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Artificial intelligence in Radiot






Al in Radiation Oncology

Decision support tools that Automated tumour and organ Enhanced image guidance, motion
combine clinical, genomic and segmentation as well as optimal management and scheduling promise
imaging data promise to support dose prediction promise to to improve clinical efficiency and
precision oncology practices streamline the planning process patients’ outcomes and experiences

Replanning

Treatment Imaging Treatment Plan approval Radiotherapy Follow-up
decision (simulation) planning and QA delivery care
|

- . . o " ”
Al promises to reduce radiation Al tools might help expedite | Accurate prediction of response to treatment,
exposure of patients, enhance image the QA process and detect rare radiation-induced toxicities and other adverse |
quality, suppress artefacts and enable erroneous events, especially for effects might provide real-time meaningful
more accurate image registration highly complex treatments clinical decision support

Huynh et al. Nat Rev Clin Oncol 2020
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Figure 1. Receiver operating characteristic curve comparison between the
reader-averaged radiologists and the artificial intelligence (Al) system in terms
of area under the curve (AUC). Parentheses show the 95% confidence interval of
the AUC.

Rodriguez-Ruiz, JNCI J Natl Cancer Inst, 2019
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Conversion among imaging modalities

GAN and autoencoders

Ground truth Fealure ) al GAN
.

Cusumano et al. Radiotherapy and Oncology Fard et al., Computers in Biology and Medicine ,
Volume 153, December 2020, Pages 205-212 Vol. 146, July 2022, 108556



Synthetic-CT generation for MR-only RT

PTV dose error (%) Gamma Index (%)
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Autocontouring: head and neck
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Autocontouring: head and neck

Gold standard Model prediction Contour comparison
mmm Brachial plexus
Trachea
Spinal cord
m= Thyroid
Table 3 | DSC comparison on the test set of dataset 1
OAR MAS AnatomyNet U,-Net Human
Brachial plexus 3038+15.63 50.41+8.08 56,15+ 10.83 3303+7.83
Brain stem 82254747 82.63+4.57 86.25+3.86 83.25+4.63
Constrictor naris 66.38+8.21 73.68+7.56 75.46 + 613 62344863
Goid strdard EarL 703841494 76.68+500 77.28+4.25 4357+1263
EarR 700341557 78774577 78.64+6.35 3971£10.81
Constictornars Eye L 8596+10.99 88.41+310 92.51+2.00 9071+2M
= eie EyeR 826841738 £9.254+338 92491234 9L51£179
=t Hypophysis 435441845 5618 +10.01 63.86+873 59.26+14.77
it Larynx 82604819 83064798 89.25+3.26 68.60+6.59
LensL 46.25+24.29 77.25+792 8190+ 6.88 64.27£10.06
LensR 4553+2394 78.06+7.51 83.04.+590 71794959
Mandible 8395+11.48 9197 £171 9312+ 1.41 90.97 146
Optic chiasm 42.08+1752 60.55+£1116 64.21+1639 28.61+14.40
ol standord Optic nerve L 59.49+14.61 7255+ 6.55 75731726 6510+8.44
Optic nerve R 59.08+16.53 7295+7.90 76.06 + 6.49 6614+7.29
Constictornaris  Oral cavity 8610+9M 87.69+5.67 90.77+2.32 79.30+3.59
= aitie Parotid L 725241557 82284671 84.8614.22 7846+ 4.90
il Parotid R 712041755 82.20+7.26 84.93+3.99 78.88+4.41
et} SMG L 60.89+1211 7547+ 893 80.71+7.32 7773+6.25
Sublngualgland — cpiG R 6370+15.80 74.82+14.69 82.54.4747 741041692
Spinal cord 774241670 80.32+6.48 85.64+ 590 84.50+6.62
Sublingual gland 215241634 39.94+2102 45.99 +18.84 3516+23.87
Temporal lobe L 80.05+7.28 8176+533 84.78 1 2.62 82.41+5.01
Gold siandard Temporal lobe R 78.26 £7.40 7297 £14.60 8413+3.34 80.90+7.49
Hodd Thyroid 63.68£19.65 71.82+11.40 85.62 4 4.63 82424616
e T™IL 61.26+19.86 86.65+3.34 87.96+ 312 84.67+5.09
i TMIR 634542048 85734369 86.86 + 3.60 81984859
=L Trachea 65.86+18.75 79344775 81.29+4.84 91.05+1.69
Average 64.87 7619 80.43 7038
Values are given in uniits of %. L, left; R, right; SMG, ibular gland; TMJ, temp jibular joint; MAS, multi-atizs segmentation. Bold numbers represent

oncologist modified his/her previous delineation by referencing the corresponding MRI images.

- Tang, Nature Machine Intelligence -



Autocontouring: bhead and neck

256 and 512 ResUnet mod

Model DSC

256 (mean) 0.771 £ 0.039

256 (median) | 0.829 = 0.024

512 (mean) 0.768 = 0.041

512 (median) | 0.828 = 0.024

Naser, Head Neck Tumor Segm Chall (2021)



Autocontouring:
pelvis

Oktay, JAMA Netw Open. 2020



A Model failure modes

Under-segmentation
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Autocontouring: brain

Brain MR Templ:
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https://blog.radformation.com/autocontour-adds-to-the-list-of-available-structures



Autocontouring: abdomen

gle Right Mouse Click: Pixel/HU Value
uble Right Mouse Click: Center All Planes

https://blog.radformation.com/autocontour-adds-to-the-list-of-available-structures



Autocontouring: MRI, DRR

: Pixel/HU Value
: Center All Planes

https://blog.radformation.com/autocontour-adds-to-the-list-of-available-structures



pharyngeal constrictor
muscle in wrong place

Michael Gensheimer
@MFGensheimer




Patient selection for proton therapy
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Kouwenberg, Radiotherapy and Oncology, 2021



Patient selection for proton therapy

Dose NTCP models  Treatment selection

=1
©

c

—~
(%)

e il A\NTCP Xero |1 > 10% _ Sronddd
n ATl e o R
* L T Dyepn 1> 107 SR
anTcr oyepn 15 e

Xero Il SANTCP grade Il > 15% M——.},
Xero |ll and each >5%
y |\ SerEm T
Ysp SANTCP grade Il > -
Dysph Il 7.5% and each >2.5% Average cumulative NTCP using the treatment
indication with clinical and predicted doses

EEsgEEsessmal

__________
prefecfpnfongfenponfiooiosanonfifiel

EEE

¥ b ¥ N

XT dose prediction error

PT dose prediction error

g g L7

= = Q.= P
8T 4 gT, 4 Eg —— Clinical dose
ZF - BE ze__|[= Predicted dose
°8 T T °8 0.8 16;
£ = S =
of o % B A R i i 52
o # = i 13 =i
g 1] £ 315
i, L B, o
a o 4 a o o _8

3 X ()]

x o o “ o £, “ ) » ) 2 141

2
\,0\$ \IOQ\ »&Gb @Gz‘ \/0$ \9«\ @O @62\ <>( 3 0"
'(4/ 'Q\’ 'é/ é’ é’ 'Q\’ 'Q\, é, _________

Dysph II 3 6 8 10 12 14 16 18 20
Dysphii 1 3 5 7 9 11 13 15
Threshold value for the NTCP models [%]

Huet-Dastarac, Medical Physics, 2021



Radiotherapy

treatment
planning




DVHs for KBP-Planned versus Predicted Dose Distributions
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https://www.ncbi.nlm.nih.gov/pmc/articles/PMC9272530/

Dose prediction/autoplanning

Dose prediction

Post-processing of the Dose mimicking
/ Contours on pCT\ predicted dose

Automatically
generated plan
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Borderias-Villarroel, Medical Physics 2023



Autonomous, un-supervised

Online adaptive MRgRT

- Fully
automated RT
workflow

Autonomous plan generation,
including OAR segmentation, target
generation and optimization

First checkpoint for human
interaction at the time of clinical
online adaptation at the MR-Linac.
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Kunzel, Radiotherapy and Oncology, 2021



https://www.sciencedirect.com/journal/radiotherapy-and-oncology
https://www.sciencedirect.com/journal/radiotherapy-and-oncology

Prediction of acute toxicity to the rectum
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Guided

Global GB Grad.CAM

Grad-CAM
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Wang, Front. Oncol., 2020
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Dose prescription
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Target localization for IGRT
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Deformable image registration

= GAN

Comparison w traditional methods

Dynamic

Ground Truth Motion

dAUTOMAP: fast image reconstruction
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Tumor centroid prediction:
*,STM (Long Short Term Memory) networks
(Al)

—— True input
—— True output
—+— Predicted output

Tumor
Tracking
by Al

Gjemelllvi

NI KLINIKUM aomaniccs | Courtesy of Marco Riboldi, AAPM 2023, Houston, TX



Patient selection for breath-hold RT
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Adaptive Radiotherapy Clinical Decision Support system
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Recurrence

4 lung injury

Benign
changes

Mattonen et al. Med. Phys. 41 (3), March 2014

Differentiation of
relapse from fibrosis

= Accuracy 76%—77% of
radiomic features in cross-
validation



Radiotherapy QA




Automated QA of treatment plans

Receiver operating characteristic (ROC)

SHAP value (impact on model output)
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Quality check of treatment plans

Table 1. Example potential error cases.

Tx_Intent (site) Technique Modality Dose_Ttl  Dose_Tx  numFields  Severity
Palliative (Brain) Conformal Plan  x06 5400 200 6 7
Curative (Brain) IMRT x18 6000 200 12 2
Palliative (Breast)  PA x18 2268 81 2 8

Note: Introduced errors are indicated in bold.

ROC comparison (Brain)
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Alan M Kalet 2015 Phys. Med. Biol.



Automated QA of LINACs by Al

= Prediction of results of Delivery Quality Assurance (DQA) of VMAT

10

Prediction of Delivery Quality Assurance of VMAT

success/failure by ML
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prediction of multi-leaf collimator positional errors

Using dynalog files

DICOM-RT
(Planned Positions)

DynaLog
(Delivered Positions)

= |

Leaf Motion Parameters

Position (+/- 1 CPs)

>

Velocity (+/- 1 CPs)
Acceleration (+/- 1 CPs)
Starting/Stopping

Errors
(Target Response)

Moving/Resting
Towards/Away from Center
Adjacent leaf movement

Carlson et al., Phys. Med. Biol. 61:2514.
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Prediction of gamma passing of IMRT plans
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Prediction of errors in treatment delivery
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