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in RayStation

Artificial Intelligence

Algorithms designed to imitate human
cognitive intelligence : perception,
reasoning, learning, planning, natural
language processing

Machine Learning

Algorithms designed to predict
future outcomes by

automatically learning from
RayStation 9B datas
Auto Plan Deep Learning

Algorithm designed by
mimicking human brain to
interpreting datas features and

relationships without human .
g%idance RayStation Auto

Segmentation

// RayStation 11A

Auto Plan
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Algorithm for automatic segmentation

FCNN gives a category (ROI) to every
voxel of the image
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plan generation

Treatment plan generation with « standard » optimization

Dose goal

Contours Optimization g

Treatment plan generation with a model of Machine Learning

ML model
4

Image Contours —>| Mimicking

- Faster than
Gives compact features map Allows precise localization of the 9B version Dose Mimicking :

thanks to convolution and features map. Thanks to up- Transform the predicted dose
pooling functions. convolution and copy/crop functions. distribution to a clinically
deliverable treatement plan
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9B algorithm for automatic treatment Introduction - Clinical Use of RS | 1A Theory | Auto

Segmentation| Auto Plan | Conclusion

plan generation

Treatment plan generation with « standard » optimization

Dose goal

Contours Optimization g

1 |
Treatment plan generation with a model of Machine Learning
ML model i
Image Contours —>| | Beams Mimicking S v """" v l@ :
CARF: Sélection: } . Macmmmg =
Several Atlas of Random A random forest select the most ———
Forest link dose per voxel > relevent Atlas with Bhattacharyya Dose Mimicking :
with patient features (CT and distances (leaf value vs reference Transform the predicted dose
contours) value) distribution to a clinically
deliverable treatement plan

Super Forest
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Method to evaluate of Auto

Introduction - Clinical Use of RS | IA Theory | Auto

Seg men‘ta‘tion Segmentation| Auto Plan | Conclusion

+ Compare timing of manual contours VS segmentation
+ Calculation similarity index : Dice, Jaccard, Sensibility et Specificity and Mean and Hausdorff distances (H)
If bad results (all index < 0,8) : Qualitative review of physician to decided to accept or not the auto segmentation model

false positiye

A
DL volume

U
Univers

TP
true positive

Biggest distances

B Physician volume
Sensi - - Sensi ++ Sensi - - ive
Speci - - Speci - - Speci + +
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Deep Learning contours : 30 secondes
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DICE INDICE JACCARD INDICE
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Dice < 0,8 for Seminal vesicles and Lymphatic nodes, but high specificity (accepted with manual corrections)

Dice > 0,8 for Prostate, Bladder, Rectum, Femoral Heads (accepted with manual corrections) n
Model accepted clinicaly
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Automatic segmentation for Thorax

Deep Learning contours : 30 secondes
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Method to evaluate of Auto
segmentation
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Process to use artificial intelligences

Clinical use of Artificial Intelligences
models fo in RayStation needs a specific
process

CLINICAL USE
TRAINING Al SETUP MODEL COMMISSIONING OF AUTO
SEGMENTATION

DATABASE
CONSTRUCTION

RS ML Al LOCAL Al Final LOCAL Al

LOCAL Model model model

Database

Can come from other
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LOCAL PEIVIC mOdEIS for aUto Introduction - Clinical Use of RS [ 1A Theory | Auto
plann|ng Segmentation| Auto Plan | Conclusion

Actual
Origins treatment Model Names Prescriptions Strategies

Protocols
3 LOCAL ML models Standard
in 9B and 5 LOCAL
ML models in 11A
and their strategies Protect Rectum
from the 2 LOCAL Combined for
databases multiplanning

Standard

786Gy / 32Gy

Clinique
Pasteur

Protect Rectum

Combined for Possible in
multiplanning 11A version Standard

Protect Rectum

Protect Bowel




llllllll

Pasteur

MethOd to evaluate Of AUtO Plans Introduction—ClinicaIUse of RS | 1A TheqrylAuto
Comm|SS|on|ng of ML model Segmentation| Auto Plan | Conclusion

+ Qualitative review of the dose distributions and DVH curves :
+ Quantitative evaluation of the protocol specific clinical goals

+ Comparison between the automated plans with ML and the standard optimized plans with index :

Conformity index Volume ¢qrget

Conformity = —————
f y Volume isodose _ref

Homogeneity index D, — Dog
Homogeneity = D
50

Dose Gradient index : Volume jsodose 50%
Gradient =

Volume ispd0se _ref
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Standard VS ML : rEVIew Of the dose Introduction - Clinical Use of RS | IA Theory | Auto
dlStrlbUtlonS and DVH curves Segmentation| Auto Plan | Conclusion

Select dose for plan ¥ | Plan dose: ProstateVS46Gy_GS_ML_SSOPT (CT 1)
i [4] Plan dose: ProstateVs46... 7] Beam Set dose: Prostate

85% of 50 evaluated plans are clinically acceptable
without additional optimization

ML algorithm generate plan in 16 minutes = twice faster
than standard optimization

1.« wwews Standard optimized plan

g TSIz
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0.90

0.88

0.86

0.84

0.82

0.80;

0.78/

0.76

Standard vs ML : Conformity index

Conformity =
0.91
—— 0.91
Maximum of 1
standard 0.892
optimization
0.88
0.87
~r 0.86
Average of
standard : 0.844
optimization % 083 0.84
0.81
- 0.81
Minimum of
standard 0.776
optimization
PROSTATE PROVS PELVPRO

llllllll

Pasteur

Introduction - Clinical Use of RS | IA Theory | Auto
Segmentation| Auto Plan | Conclusion

Volume ;soh0se _ref

Goal=1

Isodose Volume of
95% of dose prescription
(reference)

Planning Target Volume
(PTV)

Results of ML between 0,91 and 0,76 : LOCAL ML models have equivalent or best conformity than m

standard optimized plans
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Standard vs ML : Homogeneity index

: DZ — D98
Homogeneity = ———
HOMOGENEITY Ds
0.10 . -
0.10 Dose at 98% of Goal =0

0.09 . 0.09 PTV

Maximum of .

standard . 0.082

0.08 optimization .

Average of .: 0.07 0.07 —— 0.08

standard " : . |

el optimization b - 0.070

Minimum of
0.06 standard 0.059

optimization . L 0.05 . 3 | |

—* 0.05 o Dose [% of 47.66 Gy]
0.05 |
L 0.05 Dose at 2% of
0.04 0.04 PTV
PROSTATE PROVS PELVPRO

Results of ML between 0,04 and 0,1 : LOCAL ML models have equivalent homogeneity indices than
standard optimized plan. v
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Standard vs ML : Dose gradient index T Segmentation Auto lan| Concluson

Gradient = T —
GRADIENT DOSE isodose _ref
3.5 ximu . =
Mi;a?daTQOf . 3.46 3.490 Goal =1
34 optimization 3.41
3.3 .
.+ 3.26 S
. Isodose volume of D95%
' Pp— . (reference)
31 opStti?T?iCzj:{iCi)n 3.113
3.06
30 - 3.02 Isodose volume of D50% |
' — 2.98
Minimum of P
2.9 standard 2l 2.897
optimization —+- 2.88 2 85 Py
PROSTATE PROVS PELVPRO
Results of ML between 3,46 and 2,84 : LOCAL ML models equivalent or best dose gradient than m
standard optimized plans
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. Introduction - Clinical Use of RS | IA Theory | Auto
COﬂC|US|0n and fUture Work Segmentation| Auto Plan | Conclusion
Automatic segmentation Automatic planification
V| Fast calculation (30 seconds) V| Fast calculation (16 minutes / BeamSet)

Method reliable (good results) ML plans are equivalent to standard optimized plans

v v
V| RaySearch provide commissionned model V| Adjustement of model very usefull
X |
X v

Construction of database is time consuming

RaySearch provide commissionned ML models and
systematically help for adjustments

{C Evaluation of ORL model on going (verry promising) X | Construction of database and adjustement of ML on-site are
O New databases to create new models time consumming and need a dedicated person

O Creat | | - C Evaluation of th Igorithm (9B V/S 11A

{ Creation of user friendly algorithm for database construction ‘_ Evaluation of the new algorithm ( )

C Evaluation with Complexity index

IA method allows homogenization of clinical practices and saves a considerable amount of time -
at least 2 times faster



