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Clinical problem

FIVE MOST-COMMON
BREAST CANGER SUBTYPES

PR+/ER+/HER2-
R+/HER2+/PR:

ER2+

R+/PR-
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Clinical problem

Normal Cell HER2+ Cell

HER2 receptor

HER2 gene

o 15-20% breast cancers are HER2+-.

o Treatments that specifically target HER2
are very effective.

@ Trastuzumab: binds with the
receptor, reducing cell proliferation.

HER2

o HER2+ drugs are often given in
combination with chemotherapies
to increase response rates.

o Trastuzumab and the chemotherapy
doxorubicin could yield either additive or
synergistic effects.

Open problem

Determine the therapeutic regimen that
optimally combines these two treatments to
yield optimal tumor control.
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Murine model of HER2+ breast cancer

BT474 breast
cancer cells

s

e e e e

Saline Doxorubicin Trastuzumab Doxorubicin
+Trastuzumab

Sorace, et al., Breast cancer research and treatment (2016)
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Murine model of HER2+ breast cancer
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Conclusion: prior treatment with trastuzumab will increase the efficacy of doxorubicin.

Sorace, et al., Breast cancer research and treatment (2016)
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Goals
Model development and calibration

Develop and calibrate mathematical models that
capture the experimental tumor dynamics and the direct
effects of doxorubicin and trastuzumab therapies.
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Goals

Model development and calibration

Develop and calibrate mathematical models that
capture the experimental tumor dynamics and the direct
effects of doxorubicin and trastuzumab therapies.

Model selection
Find the simplest “valid” model that represents our data.

Treatment optimization

Use optimal control theory to find the “best”
treatment protocol.
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© Modeling framework
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Initial approach

Treatment
s G G G 0 6B 68
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Occam'’s Razor

Non sunt multiplicanda entia sine necessitate

Entities should not be multiplied beyond necessity

When choosing among a set of models:
The simplest valid model is the best choice.
@ simple = number of parameters

o valid = passes validation test

How do we choose a model that adheres to this principle?
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The Occam-Plausibility Algorithm ' + Optimal Control

START
Define a family of
possible models M

'K. Farrell, J. T. Oden, D. Faghihi, Journal of computational physics (2015)
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The Occam-Plausibility Algorithm ' + Optimal Control

,

Define a new set
of possible models

OPTIMAL CONTROL STEP
Optimize the treatment protocol

ITERATIVE OCCAM STEP
Choose models in
next Occam category
\

No

Yes Does M;" have the
most parameters in M?
A

No

OCCAM STEP
Group models into Occam
categories and pick model(s)
from the lowest category M*

~

\ 4

CALIBRATION STEP
Calibrate all models in M*

\ 4

SELECTION STEP

Compute selection metric and

identify the best model M7

Yes .
Is M} valid? et

.

VALIDATION STEP

Submit Mf to validation test

'K. Farrell, J. T. Oden, D. Faghihi, Journal of computational physics (2015)

Society of HPC Professionals lunch and learn

February 29, 2024

11/ 41



Three-constituent model

dV;
— = r — ¢ By — g By — Aig Ba Bt P(V;
dt ~—~ ~—~— N Niiyiind’ ( )a
growth rate  death by trastuzumab  death by doxorubicin  death by drug combination
dB
d_d — T4By + ug(t) , Vi tumor volume
t e —~ By doxorubicin availability
doxorubicin decay  doxorubicin delivery —
B; trastuzumab availability
dBe = - T¢ By + ue(t) exp(—AgiBq) ,
dt ~— ~
trastuzumab decay  trastuzumab delivery inhibition by doxorubicin
V4, if exponential growth,
P(Vy) = V, . ..
(V2) Vill-— 7t , if logistic growth.
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Three-constituent model

dV;
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dB
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Four-constituent model

Reactive oxygen species (ROS)

@ The term reactive oxygen species (ROS) is usually used to signify any oxygen-containing
molecule capable of initiating some kind of deleterious reaction.

@ A build up of ROS in cells may cause damage to DNA, RNA, and proteins, and may cause
cell death.

e Trastuzumab'® and doxorubicin? increases ROS production.

H-g- [H-5]
A B
(o} D E
H-0—0-H N=O:
F G

'N. Mohan et al., Molecular cancer therapeutics (2016)
?S. Kim et al., Experimental & molecular medicine (2006)

Society of HPC Professionals lunch and learn February 29, 2024



Four-constituent model

/

Ve
dt
4By
dt
4B,
dt

dR,
dt
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= r - )\tBt - Ao Ro - AtORO Bt 7)( Vt)7
~~~ ~—~— ~—— N——
growth rate  death by trastuzumab  death by ROS  death by drug-ROS interaction
=—  14Bsy + ug(t)
N S~~~
doxorubicin decay  doxorubicin delivery
= - 7t Bt + ur(t) exp(—AdiBq) )
trastuzumab decay  trastuzumab delivery iT1?1ibition by doxorubicin
=— TRy + Aod B + Aot Bt + Aodt B Bt )
~—~— —— ~—— —_———
ROS decay  production by doxorubicin  production by trastuzumab  production by drug interaction
Vi  tumor volume
By doxorubicin availability
B; trastuzumab availability
R, Reactive oxygen species (ROS)
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The Occam-Plausibility Algorithm > + Optimal

Control

Define a family of

START )
possible models M

OCCAM STEP
Group models into Occam

categories and
from the lowest category M*

pick model(s)

Choose models in

CALIBRATION STEP
Calibrate all models in M*

[ ITERATIVE OCCAM STEP ) -

\

y

SELECTION STEP
Compute selection metric and
identify the best model M7

next Occam category ) -
N
No
p
Define a new set Does M;" have the
of possible models most parameters in M?
\ \
No

OPTIMAL CONTROL STEP T f
. Is M; valid?
Optimize the treatment protocol

.

VALIDATION STEP

Submit Mf to

validation test

?K. Farrell, J. T. Oden, D. Faghihi, Journal of computational physics (2015)
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Set of possible models

Table: Set of models developed to reproduce the tumor growth under doxorubicin and trastuzumab
treatment. The variables V;, By, and B;, and the parameters r, 74, 7:, and Ay are present in every
model.

Variable Parameter
Model 1 ROS | X Ad A K Do Do 7o dog Aot Aoar| T
3CEMO v v 6
3CLMO v v 7
3CEM v v v 7
3CLM v v v v 3
4CEM1 v v v v Y 8
4CEM2 v v v v v 8
4CEM3 v v v v v 8
4CLM1 v v v v v Y 9
4CLM2 v v v v v 9
4CLM3 v v Y v v v 9
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The Occam-Plausibility Algorithm > + Optimal Control

[ START ) [

Define a family of
possible models M l

OCCAM STEP
Group models into Occam
categories and pick model(s)
from the lowest category M*

Define a new set
of possible models

J——

Choose models in
next Occam category
\

[ ITERATIVE OCCAM STEP )

No

Does M;" have the
most parameters in M?
A

No

CALIBRATION STEP
Calibrate all models in M*

SELECTION STEP
Compute selection metric and
identify the best model M7

OPTIMAL CONTROL STEP
Optimize the treatment protocol

VALIDATION STEP
Submit Mf to validation test

*K. Farrell, J. T. Oden, D. Faghihi, Journal of computational physics (2015)
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Model calibration and selection (Bayesian approach)

7 —— Posterior

—— Prior
Bayes’ Rule 61

likelihood prior gs
D[6)7(6 z*]
s T =
+(61D) — "DIO)7(6)
—— T('(D) S
posterior S—~— & 24
evidence

D: data : |/ \ |

0: model parameters

-0.50 -0.25 0.00 0.25 0.50 0.75 1.00 125 1.50
Tumor growth rate
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Model calibration and selection (Bayesian approach)

74 —— Posterior
—— Prior
Bayes’ Rule 61
likelihood prior 2°]
D|6) 7(6) 2]
=(6|D) = "PPIT(O),
~—— 7T(D) B
posterior a 24
evidence
D: data 11
0: model parameters 0 Q / \ |—

-0.50 -0.25 0.00 0.25 0.50 0.75 1.00 125 1.50
Tumor growth rate

Model plausibility of model M; (p;)

m(D|M;, M)m(M;|M)
~(D|M) !

pj = m(M;|D, M) =
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e Computational aspects
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Computational cost

Model calibration

|

@ Python code: emcee™ implementation of Goodman & Weare's
Affine Invariant Markov chain Monte Carlo (MCMC) Ensemble |
sampler

@ 8 parameters to calibrate
@ MCMC chain length: 150,000

16 chains - 8 cores 80 chains - 40 cores

@ Serial calibration: ~ 108 minutes @ Serial calibration: ~ 549 minutes

o Parallel calibration (number of chains / 2): @ Parallel calibration (number of chains / 2):
~ 31 minutes ~ 41 minutes

@ ~ 3.5 times faster than serial @ ~ 13.4 times faster than serial

*Foreman-Mackey, et al., emcee: The MCMC Hammer (2013)
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O Calibration results
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Model selection

Model | #P | Plausibility Error (%)
3CEMO | 6 n/a 28.51+17.24
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Model selection

Model | #P | Plausibility Error (%)
3CEMO | 6 n/a 28.51+17.24
3CLMO | 7 1.00 25.29 + 15.37
3CEM 7 0.00

3CLM 8 1.00 29.06 +21.78
4CEM1 | 8 0.00

4CEM2 | 8 0.00
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Model selection

Model | #P | Plausibility Error (%) ware = 2302750

25 4
3CEMO | 6 n/a 28.51+17.24 £ - .
3CEM | 7 0.00 i
3CLM 8 1.00 29.06 +21.78 T P e 07
4CEM1 | 8 0.00 o J
4CEM2 | 8 0.00 0 -
4CEM3 | 8 0.00 -
ACLM1 | 9 0.86 29.034+22.65 o L 2 1 I LS T S|
4CLM2 | 9 0.00 et et
ACLM3 | 9 0.14
dve (r = ABe — MegBaBi) Vi (1 B E) 7 @ Note: the MAPE value is artificially inflated
dt K because, as the tumor volume decreases,
% = —74Bg + ug(t), sr_nall errors in tumor volume generate
dB, high percent errors.
5 = —7¢B: + ue(t) exp(—Aai Ba),
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Model selection

Model | #P | Plausibility Error (%) _ [emeewm s r
3CEMO | 6 n/a 2851+ 17.24 =l .
3CEM | 7 0.00 :
3CLM 8 1.00 29.06 +21.78 wow E W a w T oy © 07
4CEM1 | 8 0.00 Y 200 N
4CEM2 | 8 0.00 o -
4CEM3 | 8 0.00 2
4CLM1 | 9 0.86 | 29.03+22.65 - Lot e e e
ACLM2 | 9 0.00 T T ® 0T T T ® T
4CLM3 | 9 0.14
dve (r = ABe — MegBaBi) Vi (1 B E) 7 o Added . other .rTletrics: Concordance
dt K Correlation Coefficient (CCC) and Pearson
% = —74Bqg + ug(t), Correlation Coefficient (PCC).
% — 7By + ue(t) exp(—AaiBa),
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Model selection

Model | #P | Plausibility Error (%)
3CEMO | 6 n/a 28.51+17.24 IL\
3CEM | 7 0.00 @ ,ﬁ\
3CLM | 8 1.00 29.06 £21.78 < — ,
4CEML | 8 0.00 @%ﬁk
4CEM2 | 8 0.00 ARG 7
4CEM3 | 8 | 0.0 @ @ \\
4CLM1 | 9 0.86 29.03+22.65 <& [\ @5
4CLM2 | 9 0.00 @ @ @ \
4CLM3 | 9 0.14 AR : @;
av; Vv, @ &)
- :(r—)\tBt—AtdBdBt)Vt(l—?>, @ @ 4@@ \\
Bt = 7B+ ue(t) (B, IFIFRIIT FI I IIIF FIFI I TS
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Tumor dynamics (model 3CLMO0)

3000 3000 3000
7 2500 (@) 72500 (b) 7 2500 ()
E MAPE = 20.78+14.08% t MAPE = 9.53+8.73% E MAPE = 8.30+7.91%
E 5000/CCC=0.93 E ,o00/cCC =098 E 5000/CCC =091
2 PCC = 0.99 2 PCC = 0.98 2 PCC = 0.93
31500 21500 31500
> > >
51000 51000 51000
£ £ £
2 500 2 500 ._____,_,,;/ﬂ' £ 500 W
% 12 24 36 48 60 72 % 12 24 36 48 60 72 % 12 24 36 48 60 72
Time (days) Time (days) Time (days)
3000 3000 3000
(d) (e) (f)
T 25001 MAPE = 23.20+14.61% T 25001 MAPE = 38.41+26.94% T 25001 MAPE = 51.45+74.67%
E ggolCcCC=0.01 E 5p0lCcCC=0.83 E gg0lccC=10.98
b PCC = 0.98 { 2 PCC = 0.90 g PCC = 0.99
351500 31500 351500
g I 2 g
E 1000 g 1000 E 1000
£ 500 £ 500 £ 500
0 o ey e s o H’J/I/Iﬁ“ﬁ‘
0 12 24 36 48 60 72 0 12 24 36 48 60 72 0 12 24 36 48 60 72
Time (days) Time (days) Time (days)

— Doxorubicin == Trastuzumab =—— Doxorubicin+Trastuzumab
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© Leave-one-out simulations
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Cross-validation (model 3CLMO0)

—— Doxorubicin —— Trastuzumab  —— Doxorubicin+Trastuzumab

2500
2000
E 2000 E E 600
E E 1500 £
3 (3 3
g 1500 g g 200
2 21000 2
€ 1000 S S
o o o
200
g 500 g 500 g
" " ,’),—-/Ij "
0 0 0
0 12 24 36 48 60 72 0 12 24 36 48 60 72 0 12 24 36 48 60 72
Time (days) Time (days) Time (days)
3000 400
_ __400
E 2500 E 300 E
£ £ £300
s 2000 ﬁ s 5
200
% 1500 I _g % 200
£ 1000 Z 2
g E 100 g 100
2 500 E 2
0
0 0
0 12 24 36 48 60 72 0 12 24 36 48 60 72 0 12 24 36 48 60 72
Time (days) Time (days) Time (days)

o Model calibration: calibrate the model using the six-scenarios.
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Cross-validation (model 3CLMO0)

—— Doxorubicin  —— Trastuzumab  —— Doxorubicin+Trastuzumab
2000
E £ 600
E 1500 £
g g
400
21000 2
> >
g 500 £ 200
=] =]
" ,’),—-/Ij "
0 0
0 12 24 36 48 60 72 0 12 24 36 48 60 72
Time (days) Time (days)
3000 400
_ __400
E 2500 E 300 E
=4 E £300
s 2000 ﬁ s 5
200
% 1500 { _g % 200
£ 1000 - Z
g E 100 g 100
£ 500 = =
0 0 0
0 12 24 36 48 60 72 0 12 24 36 48 60 72 0 12 24 36 48 60 72
Time (days) Time (days) Time (days)

o Cross-validation, step 1: calibrate the model using the five-scenarios.
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Cross-validation (model 3CLMO0)

—— Doxorubicin —— Trastuzumab  —— Doxorubicin+Trastuzumab

2500
2000
£ 2000 £ £ 600
£ E 1500 £
o o
21500 g € 00
2 21000 2
[=} [ [<}
> 1000 > >
< 5 5
g € 500 £ 200
§ s00 { 5 5
" " ,’),—-/Ij "
0 Y 0
0 12 24 36 48 60 72 0 12 24 36 48 60 72 0 12 24 36 48 60 72
Time (days) Time (days) Time (days)
3000 400
_ __400
E 2500 E 300 E
£ £ £300
g2 ﬂ 2 2
200
% 1500 { _g % 200
£ 1000 Z 2
2 g 100 2100
2 500 E 2
0
0 0
0 12 24 36 48 60 72 0 12 24 36 48 60 72 0 12 24 36 48 60 72
Time (days) Time (days) Time (days)

o Cross-validation, step 2: predict the tumor volume in the scenario left out.
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Cross-validation (model 3CLMO0)

—— Doxorubicin

—— Trastuzumab

—— Doxorubicin+Trastuzumab

2500
2000
E 2000 T T 1500
£ E 1500 £
3 (3 3
£ 1500 1S € 1000
2 21000 2
< 1000 S S
o o o 500
£ s00 i § 500 3 HH H H
" " ._’k—/_‘l/l/ﬂ‘ "
0 0 0
0 12 24 36 48 60 72 0 12 24 36 48 60 72 0 12 24 36 72
Time (days) Time (days) Time (days)
3000 400
_ __400
E 2500 E 300 E
£ E E300
s 2000 ﬁ s 5
200 \_/
21500 I 2 2200
2 1000 : : H
<] S 100 S
: il { : g 100 i
£ 500 = [=
0
o 0
0 12 24 36 48 60 72 0 12 24 36 48 60 72 0 12 24 36 72
Time (days) Time (days) Time (days)

o Cross-validation: repeat the steps to all possible combinations, and check which scenarios
can we recover.
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@ Optimal control problem

Society of HPC Professionals lunch and learn February 29



Optimal treatment protocol

Best experimental protocol

One dose of trastuzumab and doxorubicin at
days 35 and 38.
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Optimal treatment protocol

Best experimental protocol

One dose of trastuzumab and doxorubicin at

days 35 and 38.

1) Minimize total tumor volume

Minimize the following objective function:

tr
J= / V2dt,
tj

t; and tr are the first and last day that the
treatment can be delivered, respectively.

Restrictions:
@ same trastuzumab and doxorubicin total
and daily doses as the experiments;

@ treatment is allowed to start at day 35.
February 29, 2024 28 / 41
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Optimal treatment protocol

- 500
Best eXpe”mental protocol = Il Best experimental treatment
One dose of trastuzumab and doxorubicin at £ 400| EEM Optimized treatment (OCT)
days 35 and 38. o 1 D S
=}
n— £ 200 ======mmmmm e Ao
1) Minimize total tumor volume 5
o : . : S 100
Minimize the following objective function: F k\\
0

o

tr

2 12 24 36 48 60 72

J= / Vt dt, Time (days)
tj

t; and tr are the first and last day that the

treatment can be delivered, respectively.

Restrictions:
@ same trastuzumab and doxorubicin total
and daily doses as the experiments;

@ treatment is allowed to start at day 35.
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Optimal treatment protocol
. 500
Best experlmental prOtOCOI = Il Best experimental treatment

One dose of trastuzumab and doxorubicin at BEm Optimized treatment (OCT)
days 35 and 38.

m
D
o
o

w
o
o

N

1) Minimize total tumor volume

Tumor volume (m
= N
o o
o o

Minimize the following objective function:

tf 0
J— / Vt2 dt. 0 12 24 Time3(%ays) 48 60 72
tj
t; and tr are the first and last day that the
treatment can be delivered, respectively. One dose of trastuzumab at days 35 and 36,
o and one dose of doxorubicin at days 37 and 38.
Restrictions: o @ 45.34% tumor burden reduction.
@ same t.rastuzumab and dox.orublcm total 30% tumor reduction: 0.6 days earlier.
el By EOsts 0 T eipalinaiE @ 50% tumor reduction: 2.25 days earlier.
@ treatment is allowed to start at day 35. o Complete response: day 59
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Cardiotoxicity

Treatment complications

@ cardiotoxicity is a common complication of doxorubicin;

@ can lead to heart failure and ultimately death;

@ it is the second cause of mortality in breast cancer survivors;

@ doxorubicin cardiotoxicity is cumulative, dose dependent, and irreversible;

@ trastuzumab cardiotoxicity is reversible (in the majority of patients).
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Optimal treatment protocol

Best experimental protocol

One dose of trastuzumab and doxorubicin at
days 35 and 38.
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Optimal treatment protocol

Best experimental protocol

One dose of trastuzumab and doxorubicin at

days 35 and 38.

2) Minimize doxorubicin total dose
Minimize the following objective function:

tr
J:/ u3(t) dt.
t;

i

Restrictions:

@ same trastuzumab total and daily doses as
the experiments;

@ same total tumor volume as the best
experimental treatment protocol;

@ treatment is allowed to start at day 35.

February 29, 2024 30/ 41
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Optimal treatment protocol

. 500
Best eXpe"mental protocol = I Best experimental treatment
One dose of trastuzumab and doxorubicin at ~ £400| MM Optimized treatment (OCT)
=1 Il 42.81% of doxorubicin dose
days 35 and 38. 10T ——
=]
— - 2200 ==mmmmmmmmm e e e e e e
2) Minimize doxorubicin total dose 5
.. . . . . 5 100
Minimize the following objective function: = &
a 0
2 0 12 24 36 48 60 72
J= / Ud(t) dt. Time (days)
t;

Restrictions:

@ same trastuzumab total and daily doses as
the experiments;

@ same total tumor volume as the best
experimental treatment protocol;

@ treatment is allowed to start at day 35.
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Optimal treatment protocol

. 500
Best experlmental protocol = I Best experimental treatment
One dose of trastuzumab and doxorubicin at ~ £400| MM Optimized treatment (OCT)
=1 Il 42.81% of doxorubicin dose
days 35 and 38. 10T ——
=]
— - 2200 ==mmmmmmmmm e e e e e e
2) Minimize doxorubicin total dose 5
.. . . . . 5 100
Minimize the following objective function: F k
a 0
2 0 12 24 36 48 60 72
J= / Ud(t) dt. Time (days)
t;

Optimal protocol

Restrictions:

@ same trastuzumab total and daily doses as
the experiments;

@ same total tumor volume as the best
experimental treatment protocol;

@ treatment is allowed to start at day 35.

One dose of trastuzumab at days 35 and 36,
and one dose of doxorubicin at days 37 and 38.
@ 42.81% doxorubicin dose reduction.
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@ Preliminary validation experiments
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Preliminary results (9-11 mice per treatment protocol)

o We are currently performing the necessary
100% Bl Progressive disease experiments to confirm, or improve, the

B Stable disease optimized treatment protocol.
[ Partial response

@ OCT dosing outperformed standard-of-care
dosing in more responsive tumors and tumors
that had a complete response

@ single-agent  trastuzumab when dosed

Percent of Total (%)

>
éoo&’b ‘9\‘\%09\0
& FELY - following OCT math modeling guidance,
& &P Anna G. Sorace ’ d dard-of h had
& b‘} outperforme standard-of-care that a
&
¥ s both HER2 targeted trastuzumab and
&F & THE UNIVERSITY OF
P ALABAMA AT BIRMINGHAM. chemotherapy.

Unpublished Data - Do not share
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@ Challenges to develop a family of models
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The Occam-Plausibility Algorithm ° 4+ Optimal Control

START

,

Define a family of
possible models M

ITERATIVE OCCAM STEP

~

OCCAM STEP
Group models into Occam
categories and pick model(s)

from the lowest category M*

~

\ 4

Choose models in
next Occam category

N
No

Define a new set
of possible models

Does M;" have the
most parameters in M?

Yes

OPTIMAL CONTROL STEP
Optimize the treatment protocol

[

A

)

CALIBRATION STEP
Calibrate all models in M*

\ 4

SELECTION STEP

Compute selection metric and

identify the best model M7

Is Mf m—

.

VALIDATION STEP

Submit I\/IJ’-" to validation test

°K. Farrell, J. T. Oden, D. Faghihi, Journal of computational physics (2015)
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First set of models (35 models with less than 10 parameters)

Model ID | Model

CimMm1 T/:I’T—(SdeT—(ShShT

c2Mm1 T =rT(1—T/K)—6454T — 6pSpT
c2M2 T/ = (r — 5d5d — 5h5h)T(1 - T/K)
Cc2M3 T/ = (r — 5d5d) T(l — T/K) — (ShShT
C2M4 T/ = (r - 5/,5;,)7—(1 - T/K) - (SdeT
C2M5 T/ = rT(l - T/(K - 5d5d - 5;,5;,))
C2M6 | T =rT(1— T/(K —0454)) — 0nSh T
C2M7 | T =rT(1— T/(K = 0454)) — 0454 T
c2M8 T/ = (r - 6h5h) T(]. - T/(K - 5d5d))
c2M9 T/ = (r — 6d5d) T(]. — T/(K — 5h5h))
Cc3imMm1l T/:rT(].—A/T)—(SdeT—(ShShT
C3M2 T/ = (r — 6d5d — 5h5h)T(1 — A/T)
C3M3 T/ = (r — 5d5d) T(l — A/ T) — 5;,5/,7_
C3M4 T/ = (r - 5h5h)T(1 - A/T) - 5d5dT
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First set of models (35 models with less than 10 parameters)

Model ID | Model
C3M5 T =rT(1—(A—6454 —nSh)/T)
C3Me6 T/ = I’T(l — (A — 5d5d)/T) — 5hShT
C3M7 T/ = rT(l — (A — 5/,5/,)/7-) — 5d5dT
C3M8 T/ = (I’ — 5;,5/,)7-(1 — (A — 5d5d)/T)
C3M9 T/ = (r — 5d5d)T(1 — (A — 5[,5;,)/7_)
camMmil T’=rT(1— T/K)(l—A/T)—(SdeT—éhShT
CAM?2 T’ == (r - (5de - 5},5},)7-(1 - T/K)(]. - A/T)
C4M3 T/: (r—éde)T(l— T/K)(l—A/T)—(ShShT
CaM4 T/ = (r—5h5;,)T(1— T/K)(l—A/T)—5deT
CAM5 T/ rT(l— T/(K—éde—thh))(l—A/T)
CAMe6 T/: I’T(l— T/(K—chSd))(l—A/T)—thhT
CcaM7 T/: rT(l— T/(K—5h5h))(1—A/T)—5d5dT
CaM8 | T = (r—06pSn)T(1 — T/(K — 6454))(1 — A/ T)
CAM9 T/ = (r - 5d5d)T(1 - T/(K - 5},5},))(1 - A/T)
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First set of models (35 models with less than 10 parameters)

Model ID | Model
CaM10 | T =rT(1 = T/K)(1 — (A= 04S4 — 0n51)/T)
caM11 T —I’T(l— T/K)( —(A—5h5h)/T)—5deT
CAM12 T —I’T(l— T/K)( —(A—éde)/T)—éhShT
C4M13 T (r—5d5d) (1— T/K)(l—(A—(ShSh)/T)
CaM14 TI: (r—éhSh)T(l— T/K)(l—(A—(Sde)/T)
CaM15 TI = rT(l — T/(K — 6d5d))(1 — (A — 6;-,5;,)/7_)
CAM16 | T = rT(1— T/(K —0nSn))(1 — (A—0454)/T)
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First set of models (35 models with less than 10 parameters)

Model ID | Model

CaM10 | T =rT(1— T/K) A — 06454 — 6pSh)/T)
caM11 T’ZI’T(].— T/K) A_(Shsh)/T)_(SdsdT
CAM12 T’:rT(l— T/K)(l—(A—(Sde)/T)—éhShT

(1—(
(1—(

C4M13 T/: (r—éde)T(l— T/K)(l—(A—(ShSh)/T)
CaM14 TI: (r—5h5h)T(1— T/K)(l—(A—(Sde)/T)
CaM15 TI = rT(l — T/(K — 5d5d))(1 — (A — 6;-,5;,)/7_)
CAM16 | T = rT(1— T/(K —0nSn))(1 — (A—0454)/T)

Calibrated every model
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First set of models (35 models with less than 10 parameters)

Not a single one fitted
every scenario. . .

CI\/I16 T = rT(l — T/( (5,,5;,))(1 — ( (5d5d)/T)

Calibrated every model
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Best model from the first set

3000

“& 2500
£

< 2000

Tumor Volum
v o o
=3 =S =3
(=N =] S O

3000
2 2500
5 2000
1500

Tumor Volume (m:
=
=4
=3

w
=3
o S

T T T T T 3000 T T T T T 3000 T T T T T
Control . ME 2500 | Doxorubicin . ’“g 2500 | Trastuzumab 1
1 52000 1 52000} .
£ =t
4 2 1500 F 4 2 1500 f 1
S 4
15 1000 | 15 1000 | 1
£ =}
-7 2o wap
; ; 0 ! . 0 :
12 24 36 48 60 72 0 12 24 36 48 60 72 0 12 24 36 48 60 72
Time (days) Time (days) Time (days)
T T T T T 3000 T T T T T 3000 T T T T T
Doxo—Tras . '“E 2500 Tras—Doxo : '“g 2500 | Doxo+Tras .
4 52000} 4 52000 F .
£ £
4 21500 F 4 2 1500 F B
S S
H{ 1 E 1000 | 1 g 1000 | 1
T 12w} 1wl .
EsurEpeay PR o 1= v arrarl (N 55
12 24 36 48 60 72 0 12 24 36 48 60 72 0 12 24 36 48 60 72
Time (days) Time (days) Time (days)
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Three-constituent model

dV;
T = r — )\tBt - )\dBd - )\tdBdBt P( Vt))
growth rate  death by trastuzumab  death by doxorubicin  death by drug combination
dB
d_td = _ T4 By + Ud(t) , V:  tumor volume
doxorubin decay doxoruvbicin delivery By doxorubicin avall'ab||.|t'y
dB B; trastuzumab availability
t
— =-— T¢ Bt + u(t) exp(—Agi By
= (Dep(-NaBs)
trastuzumab decay  trastuzumab delivery inhibition by doxorubicin
3000
. . E = Doxorubicin
Vs, if exponential growth, S o] — Trastuzumab +
P(Ve) = AN B i
Vi(1l—— ), iflogistic growth. E 3
K £ 1000 H {
y . : . Bt
@ Doxorubicin: decreases the total vascular density. S B

. . . . 0 12 24 36 48 60 72
@ Reduction in vascular density = reduces trastuzumab delivery. Time (days)
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© Summary
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@ Developed a family of models to capture the tumor dynamics and the direct effects of
doxorubicin and trastuzumab therapies.

o Calibrated every model using data from a murine model of human HER2+ breast cancer.
@ Optimized the treatment protocol with the “best” model.
@ Best treatment protocol: deliver all trastuzumab prior to doxorubicin.

@ This research may provide a framework suitable for application in future clinical trials of novel
therapies.

Lima, E. A. B. F., Wyde, R. A. F., Sorace, A. G., and Yankeelov, T. E.. " Optimizing combination therapy in
a murine model of HER2+ breast cancer.” CMAME (2022): 115484.
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Model calibration, selection and validation (Bayesian approach)

Given events A and B:
P(A, B) = P(A|B)P(B);

P(A, B) = P(B, A);
P(B,A) = P(BIA)P(A);
P(AIB)P(B) = P(B|A)P(A);
_ P(BIA)P(A)

Converting to probability densities 7, if A represents the parameter 6 of a model, and B the

observational data D:
likelihood prior

(D6)7(6)
m(6|D) = W;
——

evidence

posterior
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Model calibration, selection and validation (Bayesian approach)

Given events A and B:
P(A, B) = P(A|B)P(B);

P(A, B) = P(B, A);
P(B,A) = P(BIA)P(A);
P(AIB)P(B) = P(B|A)P(A);
_ P(BIA)P(A)

observational data D:
likelihood prior

(D6)7(6)
m(6|D) = W;
——

evidence
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posterior

Probability density

N
L

~
L

o
L

v
L

ES
L

w
L

=

—— Posterior
—— Prior

g A

—

-0.50 -0.25 0.00 0.25

0.50

0.75

Tumor growth rate

Converting to probability densities 7, if A represents the parameter 6 of a model, and B the
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Model calibration, selection and validation (Bayesian approach)

Given events A and B:
P(A, B) = P(A|B)P(B);

P(A, B) = P(B, A);
P(B,A) = P(BIA)P(A);
P(AIB)P(B) = P(B|A)P(A);
_ P(BIA)P(A)

observational data D:
likelihood prior

(D6)7(6)
m(6|D) = W;
——

evidence
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posterior

Probability density

N
L

~
L

o
L

v
L

EN
L

w
L

=

—— Posterior
—— Prior

g A

—

-0.50 -0.25 0.00 0.25

0.50

0.75

Tumor growth rate

Converting to probability densities 7, if A represents the parameter 6 of a model, and B the

= 0 = argmax[log 7(D|0)];
6co

1.00 125 1.50
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Model calibration, selection and validation (Bayesian approach)

Given events A and B: i — :;Zt,enor
P(A. B) = P(AIB)P(B); .|
P(A, B) = P(B, A); g,
P(B,A) = P(B|A)P(A); N
P(A|B)P(B) = P(B|A)P(A); g,
P(A|B)=—P(B,|D?;/;(A); N []\ |

-0.50 -0.25 0.00 0.25 0.50 0.75 100 125 1.50
Tumor growth rate

Converting to probability densities 7, if A represents the parameter 6 of a model, and B the

observational data D:
likelihood prior

(0|D) = M; = 0 = argmax[log 7(D|0)]; = BIC = plog(n) — 2log =(D|H);
~—— w 6co

evidence

posterior

Society of HPC Professionals lunch and learn February 29, 2024 1/

4



70
60 4 o D
%, oo %% % o ‘. .
50 o o L4 o 0 °°
oo o °
3 "
§40-
c .0
)
=30 °
3 30 o
.
20 A
)
101 ® o
® Measured data
0 T T T T T T T T T
0 6 12 18 24 30 36 42 48
Time (hours)

@ D: measured data;

Mathematical model

dN N
M%),

dt
0: vector of model parameters, 8 = (r, K);
r: tumor growth rate;
K: environmental carrying capacity;
Y (0): model prediction;



70

60

Mathematical model

E-(1-%).

dt K

Cell number

@ 0: vector of model parameters, 8 = (r, K);
104 ° = True data
o Measueddata | @ 1 tumor growth rate;
5§ & 18 a1 3 3 4 4 o K:environmental carrying capacity;
Time (hours)
o

Y (0): model prediction;

@ D: measured data;
o T: true data;



70

60

Mathematical model

E-(1-%).

dt K

Cell number

@ 0: vector of model parameters, 8 = (r, K);
104 ° = True data
o Measueddata | @ 1 tumor growth rate;
5§ & 18 a1 3 3 4 4 o K:environmental carrying capacity;
Time (hours)
o

Y (0): model prediction;
@ D: measured data;
o T: true data;
T+e=D,
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Maximum likelihood estimation

Likelihood

The conditional probability that the data (D) is observed for a given set of parameters (0) is
the likelihood 7(D|6).

D - Y(6) = e+~(8),
Assuming:

the experimental noise is normally distributed (€ ~ N(Ole,aﬁataINxN));
the model inadequacy is normally distributed (7 ~ N (Onx1, 02 oge I NxN));
the variance of the total error (0) is such as 02 = 02,,, + 02 gei

ol O\

the data is normally distributed,;
(D = Yi(0))?

1 - @ 77
m(D|) = H 202 |
i=1

=zt

o N;: the number of data points.



Model selection

odel | #P | AlCw/BICw Error (%)
EMO 6 n/a 28.51 £ 17.24
“EM 7 0.00

LM 8 1.00 29.06 £+ 21.78
EM1 8 0.00

EM?2 8 0.00

EM3 8 0.00

LM1 9 0.44 29.03 £+ 22.65
LM2 9 0.10

LM3 9 0.46

dve Ve

? —(r_AtBt_)\tdBdBt) Vi (1_ ?) P
% = —1gBg + uq(t),

% = nBi+ u(£) exp(—AaiBo),

Society of HPC Professionals lunch and learn

AIC weight

Akaike information criterion

AIC = —2log(like) + 2k
where k is the number of parameters
exp {—— (AIC AICm,,,)}

ST exp { (AIC, — AICm,,,)}

BIC weight

Bayesian information criterion

BIC = —2log(like) + k log(ng)
where k is the number of parameters, and n,
the number of data points.

exp {—2 (BIC; — BICmin) }
S exp{—3 (BIC, — BICmin)}

AlCw; =

BICw; =
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