density of tumor (approximate density 1), but gradually tumor grows to the the 
density of plateau period(approximate density 20). 
(d) TID dynamic when initial condition T= 50, I=1, D=10. The initial density of 
tumor cells are much higher (higher than 40),  initially drug can inhibit the density 
of tumor (approximate density 1), but gradually tumor grows to the the density of 
plateau period(approximate density 20). 

Figure 5. Four dynamic scenarios from Model 4 presented in 
publications.
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(a) TID dynamic when initial condition T=1, I=1, D=0. Tumor stimulate immune 
response and immune cells inhibit tumor growing, finally reaching to the balance 
(immune 10 and tumor 1). 
(b) TID dynamic when initial condition T= 50, I=1, D=0. Tumor at the initial density 
50 grows fast to plateau period (density 100),out of control. 
(c) TID dynamic when initial condition T= 10, I=1, D=10. Drug inhibit initial immune 
response, finally reaching to the balance (immune 10 and tumor 1). 
(d) TID dynamic when initial condition T= 50, I=1, D=10. Drug inhibit initial immune 
response and tumor at the initial density 50, finally reaching to the balance (immune 10 
and tumor 1).

Figure 6. Four dynamic scenarios from Model 5 
presented in publications.
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Figure 7. Master equation to capture dynamics in five 
distinctive published TID models.

The master equations is:

We summarized 5 distinctive models from recent 
publications .  In each model, T (t) is the tumor cell 
biomass, I (t) is the immune cell biomass and D(t) is 
the amount (or concentration) of chemotherapeutic 
drug in the bloodstream at time t.

Based on the above five model assumptions, their 
applicable scenarios, and their dynamics, we 
concatenate all five distinct equations into a master 
equation sets to capture all possible tumor-immune-
drug relationship.
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Temporal evolution of the system without 
Drug

Figure 8 (left) time series of tumor and immune cell at µ1=1.5, µ2=3.5;
                 (right) time series of tumor and immune cell at µ1=2.2, µ2=4.2

  we consider a few arbitrarily chosen sets of the (µ1, µ2) parameters and 
solve the system numerically in Mathematica.

Figure 9 (left) phase portrait of network at µ1=1.5, µ2= 3.5;  
               (right) phase portrait of network at µ1=2.2, µ2=4.2

In order to determine the effect of the initial conditions on the behavior 
of the system, a phase portrait was drawn in Fig.4(left).Fig.4(right) 
shows the other phase portrait for µ1=2.2, µ2=4.2.  Mostly there would 
be a final balance between tumor and the immune cells.

Phase portrait
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It shows the situation when the initial condition of TID is fixed at T=50, I=1, 
D=10. We are varying t1 , t2 , and Dconst . Interestingly, we see when the drug 
influx rate is too small (Dconst=1), the tumor growth slowed down, but still 
increasing (Figure 11a, c). When t1 = 1 , Dconst = 10 , the tumor growth is 
significantly slowed down, but occurs as an oscillation (Figure 11b). While 
when t1 = 2 ,D const = 10 , the tumor cell can be eliminated from the system in 
within 3 drug cycles (Figure 11d). 

Figure 11 Effect from Drug influx rate to TID dynamic 

After establishing the master equation, we can investigate how 
can we design the best drug treatment to eliminate the tumor in 
the shortest timeframe. We assume the chemotherapeutic drug is 
given to the patient as a continuous Dirac Delta Function .

Figure 10 taking drug effect function 

Numerical simulation of the TID model
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Figure 12: TID system dynamic under various drug treatment (selected 16 representative) 

  Despite the drug influx parameters in Figure 12, first row can all eliminate the tumor, last subfigure of the second row (red 
boxed image) is preferred treatment. Because t_2 is long, while D_const is relatively in smaller dose.

In order to conduct a more precise search, we searched thousands of different combinations of t1 ,, and . We set an initial range for the 
value of t1 , t2 , Dconst and , e.g.  0 ≤ t1 ≤ 2, 10 ≤ t2 ≤ 20 , and 0 ≤  Dconst ≤ 20 . We look for 
·  The minimum timeframe for tumor density to decrease under 0.01.
·  The area of t1 * Dconst of drug cycles to eliminate tumor to 0.01 is minimum.
·   t1 and Dconst should be as short and small as possible,  t2 should be as long as possible.

Numerical simulation of the TID model
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• Summarized five representative models in publications

• Built a master model that can cover the dynamic characters of  previous five models.

• Studied the temporal evozlution and phase plot of the model. 

• Developed a matrix for deciding the treatment plan is effective and painless for patient

• Studied how the master model can be applied to design optimal drug treatment.

Conclusion
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