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Experimental Mice Data in Xu et al. (2017)

No drug

NHS-muIL12 (2 µg)

NHS-muIL12 (10 µg)

Avelumab (200 µg)

NHS-muIL12 (2 µg) +

Avelumab (200 µg)

NHS-muIL12 (10 µg) +

Avelumab (200 µg)

Combination therapy enhanced antitumor efficacy compared to

monotherapy.



Submodel Fits to Data: Monotherapy Treatment

fitted curve

data points

No drug

NHS fitted curve

data points

NHS-muIL12 (10µg)

Av Av Av

fitted curve

data points

Avelumab (200µg)

Relatively good fits for the monotherapy case



Predictions: Combination Treatment
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Not qualitatively as good fits



Elpi’s Original Model
• Constant epsilon, but fitted for each mode. 

Fits are very nice!

• Slight changes to her original parameters:

• Incorporated the 3 new parameter 
values suggested earlier by Aigerim.

• Set K_A1 and K_A2 to the estimated 
values that Elpi derived from literature, 
but decided not to use.

• I let epsilon range from 1 to 400 in the 
fitting process.



mMt� mice. Avelumab was administered on a repeat dosing
schedule (400 mg, days 0, 4, 7, 11, 14, 18, and 21) to promote
a sustained antitumor immune response. To prevent the induc-
tion of an immunogenic response to avelumab at this extended
dosing schedule, B-cell–deficient mice were used. In these experi-
ments, mMt� mice bearing subcutaneous MC38 tumors (�50
mm3) were given a single dose of NHS-muIL12 alone (2 or 10 mg,
day 0) or in combination with avelumab. The isotype control was
administered at the same dose and schedule as avelumab. Tumor
growth was not significantly inhibited by avelumab (T/C ¼ 74%,
day 21) or NHS-muIL12 (2 or 10 mg; T/C ¼ 55% and 39%,
respectively, day 21) monotherapies compared with isotype con-
trol (Fig. 2A and B). Combination treatment with avelumab and
NHS-muIL12 (2 or 10 mg) enhanced antitumor efficacy (T/C ¼
19% and 10%, day 21) compared with avelumab (P < 0.0001 for
both, day 21) and NHS-muIL12 (P¼ 0.0006 and 0.0001, respec-
tively, day 21) monotherapies. Combination treatment with
avelumab and NHS-muIL12 (2 or 10 mg) also extended survival
in MC38 tumor-bearing mice (Fig. 2C), resulting in longer medi-
an survival times (35.5 and 36.5 days, respectively) than those of
mice treated with avelumab (23.5 days) or NHS-muIL12 (2 mg or
10 mg; 28 and 29.5 days, respectively). The results in both EMT-6
andMC38models demonstrate that combination treatment with
NHS-muIL12 and avelumab is superior to either monotherapy in
inhibiting tumor growth.

NHS-muIL12 and avelumab combination treatment elicited
changes in immune phenotype in tumor-bearing mice

To further delineate the mechanism by which NHS-muIL12
and avelumab combination therapy enhanced antitumor activity,
immune phenotypic signatures were determined via flow cyto-
metry. In EMT-6 tumor-bearing BALB/c mice, NHS-muIL12
monotherapies enhanced proliferation of splenic NK and CD8þ

T cells in a dose-dependent manner (Fig. 3A). Combination
treatment with NHS-muIL12 (10 mg) and avelumab further
enhanced the proliferation of splenicNKandCD8þT cells relative
to NHS-muIL12 (P ¼ 0.0125 and P ¼ 0.0261, respectively) or
avelumab (P < 0.0001 and P ¼ 0.0347, respectively) monothera-
pies (Fig. 3A). Similarly, in MC38 tumor-bearing mMt� mice,
combination treatment withNHS-muIL12 (10 mg) and avelumab
increased the percentage of proliferating CD8þ T cells in the
spleen (P < 0.0001) and tumor (P ¼ 0.0021) relative to NHS-
muIL12 monotherapy (Supplementary Fig. S2A).

In EMT-6 tumor-bearing mice, combination treatment with
NHS-muIL12 (10mg) and avelumab significantly increased splen-
ic effectormemory T (TEM) cell frequency relative toNHS-muIL12
and avelumab monotherapies (P ¼ 0.0077 and 0.0084, respec-
tively) and trended toward an increase in splenic central memory
T (TCM) cell frequency (Fig. 3B). Similarly, in MC38 tumor-
bearing mice, combination therapy increased splenic TEM cell
frequency relative to NHS-muIL12 (P < 0.0001) and avelumab
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Figure 1.

NHS-muIL12 and avelumab combination treatment had a synergistic antitumor effect and induced long-term protective immunity in EMT-6 tumor–bearing
mice. A–C, EMT-6 tumor–bearing BALB/c mice (n¼ 8 mice/group) were treated with: (i) isotype control (200 mg), (ii) NHS-muIL12 (2 mg), (iii) NHS-muIL12 (10 mg),
(iv) avelumab (200 mg), (v) NHS-muIL12 (2 mg) þ avelumab (200 mg), or (vi) NHS-muIL12 (10 mg) þ avelumab (200 mg). NHS-muIL12 was injected as
a single subcutaneous dose on day 0, and avelumab or isotype control were administered intravenously on days 0, 3, and 6. A, Average tumor volumes, measured
twice weekly. Error bars represent SEM. B, Individual tumor volumes, in which each line represents a single mouse. P values were calculated by two-way
ANOVA followed by Bonferonni posttest. C, Kaplan–Meier survival curve and proportion of tumor clearance in each treatment group. D,Mice in complete remission
for 3 months following last combination treatment (mice from two repeat studies) and na€�ve BALB/c mice were challenged with EMT-6 (n ¼ 20 and 8,
respectively) or 4T1 (n ¼ 5 and 8, respectively) cells by orthotopic injection on the opposite mammary pad of the original tumor site. Average tumor volume after
implantation. Error bars represent SEM. n.s., not significant.
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Overview

The use of immune checkpoint inhibitors is becoming more commonplace

in clinical trials across the nation. Two important factors in the

tumor-immune response are the checkpoint protein programmed death-1

(PD-1) and its ligand PD-L1. We propose a mathematical

tumor/immune model using a system of ordinary differential equations to

study the dynamics of the system with and without the use of anti-PD-1,

a checkpoint inhibitor which allows more T cells to recognize and fight

tumor cells. A sensitivity analysis is conducted to determine the

parameters driving the tumor burden. We consider the system without

the anti-PD-1 drug to conduct a mathematical analysis of the model to

determine the stability of the tumor-free and tumorous equilibria,

comparing our findings with that of the simulations. Through

simulations, we found that a normally functioning immune system may

control tumor, in contrast to a weak immune system. When applying the

treatment continuously, we observe treatment with anti-PD-1 alone may

not be sufficient to eradicate the tumor cells.
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Overview

The immune system works to differentiate between healthy cells and

abnormal cells. Immune cells, known as T cells, fight the abnormal cells

while leaving the healthy cells untouched. In accomplishing this, the use

of “checkpoints”, molecules on immune cells that enhance or suppress an

immune response, is employed.

Two important factors in the tumor-immune response are programmed

death-1 (PD-1) and its ligand PD-L1. PD-1 is a protein expressed on

activated T cells. PD-L1, found mainly on various types of tumor cells

and T cells, is one of PD-1’s ligands. When PD-1 binds to PD-L1, the

PD-1-PD-L1 complex is formed, allowing the cell expressing PD-L1 to be

unrecognized as a danger when detected. In response to an immune

attack, tumor cells may overexpress PD-L1 and PD-L2 which can bind to

PD-1 receptors on T cells, reducing or eliminating the effectiveness of T

cells’ attacks.
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The Birth of Immunotherapy

Immunotherapy has been around for over 100 years, beginning most

notably with “Coley’s Toxins”

www.chipsahospital.org



Immunotherapy

Immunotherapy seeks to activate the immune system to fight cancer.

Immuno-Oncology The 4th Pillar of Cancer Therapy: How does it work and managing adverse events Presentation by Vanessa Bernstein, MD



Immunotherapy Types

Main Types:

Monoclonal antibodies

Cancer vaccinations

Immune checkpoint inhibitors

Oncolytic virus therapy

Other, Non-specific immunotherapies

Immune checkpoint Inhibitors:

≈ 600% increase in clinical trials between 2015-2017

≈ 12.46% patient response in 2017 compared to ≈ 0.14% in 2011

www.cancer.org



Motivation



Develop a simple enough model that still captures all the underlying

biological mechanisms and describes immune checkpoint inhibitor

therapy.

Examine the effects of a single treatment to enhance the appreciation and

understanding of a combined treatment.



Model Formulation

C = cancer cells

T = T-cells



Model Formulation

dC

dt
= λCC

(

1 −

C

CK

)

︸ ︷︷ ︸

net tumor growth

− ηCT
︸︷︷︸

killed by T cells

dT

dt
=

(

λTI12
TN

I12

KI12
+ I12

︸ ︷︷ ︸

activation by IL-12

+λTI2
T
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KI2
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︸ ︷︷ ︸

stimulation by IL-2

)

·

1

1 + Q

KTQ

︸ ︷︷ ︸

inhibition by PD-1-PD-L1

− dT T
︸︷︷︸

death

dA

dt
= γ(t)

︸︷︷︸

effective level of anti-PD-1

− µPAPA
︸ ︷︷ ︸

depletion through blocking PD-1

− dAA
︸︷︷︸

natural degradation

Q = σPL

P = (ρp − γA)T

L = ρL(T + ǫCC)



Case 1: No Drug + Strong Immune System
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Case 1: No Drug + Strong Immune System
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People with a strong immune system have a chance to eradicate tumor.



Case 2: Intermittent Treatment
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Case 2: Intermittent Treatment: Close up
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Case 2: Intermittent Treatment: Close up

150 200 250 300 350

Time (Days)

0.48

0.5

0.52

0.54

0.56

0.58
C

 (
g

/c
m

3
)

Tumor Cells (C)

No Drug

150

90

60

30

10

3

Continuous

More frequent treatments produce more effective results compared to

less frequent.

A continuous therapy offers the best control for the tumor cells.



Case 3: Switch on/off Treatment
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Case 3: Switch on/off Treatment
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Once the treatment has ended, the density of the tumour cells and

activated T cells eventually approach the same steady state as if no drug

had ever been applied.



Conclusion for Project 1

1 Cancers are more common and significant for patients with weakened

immune systems.

2 Continuous treatment is more preferable to intermittent treatment in this

case.

3 Upon intermittent treatment more frequent injections proved to have

more effective results.

4 Combining anti-PD-1 with an additional treatment is the most effective

way to treat tumors.



Open Questions for Project 1

1 Connect the model to preclinical data (Project 2).

2 Adapt the model to investigate a combination type of treatment (Project

2).

3 Perform mathematical analysis on the full model (Shi et al. (2020))

4 Examine the effects of treatment resistance through the incorporation of

two competing cancer species (sensitive/insensitive).

1Shi, S., J. Huang and Y. Kuang, “Global dynamics in a tumor-immune model with an

immune checkpoint inhibitor.” DCDS-B in review (2020).



Motivation

Dramatic increase in the number of clinical trials between 2015 and

2017.

www.labiotech.eu



Motivation



Formulation of Mathematical Model

Variable Meaning Unit

V tumor cell volume mm3

T volume of activated T cells mm3

dV

dt
= Vg(V)− p(V)T

dT

dt
= δF(V, T)− dTT

1 The tumor growth rate g(V) is a continuously differentiable function and

there exists a K > 0 such that g(V) > 0 when V ∈ (0,K) and g(V) < 0

for V > K.
2 The kill rate of the tumor cells p(V) is an increasing function of the

tumor volume V such that p(0) = 0.
3 The T cell activation function F(V, T) is a positive and decreasing

function of both variables.



Equilibria and Stability

There are two unique equilibria:

E
∗

0 = (0, T
∗

0 ) tumor-free

E
∗ = (V∗

, T
∗) tumorous

Let H(V) = Vg(V)
p(V)

Theorem

E
∗

0 is globally attractive with respect to positive solutions if H
′(V) < 0 for

V > 0 and δF(V,H(V))− dTH(V) has no positive solution.

Proposition 3.4.5

E
∗ = (V∗

, T
∗) is stable if H

′(V∗) < 0 and

H
′(V∗)

[

δ
∂
∂T

F(V∗
, T

∗)− dT

]

+ δ
∂
∂V

F(V∗
, T

∗) > 0



Logistic Growth Dynamics

dV

dt
= Vg(V)− p(V)T

dT

dt
= δF(V, T)− dTT

where,

g(V) = r(1 −
V

VK

), p(V) = ηV

Theorem

The following are true:

If r < ηT
∗

0 and no tumorous equilibrium exists, then the tumor-free

equilibrium E
∗

0 of the system is globally asymptotically stable.

If
ηǫV VK

r
< 1 and f ( r

η
) < 0 then the tumorous steady state E of the system

is globally asymptotically stable.



Exponential Growth Dynamics

dV

dt
= Vg(V)− p(V)T

dT

dt
= δF(V, T)− dTT

where,

g(V) = r, p(V) = ηV

Corollary (3.4.12)

E
∗

0 is locally asymptotically stable if r < ηT
∗

0 .

Corollary (3.4.13)

E
∗

is a saddle point.



Experimental Mice Data in Xu et al. (2017)

No drug

NHS-muIL12 (2 µg)

NHS-muIL12 (10 µg)

Avelumab (200 µg)

NHS-muIL12 (2 µg) +

Avelumab (200 µg)

NHS-muIL12 (10 µg) +

Avelumab (200 µg)

Combination therapy enhanced antitumor efficacy compared to

monotherapy.



Model Flow-Chart

V =volume of tumor cells

T = volume of T-cells



Model Flow-Chart

V =volume of tumor cells

T = volume of T-cells



Model Formulation

dV

dt
= rV

︸︷︷︸

net tumor growth

− ηVT
︸︷︷︸

killed by T cells

dT

dt
=

(

δ
︸︷︷︸

source

+λTI12
T

c2A2

KA2
+ c2A2

︸ ︷︷ ︸

stimulation by IL-12

)

·

1

1 + Q(V,T,A1)
KTQ

︸ ︷︷ ︸

inhibition by PD-1-PD-L1

− dT T
︸︷︷︸

death

dA1

dt
= γ1(t)

︸︷︷︸

infusion rate of avelumab

− dA1
A1

︸ ︷︷ ︸

natural degradation

dA2

dt
= γ2(t)

︸︷︷︸

infusion rate of NHS-muIL12

− dA2
A2

︸ ︷︷ ︸

natural degradation

Q = σρPρLT(T + ǫvV)

(

1 −

A1

A1 + KA1

)



Derivation of Q (PD-1-PD-L1 Complex)

Ltotal = Lfree + Lbound

Lfree = ρL(T + ǫvV)− Lbound

Q = σPLfree = σρpT(ρL(T + ǫvV)− Lbound) (1)

Next, we consider the reaction scheme:

Lfree + A1

k+1

⇋

k−1

Lbound,

Lbound =
A1

A1 + KA1

(ρL(T + ǫvV)) (2)

By substituting equation (2) into equation (1), we derive the following

expression for Q,

Q = σρPρLT(T + ǫvV)

(

1 −
A1

A1 + KA1

)

, with σ = αPL/dQ.



Submodel Fits to Data: Monotherapy Treatment

fitted curve

data points

No drug

NHS fitted curve

data points

NHS-muIL12 (10µg)

Av Av Av

fitted curve
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Avelumab (200µg)

Relatively good fits for the monotherapy case



Predictions: Combination Treatment
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Not qualitatively as good fits



Synergy Between Avelumab and NHS-muIL12 (Full System)

γ1 = Avelumab

γ2 = NHS-muIL12



Synergy Between Avelumab and NHS-muIL12 (Full System)

γ1 = Avelumab

γ2 = NHS-muIL12



Synergy Between Avelumab and NHS-muIL12 (Full System)

γ1 = Avelumab

γ2 = NHS-muIL12



Synergy Between Avelumab and NHS-muIL12 (Full System)

γ1 = Avelumab

γ2 = NHS-muIL12

About a third of the two drugs in combination required compared to monotherapy.



Limiting System

Using a quasi-state approximation: A1 = γ1

dA1
and A2 = γ2

dA2

dV

dt
= rV − ηVT,

dT

dt
=
(

δ + λTI12
TM

)

F(V, T)− dT T

where,

M =
c2γ2

dA2
KA2

+ c2γ2

,

N =
c1γ1

dA1
KA1

+ c1γ1

,

Q = σρpρlT(T + ǫvV)(1 − N),

F(V, T) =
1

1 + α′T(T + ǫvV)
,

α
′ =

σρpρl

KTQ

(1 − N), with N < 1.



Full System vs Limiting System

γ1 = Avelumab

γ2 = NHS-muIL12
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Full System vs Limiting System

γ1 = Avelumab

γ2 = NHS-muIL12

!"##$%&’()*
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Qualitative behavior of the systems is comparable.



Conclusion

1 Developed a simple biologically meaningful system that models the

tumor volume behavior given the mice data.

2 Able to fit well the submodels of the full model to the monotherapy

cases.

3 Model predictions indicated that the dual therapy at lower doses of

NHS-muIL12 well is not well described. However, the model does make

qualitatively good predictions at higher NHS-muIL12 doses.

4 The treatment regimen of continuous administration used for both the

full and limiting systmem suggested similar qualitative behavior.

5 The two drugs act synergistically, such that, compared to monotherapy,

only about one-third the dose of both drugs is required in combination

for tumor control.



Back to Elpi’s Original Model
Bruce Pell



Original Model



Elpi’s Original Model
• Constant epsilon, but fitted for each mode. 

Fits are very nice!

• Slight changes to her original parameters:

• Incorporated the 3 new parameter 
values suggested earlier by Aigerim.

• Set K_A1 and K_A2 to the estimated 
values that Elpi derived from literature, 
but decided not to use.

• I let epsilon range from 1 to 400 in the 
fitting process.



Epsilon across treatments: Adaptive Response

• Observation: All other parameters being fixed, epsilon 
increases with NHS-muIL12 treatment (mode 2 and 3) 
relative to the no drug case. 

• Proposed Mechanism: Tumor is upregulating PD-LI to 
counter the boosted immune system (T-cells) from the 
NHS-muIL12 treatment. More PD-L1 allows for more 
PD-1-PD-L1 complex, the complex that sends the signal 
to “switch off” the T-cells ability to kill. 

• Avelumab: The introduction of Avelumab which is anti 
PD-L1 prevents the formation of the complex PD-1-PD-
LI, by binding to PD-L1 in the tumor surface, thus 
reducing epsilon. Perhaps, epsilon should be thought 
of as proportion of active/functional PD-L1 from the 
tumor surface.

• Combination: Mode 5 and 6, show that NHS-mulIL12 is 
again stimulating the tumor to upregulate PD-L1 to 
counter the immune system.



Epsilon as a function of treatment

• First term captures the tumor's counter-adaptive response 

to immune stimulation by NHS-muIL12. Tumor upregulates 

PD-L1 to try and evade immune system.

• Second term represents Avelumab's ability to reduce the 

effective proportion of active PD-L1 on tumor cells.

• Epsilon set to 50 (Elpi’s original value), so we only estimate 

the two alpha parameters.

• Note: another mechanism for the tumor’s counter-adaptive 

response is immune system exhaustion.



Excellent fittings

Estimate epsilon and the two alpha parameters.



Open Questions

1 Consider a more personalized approach by determining patient-specific

parameters for each mouse.

2 Adapt the model to investigate the combination of different immune

checkpoint inhibitors with other forms of treatment, such as

chemotherapy.

3 Study the identifiability of the model.
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Simulations Report

Data Extraction from Xu et al., 2017
To simulate and validate treatment strategies involving monotherapy and combi-
nation immunotherapy, I retrieved experimental data from Xu et al., 2017 using
WebPlotDigitizer. Specifically, I extracted tumor volume data for the following
treatment modes, which had outliers:

• Mode 3: Only NHS-muIL12 at 10µg

• Mode 5: Avelumab + NHS-muIL12 at 2µg

• Mode 6: Avelumab + NHS-muIL12 at 10µg

The data consists of 2 mice groups with 8 individual mice in each, receiving
different treatment strategies. The data was extracted for each individual, excluding
the outliers. Further the data for each mode were averaged. The tumor volume
dynamics for these three cases are shown below:

(a) Mode 3: Avelumab
monotherapy. Tumor vol-
ume steadily increases af-
ter day 6, indicating insuffi-
cient immune activation for
tumor control.

(b) Mode 5: Avelumab +
NHS-muIL12 (2 µg). Tu-
mor volume initially in-
creases up to day 6 and then
declines significantly, indi-
cating partial tumor regres-
sion.

(c) Mode 6: Avelumab +
NHS-muIL12 (10 µg). A
stronger and more rapid de-
crease in tumor volume is
observed after day 6, lead-
ing to complete tumor elim-
ination by day 17.

Figure 1: Tumor volume data extracted from Xu et al., 2017 for different treatment
modes. Mode 3 shows monotherapy with avelumab, while Modes 5 and 6 represent
combination therapies with increasing doses of NHS-muIL12.

Model Adjustments Based on CD8+ T Cell Dynamics
The modification I propose is to change the activation rate of T cells by IL-12 and
adjust the degradation rates. The reason is that the paper by Xu et al., 2017, where
we retrieved the data using WebPlotDigitizer, focuses solely on CD8+ T cells, which
are responsible for directly killing tumor cells.

In the model presented by Nikolopoulou et al., 2021, which we are trying to
improve, a single activation rate λTI12 is used for all T cells (CD8+ and CD4+). The
value for this rate, λTI12 = 8.81 day−1, was adopted from Lai and Friedman, 2017,
where the individual contributions were:
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• λT8I12 = 4.15 day−1 for CD8+ T cells,

• λT1I12 = 4.66 day−1 for CD4+ T cells.

Since Xu et al.’s data is based on CD8+ cells only, I propose to use only λT8I12 =
4.15 day−1.

Degradation Rate Correction
In addition to this, I propose updating the degradation rates of Avelumab (A1) and
NHS-muIL12 (A2). The original model by Nikolopoulou et al., 2021 used:

dA1 = 0.1136 day−1, (half-life: 6.1 days)
dA2 = 0.69 day−1, (half-life: 1 day)

These values were derived from human data. However, the tumor data used for model
validation comes from mouse experiments, making this parameter choice inconsistent.

Mouse-specific literature provides the following more accurate values:

• Avelumab: half-life ≈ 44.6 hours = 1.86 days ⇒ dA1 ≈ 0.3726 day−1 (Zalba
et al., 2020);

• NHS-muIL12: half-life ≈ 9.5 days ⇒ dA2 ≈ 0.0730 day−1 (Unverdorben et al.,
2015).

By implementing these corrected values, we aim to achieve more physiologically
accurate simulations of drug concentration and clearance, which in turn may improve
the timing and magnitude of immune activation and tumor suppression in the model.

Results and Discussion
In this section, I introduce the results of these modifications. I would like to first note
that the change in mentioned parameters had no effect on the parameters being fitted
to the isotype control case: η1 = 8.83703e−01, r = 2.00000−01. However, there was a
significant change in the behavior of the model for modes 3, 5 and 6 as presented in
the Figure 2.

Our simulations in Figure 2b and 2d show qualitatively similar trends as those in
the original Figure 2b and 2d in the work by Nikolopoulou et al., 2021. However, the
updated model slightly underestimates tumor volume at later time points for mode
2 and overestimates it for mode 4. This could be attributed to the slower clearance
of NHS-muIL12 in mice, which enhances its long-term immunostimulatory effect.
For mode 3, both the original and updated models show minimal improvement in
tumor suppression despite the increased dose (10 µg). However, our results display
a slightly delayed tumor shrinkage onset. This might reflect that T cell activation
saturates early, making dose escalation beyond 2 µg marginally effective in isolation.

Mode 5 (Figure 2e) shows modest tumor volume reduction after day 6, aligning bet-
ter with the data extracted from Xu et al., 2017. This contrasts with Nikolopoulou’s
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(a) Mode 1 (b) Mode 2 (c) Mode 3

(d) Mode 4 (e) Mode 5 (f) Mode 6

Figure 2: Tumor volume simulations using updated drug degradation rates: dA1 =
0.3726 day−1,dA2 = 0.0730 day−1 and the T cell activation activation rate λTI12 = 4.15.
The model was re-fitted with η1 = 8.83703× 10−1 and r = 2.00000× 10−1.

original model (Figure 2e), where tumor suppression was underestimated. Mode 6
(Figure 2f) demonstrates effective tumor elimination by day 17, which closely mirrors
the experimental data. The original model (Figures 2e, 3 left) fails to capture this full
regression, likely due to underestimated IL-12 activation efficiency and overestimated
degradation.

Overall, the monotherapy cases (modes 2 and 4) and the isotype control (mode
1) remain qualitatively consistent with previous model expectations. The tumor
volume remains largely uncontrolled in these modes, as expected from limited or
no therapeutic intervention. The updated model improves both biological relevance
and predictive performance, particularly for the most clinically relevant combination
therapies. These adjustments address prior limitations in parameter assumptions
and better reflect the experimental conditions under which the data were obtained.
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To Optimize Treatment, we Need Reliable Models.

Different parameter values may describe the data equally well.

Predictions are highly sensitive to unmeasurable variables, especially

those affecting the model dynamics.

=⇒ Identifiability is important!
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New Two Population Model

 𝑥1
′ = 𝜇m 1 −

q1

Q
x1 − D1 Q + 𝛿1x1 x1 − 𝜆 𝑄 𝑥1

 𝑥2
′ = 𝜇m 1 −

q2

Q
x2 − D2 Q + 𝛿2x2 x2 + 𝜆 𝑄 𝑥1

 Q′ = 𝛾 A − Q −
𝜇m Q−q1 𝑥1+𝜇m Q−q2 𝑥2

𝑥1+𝑥2

 A′ = c1 A0 − A − c1A0 1 − u

 P′ = bQ + 𝜎 𝑄x1 + 𝑄𝑥2 − 𝜀P

 D𝑖 Q = d
R𝑖

Q + R𝑖
,                      𝜆 𝑄 = 𝑐

𝐾

𝑄+𝐾

 𝛾 = 𝛾1u t + 𝛾2

 u t =  
0, on treatment
1, off treatment



With a threshold of 2.0

Sensitivity = 48/55 = 87.3%

Specificity = 14/16 = 87.5%

Accuracy   = 62/71 = 87.3%

Correct success 
prediction (TP)

Incorrect success 
prediction (TP)

Correct failure 
prediction (TN)

Incorrect failure 
prediction (FN)

Predicting Treatment Outcome



With a threshold of .27

Sensitivity = 47/48 = 97.9%

Specificity = 19/23 = 82.6%

Accuracy   = 62/71 = 93.0%

Predicting Treatment Outcome
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The prognostic value of androgen to PSA ratio in predictive modeling of 
prostate cancer 
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A B S T R A C T   

Prostate specific antigen (PSA) is the ubiquitous biomarker used in mathematical and artificial intelligence 
models of prostate cancer. Yet, it is imperfect. The growth of prostate and cancer cells produces PSA, but their 
growth is dependent on androgen in most cases. Thus, looking at PSA by itself ignores the impact of androgen. 
Here, we propose the use of androgen as a reference framework for better integration of PSA in prostate cancer 
models. The binding of androgen to androgen receptors activates signals that promote prostate cancer growth 
and the production of PSA, so higher levels of androgen should correlate to higher growth of the tumor and 
higher production of PSA. Thus, PSA and androgen fall and rise almost synchronously during the start and stop of 
androgen deprivation therapy (ADT), respectively. Yet, when cancer cells become resistant to ADT, we observe a 
divergence to this trend, leading to a high level of PSA even during ADT. Therefore, we hypothesize that the 
cancer evolutionary dynamics can be represented by the ratio of androgen to PSA and its integration into prostate 
cancer models may help improve their predictive power.   

Introduction 

Prostate cancer remains a major public health challenge worldwide 
despite substantial advances in surveillance and treatment [1]. While 
localized diseases are curative, once metastasized, treatments such as 
androgen deprivation therapy (ADT) eventually lead to the development 
of resistant cancer cells, which limits the effectiveness of not just the 
drug that induces the resistance, but also of second-line drugs [2]. The 5- 
year survival rate at the metastatic stage is roughly 30%, an increase of 
just 10 percentage points compared to 50 years ago, despite the devel
opment of numerous novel treatments [3]. While early screening of 
prostate cancer may help avoiding the worst outcomes, due to a lack of 
highly robust clinical metrics that can accurately determine when 
treatment should be administered, the debate over its benefits vs. the 
potential adverse outcomes from overtreatment is ongoing [3–6]. A 
decrease in prostate cancer screening due to fear of overtreatment might 
have led to a migration from local incidences of prostate cancer to 
regional and distant metastatic incidences [7]. Various clinical metrics 
for prostate cancer exist and are regularly used for screening and eval
uating the progression of cancer. One prominent example is prostate 

specific antigen (PSA) and its various derivatives such as PSA density 
and kinetics, prostate health index and 4 K score. However, the diag
nostic and prognostic value of PSA is limited due to its lack of specificity, 
while its derivatives are useful in limited circumstances [4]. On the 
other hand, alternatives such as the prostate cancer gene 3 (PCA3), the 
transmembrane protease serine 2:ETS-related gene protein (TMPRSS2: 
ERG levels) and circulating levels of cancer or DNA/RNA have been 
found to be promising but they have yet to provide a basis for clinical 
actions [4,8–9]. Thus, a critical challenge in the treatment and man
agement of prostate cancer is finding robust clinical evaluation tools 
that can better detect and track the progression of cancer at various 
stages so that the most appropriate treatment protocol can be 
recommended. 

Predictive modeling of prostate cancer 

A novel approach to detecting and tracking tumor progression is to 
combine clinical biomarkers with mechanistic mathematical models or 
artificial intelligence (AI) algorithms [3,10]. Mathematical models and 
AI are promising approaches that can aid in the detection and monitor of 
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Subject: PSA/androgen update
From: "Phan, Tin Thien" <Ʃphan@lanl.gov>
Date: 6/25/2025, 3:46 PM
To: Yang Kuang <kuang@asu.edu>, John Nagy <john.nagy@asu.edu>, "wmeade@asu.edu" <wmeade@asu.edu>

Hi all,

In case you have not seen this, the MoffiƩ Cancer Center put out this preprint last month.

hƩps://www.medrxiv.org/content/10.1101/2025.05.08.25327179v1

There is another clinical study that I'm reviewing for supporƟng our finding of using PSA/androgen.

Best,
Tin

PSA/androgen update

1 of 1 7/30/2025, 10:25 PM



Model 1: AD Population

Proliferation Death, k_2>1

Mutation



Model 1

Case 1 Growth and death rates
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