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Modeling bridges the gap between biology and outcomes



Problem of dose pe
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How much dose?

Recurrence at Time Point

No Recurrence at Time Point . Upper 95 % C.I.

Empirical fit

e Lower 95 % C.I.



Response to different doses W

3 Month Post Tx FDG (SUV)

10- ' ! ' ! ! I I I I I I

42 Gy Patient (R? = 0.85)

] Observed Response to 50 Gy 4
i Predicted Response to 50 Gy
| - Observed Response to 42 Gy
Predicted Response to 42 Gy

0 2 4 6 8 10 12 14 16 18 20
Pre Tx FDG (SUV)

Measured response in FDG at 3 months is significantly
different between two dose levels in patient population

(p = 0.02)
Bowen et al 2012, Radiother Oncol, 105(1), 41



Empirical prescription function W

o, ), e (405, o)

8Gy
D(FDG pre) ~ SOGy T ) (ﬂ426y - ﬂsoey XFDG pre <FDG pre>)
(FDG o), . —(FDG )
42Gy POst /506y

Symbol Parameter Value
<FDG, st > 426y Mean 3 month post Tx FDG in response to 42 Gy 2.22 SUV
<FDG,st >506y Mean 3 month post Tx FDG in response to 50 Gy 1.18 SUV

Bazcy FDG,,. regression coefficient in response to 42 Gy 0.84

Psocy FDG,,. regression coefficient in response to 50 Gy 0.15




“Top-down” derived dose prescription W
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Computational tumor modeling

MACROSCOPIC MODELS

+ model tumor propagation
and boundary phenomena

+ can utilize clinical imaging
limited biology (if at all)

HYBRID MULTISCALE MODELS

MICROSCOPIC MODELS

+ cells modeled separately

+ can refer to microscopy
very simplistic/idealized
tumor size limit 1-2 mm?



Hybrid multiscale model W

ROI-based application | Voxel-based application
(average values) (ROl is spatially resolved)

General Patient-specific crt PET21 PET2 - avg. & peak pO2 - pO2[l,j,k]

: input from - avg. & peak SUV(FLT) - SUV(FLT) [1,j,k]
(glob.ally valid) cli?'nical - avg. & peak SUV(CUATSM) - SUV(CUATSM) [1,j,k]
input - avg. & peak PR - PR[l,j,k]

parameters L] Initial anatomy Proliferation Hypoxia - SUViora etc. - Voxels of ROl interact

Cell-line-specific @ Tissue layer ~ simCT simPET simPET

input from
preclinical

tumor models Anatomy Proliferation ~ Hypoxia

Cellular layer

Assuming 10° cells/mms3, simulate cellular growth and
death within ROI (or voxels) based upon biological
principles , imaging data, and preclinical tumor models

Administration of radiation, monitor levels of e.g.
VEGF-A, bevacizumab and other
chemotherapeutic agents

(Simulate effects of different therapies over time)

Titz and Jeraj 2008, Phys Med Biol, 53: 4471



Tumor simulation workflow

20% clinical D, Remaining dose delivery simulated with DP plans

o .4
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Pre- and mid- treatment Creation of a;,; map Development of dose 7 Simulation of
PET data painting plans end-of-treatment FLT

Titz and Jeraj 2008, Phys Med Biol, 53: 4471



Benchmarking the

Hypoxia Proliferation ' Proliferation | Proliferation
pre-XRT pre-XRT early response SIMULATION
sag
ax
cor

Titz and Jeraj 2008, Phys Med Biol, 53: 4471



Simulated post-therapy FLT SUVs

Tuning of the free parameters W
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R2 = 0.7920 |
y  p=<00001
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Post-therapy FLT SUVs

Proliferation-dependent
cell cycle time

Simulated post-therapy FLT SUVs

2.5

2.0+

simulated voxels
—— linear regression
y=Xx

R’ = 0.9360 |
P = <0.0001

05 10
Post-therapy FLT SUVs
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1000 [ | 1 FLT2sim ] ;
500 |- ;
0 ﬁﬁm ]
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Titz and Jeraj 2012, Phys Med Biol, 57: 6079



Adding vasculatur
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Simulated vasculature based on hypoxia

Adhikarla et al 2012, Phys Med Biol, 57: 6103



Simulating IHC

B Vessels

Proliferating cells

B Hypoxic cells

Input hypoxia on top of vessels

and proliferating cells

H:\‘ :: o
-

Adhikarla et al 2012, Phys Med Biol, 57

Simulated hypoxia & proliferating

cells overlaid on vessels

: 6103



Adding therapeutic
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Response to VEGFR TKI W

Vessels

Control

SU 10
mg/kg/day

SU 40
mg/kg/day

DEVAL)
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How to apply this to dose painting? ?\@

Extracting “radiosensitivity” (a.«)

Imaging-based input

FDG_pre PET
FLT pre PET
CUuATSM_pre PET

tumor margin
cell density

hypoxia

FLT mid PET

Titz & Jeraj (2008)

can RSS be yes
minimized?

with
racers



Extracting “radiosensitivity” a.: values
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Optimization based on a, values W
N\ 2
Di _ DRI [Dbase n (Dredistributed) _ EFLT _ E‘
Rx Dp. AprTi
5%, 10%, 25%, 50% and 100% redistributed Dg,
D; max = 200% Dgy and integral dose constant
Uniform Dose 25% Dg, redistributed 50% Dg, redistributed 100% Dg, redistributed

0 § 10
''''''''''' RO

Harmon et al 2013, Phys Med Biol (in submition)



Simulation results - proliferation W

N
Dose Plan SimFLT after 5 fx simFLT after 10 fx SF ; after 10 fx
Uniform
Dose i ) —

3 .

25% Dg,
redistributed

50% Dg, \
redistributed _ \

,.éd
100% Dg, | .

redistributed | S —

| e .
0 35 7 0 2 4 0 025 05
suv suv .

simFLT/preFLT



How much dose to redistribute?

High gains
suggest
good
candidacy

Low gains

// suggest

40 60 - _Poor
D,., redistributed (%) candidacy




Why differences?

04 02 03 04 05

intermediate

40 60 80
D redistributed (%) ,

R 01 02 03 04 05




Why optimum?
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Conclusion W

Modeling bridges the gap between biology and clinical
outcomes

“Top down” approach:

Heuristically determine dose response parameters based
on clinical response data

“Bottom up” approach:
Developing the models based on basic biological
principles
Fitting the models to observed phenotypes (e.g.,
“radiosensitivity”)

Hybrid approach:
Where do the worlds meet?
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