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For radiation
oncologists,
*spatial*
dose/response
data is what
separates us from
other cancer
paradigms
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Statistical Seience
3001, Val. 18, M. 3, 180-231

Statistical Modeling: The Two Cultures

Leo Breiman
Hypothesis Testers
The Data Modeling Culture

The analysis in this culture starts with assuming
a stochastic data model for the inside of the black
box. For example, a common data model is that data
are generated by independent draws from

response variables = f(predictor variables,
random noise, parameters)

The values of the parameters are estimated from
the data and the model then used for information
and/or prediction. Thus the black box is filled in like
this:

linear regression .
Y4— |ogistic regression [¢—
Cox model

Model validation. Yes—no using goodness-of-fit
tests and residual examination.

Estimated culture population. 98% of all statisti-
cians.

nature

roals in analy

able to predic
o future inpu
extract som
ssociating thi
ables.

different appr

Al Modelers

The Algorithmic Modeling Culture

The analysis in this culture considers the inside of
the box complex and unknown. Their approach is to
find a function f(x)—an algorithm that operates on
x to predict the responses y. Their black box looks
like this:

y +— unknown -——— X

decision trees
neural nets

Model validation. Measured by predictive accuracy.
Estimated culture population. 2% of statisticians,
many in other fields.



E— MD Anderson

Richard Bellman: “The curse of
dimensionality”

Bellman, first editor of Mathematical Biosciences, was
working in dynamic optimization

-Referred initially to issues that arise in higher-order
analyses that are hard for humans to conceptualize as we
move increase dimensions or add time-varying
components

-Broadly, refers to typical increase in sparsity of data in
high-dimensions and information reduction through
dimensional summarization.


https://en.wikipedia.org/wiki/Mathematical_Biosciences

* You are here!
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Example:
Information loss through summarization by dimensionality
reduction 3D

2D

1D

IR
Erebeided bt farbikry witd)
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What NTCP models were built for...

1990 2000

Research at MD Anderson
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Standard phenomenological modelling methodology

Generalised linear modelling

N\

Response probability
[=] (=] [=] (=]
B & P @

30 41] 50 60
Dosemetic ~ ____ ___MD Anderson



Standard phenomenological modelling methodology

Generalised linear modelling

NN

Response probability
E_ B 8 8
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Standard phenomenological modelling methodology

EUD

mean

Generalised linear modelling

NN

Response probability
E_ B 8 8

20 30 41] 50 60
Dosemetic ~ ____ ___MD Anderson



Standard phenomenological modelling methodology

Reduce DVH to one (or a
EUD limited number of) dose
\V metrics
X
Dmean v 1/a
EUD =(de—k]
k Vt

ot

\ / v, :ZE(dk)Vk E(dk)z{o ford, <xGy

1 ford, > x Gy

Find the dose representation that best correlates
with toxicity

Research at MD Anderson



Potential problems with the standard dose-reduction
approach

Reduce dose distribution to DVH

- Removes all spatial information

- Assumes equal sensitivity/response of all
parts of OAR

Alternatives:
- Divide into anatomical substructures

- Dose surface histograms
- Consider (and/or explicitly model) local
response on voxel-to-voxel basis

Research at MD Anderson



Adding spatial information to (N)TCP models — general

strategies

Traditional NTCP
modelling

\Voxel-based analysis
(VBA), convolutional
neural networks (CNN)

Image-based response
models

Dose variable(s)

One per patient

Many per patient (2D
or 3D data)

Many per patient (2D
or 3D data)

Palma et al. Cancers 2021;13(14):3553. Palma et al. Phys Med 2020;69:192-204. Appelt et al. Clin Oncol 2022;34(2):e87-96

Response measure

One per patient

One per patient

Many per patient (2D
or 3D data)

Research at MD Anderson



Adding spatial information to (N)TCP @eq 1'

pl(O|Dx1) .
VBA .—% P2(OID) l Slng:frg;t:teinot:evel
=1 —> p;(OD,,) | o
—> p,(0ID,)

p-value map

Research at MD Anderson



New anatomical insights from voxel-based analysis of
dose?

Generally for VBA based studies:
» How dependent are the results by structures in the dose data (e.g. dose gradients and robustness of planned relative
to delivered dose)?

 Issues with statistical analysis in some parts of the published literature
Shortall et al. Flogging a Dead Salmon? IJROBP 2021 Research at MD Anderson



Adding spatial information to (N)TCP @eq 1'

pl(O|Dx1) .
VBA .—% P2(OID) ‘ Slng:frg;t:teinot:evel
=1 —> p;(OD,,) | o
—> p,(0ID,)

p-value map

single patient-level
CN N prediction / classification
] 2

0(0[D) Saliency map?

\ Sensitivity map? _)

w\\

Research at MD Anderson

Palma et al. Cancers 2021;13(14):3553. Palma et al. Phys Med 2020;69:192-204. Appelt et al. Clin Oncol 2022;34(2):e87-96



Improved toxicity prediction with voxel-based analysis?

Patient Cancer site Improvement over GLM External

number validation

42 Cervical Zhen 2017 N 8
125 Liver Ibragimov 2018 + x
784 Head and neck Men 2019 + “
120 Liver Ibragimov 2019 + x
122 Liver Ibragimov 2020 - x
160 Oropharyngeal Welch 2020 x “
70 NSCLC Liang 2019 oo 8
66 Oropharyngeal Wang 2020 - 8
52 Post-prostatectomy Yang 2021 - 8
217 Thoracic Liang 2021 + 8

Appelt et al. Deep Learning for Radiotherapy Outcome Prediction Using Dose Data - A Review. Clin OncB8is3gg2?! MD Anderson



Adding spatial information to (N)TCP models — general

strategies

Traditional NTCP
modelling

\oxel-based analysis
(VBA), convolutional
neural networks (CNN)

Image-based response
models

Dose variable(s)

One per patient

Many per patient (2D
or 3D data)

Many per patient (2D
or 3D data)

Palma et al. Cancers 2021;13(14):3553. Palma et al. Phys Med 2020;69:192-204. Appelt et al. Clin Oncol 2022;34(2):e87-96

Response measure

One per patient

One per patient

Many per patient (2D
or 3D data)
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Adding spatial information to (N)TCP @I*

Image-based response models

single model linking dose &

local response
P(Ry1[Dy1)
(OID)
,,% P(R,ID,) » "
‘=—— % p(Rx3|Dx3)
; p(Rx4|Dx4)

v

Multilevel mixed effect model

Research at MD Anderson



Better or novel biological insights from voxel-based
analysis of dose?

Dose LET Imaging changes

Model of RBE
dependence on dose
and LET

A systematic review of clinical studies on proton Relative Biological Effectiveness (RBE)
» 13 studies using voxel-wise analyses of patient effects versus dose and LET

« 3/13: No effect of LET on RBE

» 6/16: Maybe effect of LET on RBE

« 4/13: Effect of LET on RBE
+ Significant methodological modelling issues

* E.g. no consideration of nested / multi-level data

Research at MD Anderson
Underwood et al. A systematic review of clinical studies on variable proton Relative Biological Effectiveness (RBE). Radiother Oncol. 2022



Hung Chu MSc ! & B, Suzanne P.M. de Vette MSc !, Hendrike Neh MSc ?,
3D deep learning Normal Tissue Nanna M. Sijtsema PhD !, Roel J.H.M. Steenbakkers MD, PhD %, Amy Moreno MD 2,
Comp]ication Pl'Obablllty model to predic Johannes A. Langendijk MD, PhD !, Peter M.A. van Ooijen PhD !, Clifton D. Fuller MD, PhD ?,

&b . 0 10 5%
late xerostomia in head and neck cancer so"ne V- van Dijk PhD* &
patients https://doi.org/10.1016/].ijrobp.2024.07.2334
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Figure 2 These scatterplots display the relationship between parotid mean dose (in Gy)
and NTCP (Normal Tissue Complication Probability) value for all models. Patients who
expenenced moderate-to-severe xerostomia 12 months post-radiotherapy are
represented by orange. while the remaining patients are represented by blue. The
accompanying histogram illustrates the distribution of the NTCP values.

Research at MD Anderson

36



Training Independent test External validation

Total 759 138 311

Research at MD Anderson 37



Figure 4. DCNN's attention maps for four patients (each row) were overlaid on the CT
images. The red attention regions indicate that the model's prediction was highly
affected by those regions, while the blue attention regions indicate little impact. The pink
and green contours indicate the parotid and submandibular glands, respectively.

Research at MD Anderson 38
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OAR ROI/ Chronic-RAD cohort
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Example: Age and dysphagia

Tongue Geniohyoid M.

Research at MD Anderson



Optimum OPC model includes
mylohyoid/geniohyoid dose & age

Research at MD Anderson 42



Adding spatial data...

Research at MD Anderson



T1W Muscle damage/dose biomarker

Research at MD Anderson



What if we just used standardized T1W/T2W MRI?

Research at MD Anderson



A prospective longitudinal assessment of MRI signal intensity

kinetics of non-target muscles in patients with advanced stage

oropharyngeal cancer in relationship to radiotherapy dose and  Radiotherapy and Oncology 130 (2019) 46-55
post-treatment radiation-associated dysphagia: Preliminary

findings from a randomized trial

Research at MD Anderson
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Osteoradionecrosis (ORN)

“Exposed bone in a
field of irradiation.”

MDACC rate ~6-7%,
which means about
65 casesl/year

Research at MD Anderson




Normal Tissue Complication Probability (NTCP)
For ORN

adapted from van Baﬁf(aré? %tlwglﬁn&eésg 2021
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Fractonal volyme (%)

ve GEHOEURIZRESITRRT IR
Practional volume (%)

e S S EXEEEESESSIaR2E 23

.2
¥

’ » » » ry w w n o = <
A Dose {Gy) B vose (Gy!

Fig. 4. Risk indices of dose-volume regions for K = 6. (A) No/edentulous dental extractions (PDE = 0). (B) With dental
extractions (PDE = 1).
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Temporal Awareness: Time to ORN

Research at MD Anderson 54



Combined Risk (D30-Dental)

—— Dental Risk

—— Dosimetric and Dental Risk
—— Dosimetric Risk
—— None

Fitted ORN Probability for Risk Groups Over Time in Months

1;10 Research at MD Anderson 55
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ORN Risk GUI
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Comparison of Machine-Learning and Deep-
Learning Methods for the Prediction of
Osteoradionecrosis Resulting From Head and
Neck Cancer Radiation Therapy

https://doi.org/10.1016/j.adro.2022.101163

Research at MD Anderson 57
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So how does Al model adoption practically occur?

Choudhury A
Toward an Ecologically Valid Conceptual Framework for the Use of Artificial Intelligence in Clinical Settings: Need for Systems Thinking, Accountability,
Decision-making, Trust, and Patient Safety Considerations in Safeguarding the Technology and Clinicians Research at MD Anderson

JMIR Hum Factors 2022;9(2):e35421. doi: 10.2196/35421


https://doi.org/10.2196/35421

Real Life: Use-case specific acceptance testing

Research at MD Anderson 6



Example: Decision Support Tools for Surgical
vs. Non-surgical therapy selection

Research at MD Anderson



Example: Decision Support Tools
ORATOR2

doi:10.1001/jamaoncol.2022.0615
Research at MD Anderson



MDs/MDTs are bad at
guantification of risk

If | do TORS, there is no PM or ECE >> Best outcome
* | have spared RT ©

If | do TORS, and there is low volume ENE or close margin
* Need adjuvant RT [bimodality]

« MDADI is the same as RT alone,

* DIGEST is *worse* than RT alone ©

If | do TORS, and there is PM or >2mm ENE
* Need adjuvant chemoRT
 MDADI/DIGEST is worse than chemo(RT) ®

Research at MD Anderson



We are bad at quantification of risk

_100.00

MDADI scores in HPV+ OPSCC

95.00 ,O=04L _
> d -
P d - -
_ g - @ 9238
90.00
-
85.00
84.1
82.30
90,00 \ _ = =—® 8070
= \
\
\
\ - =® 7560
75.00 \ -
Y 73230
70.00
Baseline 12-month 24-month

= @=— ECOG 3311 Arm A (TORS alone)
ECOG 3311 Arm B (50Gy)

— @=— ECOG 3311Arm C (60Gy)

—@=— ECOG 3311 Arm D (CRT)

=@ MDACC IMRT series

McDowell L, et al (unpublished, 2023)

Research at MD Anderson



DOI: 10.1002/cam4.5253

Optimized decision support for selection of transoral
robotic surgery or (chemo)radiation therapy based on
posttreatment swallowing toxicity

Research at MD Anderson



Optimized decision support for selection of transoral robotic surgery or (chemo)radiation therapy based on
posttreatment swallowing toxicity DOI: 10.1002/cam4.5253

Research at MD Anderson



DOI: 10.1002/cam4.5253

Optimized decision support for selection of transoral
robotic surgery or (chemo)radiation therapy based on
posttreatment swallowing toxicity

Red==RT better Blue==TORS better

Research at MD Anderson



Multi-Specialty Expert Physician Identification of Extranodal Extension in Computed
Tomography Scans of Oropharyngeal Cancer Patients: Prospective Blinded Human Inter-

Observer Performance Evaluation

30 cases
24 unique
6 inverted

Expert head and neck physicians (n = 34):
- Radiation Oncologists (n = 11)
- Radiologists (n=11)
- Surgeons (n=11)

Radiographic criteria:
- Indistinct capsular contour
- lIrregular lymph node margin
- Thick-walled enhancing nodal margin
- Perinodal fat stranding
- Perinodal fat plane or gross invasion
Nodal necrosis

'doi.org/10.1101/2023.02.25.23286432  "\eda!mating



Problem:
Humans are crummy at
pathologic ENE (pre)detection

Researc h at MD Anderson



Pretreatment Identification of
Head and Neck Cancer Nodal
Metastasis and Extranodal
Extension Using Deep Learning
Neural Networks

Benjamin H. Kann?, Sanjay Aneja®, Gokoulakrichenane V. Loganadane?, Jacqueline R. Kelly®,
Stephen M. Smith?, Roy H. Decker?, James B.Yu®, Henry S. Park?, Wendell G. Yarbrough?,
Ajay Malhotra®, Barbara A. Burtness® & Zain A. Husain®

Research at MD Anderson



Pretreatment Identification of
Head and Neck Cancer Nodal
Metastasis and Extranodal
Extension Using Deep Learning
Neural Networks

Research at MD Anderson
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So, why aren’t we using these tools?

* “IPm not sure about *this* case...”
o “What if it misses a node?”

 “ljust don’t trust it like | trust my
colleagues...”

Research at MD Anderson



The current clinical problem:
Trustworthiness/Uncertainty Estimation

Environment
(world)
Observations
(Evidence)
Assurance
Environmental, System Uncertainty:
task and system $ (Decision © Lack of confidence
complexity maker) in assurance
arguments

Manifestations of uncertainty

Burton & Herd, Addressing uncertainty in the safety assurance of machine-learning. Front. Comput. Sci., 06 April 2023
Sec. Software
Volume 5 - 2023 | https://doi.org/10.3389/fcomp.2023.1132580

Research at MD Anderson



https://doi.org/10.3389/fcomp.2023.1132580

The current clinical problem:
Trustworthiness/Uncertainty Estimation

Single
“Black box”
Estimator

Cohort Cohort
Testing Validation

Probabilistic  ~opnort Cohort
" Estimator  1esting  validation

Current Al Approaches
°

0 " 2
8 O /0 Q,Q\’ Unknown/
<. o .> ZI]} unquantified
performance
& Certainty for individual
Model T patient
Performance
o)
=

Uncertainty-quantified approaches

&

Case-specific accuracy
estimation

<45% certainty

80%
Model <‘“>

Performance

<65% certainty

>85% certainty

=Do go Eo)o =550

>90% certainty



Statement: Without uncertainty quantification, we
cannot move forward

Research at MD Anderson



The current clinical problem:
Trustworthiness/Uncertainty Estimation

K. Zou et al. Meta-Radiology 1 (2023) 100003
https://doi.org/10.1016/j.metrad.2023.100003 Research at MD Anderson



The current clinical problem:
Trustworthiness/Uncertainty Estimation

K. Zou et al. Meta-Radiology 1 (2023) 100003
https://doi.org/10.1016/j.metrad.2023.100003 Research at MD Anderson



The current clinical problem:
Trustworthiness/Uncertainty Estimation

K. Zou et al. Meta-Radiology 1 (2023) 100003
https://doi.org/10.1016/j.metrad.2023.100003 Research at MD Anderson



Application of simultaneous uncertainty
quantification and segmentation for oropharyngeal
cancer use—case with Bayesian deep learning

Research at MD Anderson st
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Artificial Intelligence Uncertainty Quantification in
Radiotherapy Applications - A Scoping Review

Research at MD Anderson 83



Uncertainty estimation
allows direct safety
assessment

Risk management plan

— Risk analysis

- dod wse and Wy for bie misuse

== Identification of duractursstios related to safety
— Identification of haznrds and hozardous sitrtfons

- Rick estimarion

I Risk evaluation

Risk assessment

Y

—— Risk control

— sk contrad option analysts

e Implementation of risi controd measures
— Renidaa) rick evaluation

— Semefit-rick analysis

— NIARE Arising feam miek condrod measures
— Completeness of risk control

Y

Risk management

— Evaluation of overall residual risk

/

| Risk management review

/

—— Production and post-production activities

— General

— Informatian collection
— [nformation review
- Actines

Risk Estimation flow charts from 1SO 14971:2019
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Breiman’s “T'wo Cultures” Revisited and Reconciled

Subhadeep Mukhopadhyay! Kaijun Wang
deepfBunitedstatalgo.com kwang2@fredhutch.org

https://arxiv.org/abs/2005.13596
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Oncologic prediction GUI

Sanne van Dijk, PhD
UMC Gronigen

European Journal of Cancer 178 (2023) 150161

Research at MD Anderson



] MDACC Train
0.71 [0.65-0.77]



Sanne van Dijk, PhD
UMC Gronigen



Web-based individual OS risk
prediction in new patients



THALIS: Human-Machine Analysis of Longitudinal
Symptoms in Cancer Therapy

Research at MD Anderson



Multi-Organ Spatial Stratification of 3-D Dose Distributions Improves Risk
Prediction of Long-Term Self-Reported Severe Symptoms in
Oropharyngeal Cancer Patients Receiving Radiotherapy: Development of a
Pre-Treatment Decision Support Tool.

Research at MD Anderson 91



Predicting dynamic injury AND response kinetics

Research at MD Anderson 92



Tardini et al

Optimal Treatment Selection in Sequential Systemic and Locoregional Therapy of Oropharyngeal

Squamous Carcinomas: Deep Q-Learning With a Patient-Physician Digital Twin Dyad
(J Med Internet Res 2022;24(4):¢29455)

Research at MD Anderson



Al is good at survival prediction AND selecting therapy based on toxicity]

Optimal Treatment Selection in Sequential Systemic and Tardini et al
Locoregional Therapy of Oropharyngeal Squamous Carcinomas:
Deep Q-Learning With a Patient-Physician Digital Twin Dyad

(J Med Internet Res 2022;24(4):¢29455)

Research at MD Anderson



#\/1S2022%
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But the view looks good for computational models in
#RadOnc

Please email/visit soon!

cdfuller@mdanderson.org

Research at MD Anderson 97
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