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Biomarkers for risk stratification in head and
neck cancer
Human papillomaviruses (HPV) type 16 associated
oropharyngeal cancers
Markedly improvedsurvival
Imaging-based markers

Pre-treatment PET has prognostic values
SUV of the primary tumor was associated with disease-free survival
(DFS), OS and local control
Often based on a single measurement, e.g., SUVmax or
SUVmean
Economopoulou, Panagiota, et al. "Diagnostic tumor markers in head and

neck squamous cell carcinoma (HNSCC)in the clinical setting." Frontiers
in oncology 9 (2019): 827
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Adaptive Radiation Therapy

Adaptation to anatomical change

Increased therapeutic dose for non-responders, or
reduced dose for early responders

Risk adaptation for treatment (de-)intensification
Reduce or eliminate dose to low-risk targets

Increased therapeutic dose for non-responders, or
reduced dose for early responders

Additional systemic therapy for patientsat high-risk for
distant metastasis
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Al or Machine Learning

Analyze/model complex data
Integrate information from differentsources
Imaging (radiological/pathological)
Clinical
Biology
Complex patterns

Texture of images
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Radiomics-based Modeling

O Explosion of radiomics studies over last decade
» Imaging-based predictivemodels

» Extraction and analysis of large amount of features from
medical images

» Buildingpredictivemodels from extracted imaging features,
oftenin combination with other features such as clinical
characteristics
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Head and Neck Outcome Prediction
Toxicity

Carbonara et al. Investigation of Radiation-Induced Toxicity in Head and Neck
Cancer Patients through Radiomics and Machine Learning: A Systematic
Review,J Oncol. 2021

Treatment failure: distant metastasis, local regional
failure

Valliereset al. Radiomics strategies for risk assessment of tumour failure in
head-and-neck cancer. Sci Rep. 2017

Survival

Starke, Sebastian, et al. A hybrid radiomics approach to modeling progression-
free survival in head and neck cancers.” 3D Head and Neck Tumor
Segmentation in PET/CT Challenge. Springer, Cham, 2021.
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How to choose a classifier? Multi-Classifier Multi-Objective and
SVM Multi-Modality (mCOM)
LogisticRegression « Explicitly considers both sensitivity and specificity, critical
. forimbalanced dataset.
Decision Tree
Discriminant Analysis « Instead of choosing a specific classifier,we aim to maximally

. utilizeinformation extracted by different classifiers.
K-Nearest Neighbors

Naive Bayesian * Lead to morerobust predictionresults.

Random forest R.Wang, ..., and J. Wang, Locoregional Recurrence Prediction in Head & Neck Cancer Based on
CNN Multi-modality and Multi-view Feature Expansion, PMB, 2022
Z. Zhou,..., J. Wang, Multifaceted radiomics for distant metastasis prediction in head & neck
cancer, PMB, 2020
Model performance strongly depends on data : different L. Chen, ..., J. Wang, Combining Many-objective Radiomics and 3-ci C
. .. . . e Neural Nelworkthmughadentlal Reasoning to Predict Lymph Node Metastasis in Head and Neck
runs on different training, Valldatlon, test set Spllttlngs Cancer, PMB, 2019 (Used in two prospective Phase 1 clinical trials)
B B K. Wang, ..., J. Wang, A multi-objective radiomics model for the prediction of locoregional

may reSUIt dlﬁerent prEferred CIaSSIerrS recurrence in head and neck squamous cell cancers, Medical Physics, 2020
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Reliable fusion mCOM (multi-classifier, objective, modality)
for locoregional failure prediction in H&N
cancer after RT

Feature | Training stage | Testing stage |
extraction |Fea(urese\ec\ion|Classli\er(rainmg|Classlﬂerfuslon Update solution |Solution fusion|Modality fusion |

TInput data
. p B — M e
Radiomics i 6 o Bteray § Peri
feature , ) \ &
/ Peiini 0 Sensitivity
T ) Birai A N\ .
| Radiomic ;G ‘i:ﬁr"w 26— W;w‘n‘ ; £ ey e —
feature a :
Buzi i
EFm" 0 Sensitivity
. PET : . z °
Fusing information extracted from individual classifier/source Clinlc varisble ” P Pl
L. . . B - - 2 —_—
by combining the output scores with both weightand i solution # t: generation f; /: feature selection il = Pl @ Pei

ol p:outout probability; w: weight vector; C: classifier; i model parameter vector. Sensitivity

reliability.

(K. Wang, ..., J. Wang, A multi-objective radiomics model for the prediction of locoregional recurrence in head and neck
squamous cell cancers, Medical Physics, 2020)
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Performance of models built with different classifiers

277 patients from 4 institutions, a public H&N and features from different modalities

dataset downloaded from TCIA

. ) oty Clositr p—— Specitey - e e
40 experienced locoregional recurrence weem  waim | esen | owem
. LR 0.65 + 0.07 0.63 + 0.06 0.63 + 0.04 0.68 + 0.02 098
Median fo”ow.up: 43 months DA 062 4 0.08 063+ 005 063 + 004 0,67 001 052
MC 0.63 + 0.06 0.65 + 0.06 0.64 + 0.06 0.68 + 0.02 -
L . ) cr v 0522008 052008 0008 066+ 001 o
Median time to locoregional recurrence: 18 months iR 0522008 084 £ 001 07 £ 001 067 <002 059
DA 0.54 + 0.00 0.81 £ 0.02 0.77 £ 0.02 0.67 + 0.01 0.87
1 1 1 1 1 MC 0.54 £ 0.00 0.84 = 0.02 0.80 £ 0.01 0.69 £ 002 -
Model trained on data from two institutions while oer e oss=0m o= o0 oo o o
H 1 1 LR 0.59 + 0.09 0.50 + 0.04 0.53 + 0.01 0.02
tested on other two institutions. .
we 06201 061 = 008 061 + 001 0622 009 -
DA, discriminant analysis, LR, logistic regression; MC, mult issifi l: SVM, The cl fi Ippe

Vallieres M, et al. Radiomics strategies for risk assessment of tumour

failure in head-and-neck cancer. Sci Rep, 2017. (K. Wang, ..., J. Wang, A multi-objective radiomics model for the prediction of locoregional recurrence in head and neck
squamous cell cancers, Med. Phys. 2020)
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Performance of models built with multiple classifiers During-treatment Imaging
using features from different modalities g
Oniginal Autice | Puislisbead: 21 Geeemben 2016 TN TLG reduction 2
Nodal parameters of FDG PET/CT performed during o
Modality Classifier Sensitivity Specificity Accuracy AUC Povalue radiotherapy for locally advanced mucosal primary head fee TN TLG reduction < 50%
and neck squamous cell carcinoma can predict s
(Cilaic e D83 006 065 S0.06 S 000 9IRE002 002 treatment outcomes: SUVmean and response rate are
cT MC 0.54 + 0.00 0.84 + 0.02 0.80 + 0.01 0.69 + 0.02 <0.01 . . . L o
PET MC 062 +0.12 061 + 0.03 0,61 + 001 0.62 4003 <001 useful imaging biomarkers By
CT + PET MC 0.54 £ 0.00 085 £ 0.01 0.80 + 0.01 0.76 + 0.00 0.02 Seter LnEE, Mys Min, Mark Lee Lois 1ol cwa e . i —
CT + PET+Clinic Me 054+ 000 084 +002 080 £ 002 077 %000 - I
suropen teor e
08 . . .
. - +
. AUC=0.69 in Vallieres M, et al. 75 H_NSgC treated by %n;nary RT (+ chem;éhe»rapy%yv(ljth cuLanve |n§entand
© o6 Radiomics strategies for risk received FDG PET-CT before (prePET) and during third week of RT (iPET).
H .
z assessment of tumour failure
& o4 in head-and-neck cancer. Sci . . . .
2 e Rep, 2017. Areduction of more than 50 % in the node total lesion glycolysis (TLG) was
02 PET the best biomarker for locoregional and regional failure-free survival (FFS),
Ftricr disease-free survival (DFS) and overall survival (OS)
o Clnic+PET+CT
0 02 04 06 08 1
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Intra-treatment FMISO PET

In 19 patients with human papillomavirus-related oropharyngeal cancers, pre-
and intratreatment dynamic fluorine-18-labeled fluoromisonidazole positron

‘“ i 62 patients undergoing definitive (chemo)radiation
for HPV-related/p16-positive OPC, prospectively

Larly *I- EDC. PRT Respinse Duting Radistion enrolled. 18F-fluorodeoxyglucose PET/computed o ]
Therapy for IIPV-Relatec Ozapharyngeal Cancer . - emission tomography (PET) was used to assess tumor hypoxia.
May Predict Disease Recurcer tomography scans performed at simulationand

after 2 weeks at a dose of ~20Gy. Patients without hypoxia at baseline or intratreatment received 30 Gy; patients
with persistent hypoxia received 70 Gy.

Patientswith intratreatment SUVmax (normalized

to blood pool SUVmean) <6.7 or SUVmax Fifteen of 19 patientswere deescalated to 30 Gy. Of these 15 patients, 11 had a
(normalized to blood pool SUVmean) 26.7 with pathologic complete response.
intratreatment SUVA40% 22.75 as less likely to recur. Two-year locoregional control and overall survival were 94.4% (95% confidence

interval = 84.4% to 100%) and 94.7% (95% confidence interval = 85.2% to
100%), respectively. No acute grade 3 radiation—related toxicities were

—_
observed.
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Intra-treatment tumor UV,
224 to blood pool)

Nadeem Riaz, Eric Sherman, Xin Pei,..., Nancy Lee, Precision Radiotherapy:
gl e Reduction in Radiation for Oropharyngeal Cancer in the 30 ROC Trial, JNCI: Journal
o 5B i of the National Cancer Institute, Volume 113, Issue 6, June 2021, Pages 742-751
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Intra-treatment CBCT Reproducible CBCT features
Dally{weekly CBCT is routinely used for patient setup or Repeated CBCTs with the same fraction
adaptive therapy
Change of CBCT-based radiomics (delta-CBCT-radiomics) A :Z Primaries 8 jz Nodes
couldreflectthe therapy included response E s
Adding delta-CBCT-radiomic may improvethe performance {Z {:
of models based on baseline imaging/clinical characteristics 520 §20
Cohort: 1:2 case-controlcohort of patientswith HNSCC Z_ :
treated at UTSW with definitiveradiotherapy +/- z
chemotherapy. 90 patients (30 cases) were included with: fgacigd il H §E83i8 i3
Intra-Class Correlation Cosfficient (ICC) Intra-Class Correlation Coefficient (ICC)
89 primary GTVs (23 primaries with LF)
R H Morgan, ..., J. Wang, “Explorator P model for p local failure in head
209 nodal GTVs (]_5 nodeswith LF) and neck cancer: the additive benefit of CT and intra-treatment by

features”, Quantitative Imaging in Medicine and Surgery, 2021
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Local failure prediction for structures
Model AUC ?if:)' 5(75:;00‘ (v; :rl:?)m (v: v;\:; YouMda:n J P’:}hfs‘:g\;cacx’e SS”;‘SV"V S"S‘ﬁ/:;my
chance)' ensemble)* statistic  max J statistic
Fused ensemble 0.871 0788 0.954 0.000 NA 0.692 0.290 783 920.9
Combined feature ensemble 0.853 0771 0935 0.000 0.494 0.565 0.161 91.3 56.5
Clinical Only ensemble 0.788 0.680 0.895 0.000 0.134 0.469 0.252 69.6 773
Radiomic ensemble (CT1 + Delta) 0.770 0.655 0.885 0.000 0.017 0.491 0.237 87.0 49.1
CT1 only ensemble 0.687 0.561 0.813 0.004 0.004 0.340 0.291 52.2 81.8
Delta only ensemble 0.696 0571 0.822 0.002 0.013 0.345 0.208 739 60.6

Fused ensemble model (primaries)

= Case (n=23)
= Gontrol (n=66)

H Morgan et al, Quantitative Imaging in Medicine
and Surgery, 2021

Ensemble score
3

Prediction uncertainty?

Patients are often limited

Model may not providereliable predictionsto all the
testing samples, especially for those whose characteristics
vary significantly from the training dataset distribution

Epistemic uncertainty
Can be estimated by anomaly scores

Inherent noise of input data
AleatoricUncertainty
Can be estimated by using test-time augmentation (TTA)
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Pvalie  Pvalue Predicted score
Model AUC g‘fxec' 95%:‘ (s. random (vs. fused Mj‘:(:‘(’:f:” threshold at SE“;‘f“’“y 5“;‘}‘”“
(lowen) - (upPen =\ once)'  ensemble)’ itc  ax Jstatisic %) %)
Fused ensemble 0910 0853 0967  0.000 NA 0.680 0.066 1000 68.0
Combined feature ensemble  0.893 0819 0941  0.000 0212 0.686 0.046 1000 68.6
Clinical only ensemble 0865 0802 0929  0.000 0080 0.648 0.061 947 704
Radiomic ensemble (CT1 + Delta) 0.880 0819 0941  0.000 0268 0.643 0.060 947 696
CT4 only ensemble 0854 0784 0924  0.000 0.026 0613 0.056 1000 613
Delta only ensemble 0867 0803 0930  0.000 0150 0613 0.054 1000 613
Fused ensemble model (nodes)
06
8 Case (n=19)
05 = Control (n=194)
o 04
8
H Morgan et al, Quantitative Imaging in Medicine 2
and Surgery, 2021 E 03
g
g .
02 ;
o I
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Locoregional recurrence prediction in
HNC by learning with rejection option

Valus of Evaluation Critarian
Value of Evaluation Criterior
v
v
v
A
3
Value of Evaluation Critarior

o s bt W Fo )
o em o1 es 0z 0 o am o1 0% 0z 0% 93 0 01 02 03 04 05
Sample Rejection Ratio ‘Sample Rejection Ratio ‘Sample Rejection Ratio
Epistemic uncertainty Aleatoric uncertainty Combination

Kai Wang et al, under revision, Medical Physics
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Personalized treatment target identification

Involved nodal radiation therapy for head and neck
cancer (HNC) patients

Majority of disease sites treated with RT no longer receive
elective/prophylacticradiotherapy to clinically-negative
areas

Despite our ability to tailor the radiotherapyvolume and
dose to specific areas, IMRT still targets the same lymph
node regionsas conventional 2D radiotherapyin HNC

The toxicity of associated with RT is very high, especially
for patients receivingchemoradiation therapy, where
acute and late toxicity rates of grade 3 or higherare 80%
and 25%-60%, respectively

ursouthwestern
Medic ter
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Cervical Lymph Node Malignancy Prediction
There is often uncertainty about the malignant potential of small
and less FDG avid lymph nodes (LNs) in head and neck cancer.

Malignant LN identification strongly dependson the physicians’
experience.

Al-based clinical decision supporttool for physicians to identify
malignant LNs more consistently.

Suspicious -'_
|

Involved

ursouthwestern
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Combination of MO-Radiomics and CNN LN malignancy prediction on surgical
patients with pathological ground truth

pooingl. pooling? Com10-12

T' T :n,'T B K Kem531 Training nodes: 116 positive and 438 negative
A RAR Vo T T Testing nodes: 50 positive and 187 benign

5 Q@
D L g o Lo oy i
3 cemet:2 K2 Kernd
Comt Com25 Kerneks Kerne:2 (EURE - Fornl
Kemel:s ~ Kernel3 Stride:1 Stride: 1 RN -
Stidet  Stride:]

ER fusion) =>( Output_ 1 —
PET Image Features Pill‘ﬂl)-l)pﬁmﬂl . g —
\ I \ %8 Set .08
LN e ——CNN .
CT Image Features % = o' X=0 206 ——MO-radiomics AUC: 0.95
/ L] = ' combination of CNN and MO-radiomics .
2 2., combined model
30
£
02
o
0 02 04 06 08 1

False Positive Rate

Chen, ... Wang, Phys Med Biol 2019 doi: 10.1088/1361-6560/ab083a, arXiv:1809.01737;
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Model deployment for a phase Il trial

e - lo B = = T EEE
il - P p—

INRT- AIR: A Prospective Phase Il Study of Involved \ P

Nodal Radiation Therapy Using Artificial mn““ ==
Intelligence-Based Radiomics for Head and Neck
Squamous Cell Carcinoma (PI: David Sher). ‘ :
|, 3 :
[r—— —
https://clinicaltrials.gov/ct2/show/NCT03953976 e s o s oo

® Systm Scrits pen Folder. —
older g Folde

Eliminating elective neck irradiation and strictly
treating involved and suspicious lymph nodes

= e
—— ‘ J
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Normal tissue dose sparing with INRT-AIR

Conventional

Row CT Prediction Probability PET CT Prediction Probability
AIROT O 0.08

AIRO2 O 0.05

AIRO3 0.09 0.1

AIRO5 0.27 0.16

AIRO6 O 0.01

AIRO7 O 0.01

AIR09 0.01 0.44

AIR10 0O 0.02

AlIR11 0 0.01

AlR12 0.06 0.21

AIR13 0.13 0.39

AIR15 0 0.02

AIR16 0 0.01
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Comparison of Dose bath of 30 Gy and 10 Gy

35%
= 30%
[Zx . Avg. 27%
S 25%
<
&
> 20%
3 ‘ = Conventional
- 1% = INRT-AIR
] Avg.13% | B Avo. 12%
2 10% [
S "
>
R 5% e Avg. 5%

0%

V30Gy V10Gy
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Preliminary results of INRT-AIR trial

With a median follow-up of surviving patients of 19.6 months,
there were no solitary regional recurrences.

The mean composite MDADI scores at 6 and 12 months were
90.7 and 89.8, respectivelyand 94.9 and 94.6 at 6 and 12
monthswith a baseline MDADI score > 75.

These outcomes are much higher than a cohort of patients
treated with standard IMRT with elective neckirradiation froma
prospective cohort at Royal Marsden, where mean MDADI
composite score 12 months after treatmentcompletionwas 72.

Oncology D. Sher et al, ASTRO 2021 Urgocttvestern

Currently employed in another prospective phase Il
trial (PI: David Sher)

A Prospective Study of Daily Adaptive Radiotherapy to
Better Organ-at-Risk Doses in Head and Neck Cancer
(DARTBOARD)
https://clinicaltrials.gov/ct2/show/NCT04883281
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Uncertainty quantification

Model performance measured on the test data stratified by the median
aleatoric uncertainty obtained from the incorrect predictions within the
validation cohort.

ROC-less than median aleataric uncertainty ROC-greater than or equal to median aleatoric uncertainty
10 10
I
08 7 08
£ -~ £
E 0 2
£05 o gos
4 - 5
] - 3
< .
g 04 Vi gos
£ s E
-
0z e 0z
7
e —— AUC = 1.00) — AUC = 0.64)
00k -
(1] 0z 04 08 08 w00 02 08 10

.4 Y 04 0
Faise Positive Rate False Positive Rate

(M. Dohopolski, ..., J. Wang, Predicting Lymph Node Metastasis in Patients with Oropharyngeal Cancer by using
Convolutional Neural Networks with associated Epistemic and Aleatoric Uncertainty, PMB, vol. 65, 225002, 2020)
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Uncertainty quantification

Model performance measured on the test data stratified by the median
epistemic uncertainty obtained from the incorrect predictions within
the validation cohort.

ROC-less than median epistemic uncertainty ROC--greate than or equal to median episternic uncertainty
10 o 1
-
|
08 ;"‘ L]
- o g
3 - H
2 y :
$06 L Sos
£ ¥ H
304 . €
£ L g
02 s
e
‘I’ —— AUC = 1.00) — AUC =069
13 02 04 06 08 10 08 10

False Pasitive Rate: False Positive Rate

J. Wang, Predicting Lymph Node Metastasis in Patients with Oropharyngeal Cancer by using

(M. Dohopolski, ..,
Neural Epistemic and Aleatoric Uncertainty, PMB, vol. 65, 225002, 2020)

¢

ursouthwestern
Medical Center
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Anatomical change prediction

Identify which patients can potentially benefit from
adaptive RT

Facilitate clinical workflow management

Prediction of tumor
Extraction
GTVp & GTVn prodiction model radiotherapy

eV GTvn
. © Rogression  Regression

Planning CT

. Non-
3
L ® Regression Regression

acr iy = Iitisl GTVp volume ~ Boost GTVp volume GTVp regression, AUC=0.75
Initial GTVp volume

Jeseatmientday GTVn regression, AUC=0.73

Tanaka, Shohei, et al. "A deep learning-based radiomics approach to predict head and neck tumor
regression for adaptive radiotherapy.” Scientific Reports 12.1 (2022): 1-13
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Predicting Radiotherapy Induced Anatomic Change Summary

for Head and Neck Cancer Patients using Vision . . .

Transformer Intra-treatment imaging may capture therapeutic

Kai Wang et al, PO-GePV-M-301 induced change
- )
2 soss Lw..!m,,ycncfarmumm @), Loscrs) Response adaptive therapy
: Ln.f;.mm e |
& 8 i
2 o = . . . P .
¢ Transformer ]ﬂ i Bacolier } H 2 8 Al-based imaging analysis could aid in adaptive
L Elcate, 1 3 radiation treatment strategy
£ Spatial Risk adaptive treatment management
2 Transform .
Personalized treatment target
Loss = Lsimizarixy(DEfOFmUCBcnr¢): Ieners) + ALaig pusion($)
PR
Median (95% confidence) MSE ssIM oc Volume Difference (cﬁ ASD (mm)
Planning CT 0.0106 (0.0107, 0.0133) 0.8382 (0.8197, 0.8472) 0.9547 (0.9487, 0.9580) ( 103.92 (86.32, 159.70) ‘ 3.04(2.94,3.76)
Week-1 CBCT 00079 (0.0079,0.010) 08690 (0.8690,0.8945)  0.9712 (0.9663, 0.9722) 50.28(30.24, 74.72) / 1.40 (140, 1.66)
Predicted weel-3CBCT  0.0068 (0.0067,00088)  0.8976 (0.6748,0.8998)  0.9723 (09665, 0.9717) 0.14(-14.76, 26. 79/ 1.28(1.26,1.58) Radiation Oncology ART and MAIA Labs
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