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OUTLINE

Infroduction to Al: what and whye

Literature review: where Al has been applied in dosimetry?

Practical case examples: How to use Al tools in dosimetry?
- Demonstration 1: "Classical” machine learning example

«  Demonstration 2: Deep learning example
What are the future directions?

Conclusion
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ARTIFICIAL INTELLIGENCE (Al

ARTIFICIAL INTELLIGENCE

A program that can sense, reason,
act, and adapt

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

DEEP
LEARNING

Subset of machine learning in
which multilayered neural
networks learn from
vast amounts of data

MACHINE LEARNING
Linear Regression
Logistic Regression
Decision Trees

Support Vector Machines
(SVM)

K-Nearest Neighbors (KNN)
Many more....

“Artificial Intelligence (Al) is a
field of computer science
that focuses on creating
systems capable of
performing tasks that
typically require human

intelligence, often utilizing
Machine Learning (ML) and
Deep Learning (DL)
techniques”

Megatrend in radiology:
Al is revolutionizing radiology
by enhancing diagnostic
accuracy and efficiency

Machine Learning-An Introduction And Types | by
Rudresh Dixit | Medium

4 3.12.2024



https://medium.com/@0rudreshdixit/machine-learning-an-introduction-and-types-d8272a07bb1

COMPUTING POWER

Computational capacity of the fastest supercomputers
The number of floating-point operations’ carried out per second by the fastest supercomputer in any given year.
This is expressed in gigaFLOPS, equivalent to 107 floating-point operations per second.

- 1. Exponential Growth in Al Compute:
« Computing power has grown
100 million exponentially, significantly
accelerating the development of
10 million generative Al
2. Three Eras of Al Computation:
1 million
1. Pre-Deep Learning (1950-2010):
— Compute power doubled every
18-24 months
10,000 2. Deep Learning Era (2010-2016):
Compute power doubled every
1,000 5-7 months
3. Large-Scale Models Era (2016-
1993 1995 2000 2005 2010 2015 2020 2022 preseni‘): Compute power
Data source: TOP500 Supercomputer Database (2023) OurWorldInData.org/technological-change | CC BY dOUbleS OpprOX. e\/ery ] ] mOHThS

1. Floating-point operation: A floating-point operation (FLOP) is a type of computer operation. One FLOP represents a single arithmetic operation
involving floating-point numbers, such as addition, subtraction, multiplication, or division.

5 3.12.2024 ://medium.com/nimbusniche/the-exponential-
o agrowth-of-ai-compute-powering-the-next-era-of-
generative-ai-and-accelerated-3b63649b%ac3



https://medium.com/nimbusniche/the-exponential-growth-of-ai-compute-powering-the-next-era-of-generative-ai-and-accelerated-3b63649b9ac3
https://medium.com/nimbusniche/the-exponential-growth-of-ai-compute-powering-the-next-era-of-generative-ai-and-accelerated-3b63649b9ac3
https://medium.com/nimbusniche/the-exponential-growth-of-ai-compute-powering-the-next-era-of-generative-ai-and-accelerated-3b63649b9ac3

OPERATIONS REQUIRED TO
TRAIN MODEL ¥
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FIGURE 2. Scaling of deep learning: operations required to train vision and NLP models versus time.

6 3.12.2024 Dally et al. Evolution of the Graphics Processing Unit (GPU) 2021 IEEE Micro..



https://www.researchgate.net/figure/Number-of-trainable-parameters-10-6-used-for-U-Net-and-its-variations-The-inclusion_fig3_358223716
https://www.researchgate.net/figure/Number-of-trainable-parameters-10-6-used-for-U-Net-and-its-variations-The-inclusion_fig3_358223716

DATA GROWTH
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« The amount of data
increases exponentially

« Also in healthcare

Number of imaging
studies are increasing
globally

3D imaging etc..



https://www.statista.com/statistics/871513/worldwide-data-created/
https://www.seagate.com/files/www-content/our-story/trends/files/idc-seagate-dataage-whitepaper.pdf
https://www.bing.com/search?q=healthcare+data+growth+report+IDC+2025&toWww=1&redig=659C45AE230A4568805B245D40D1F7C6
https://www.healthcareittoday.com/2021/02/17/more-healthcare-data-means-growth-for-switch/
https://www.healthcareittoday.com/2021/02/17/more-healthcare-data-means-growth-for-switch/

Literature review I

WHERE HAS Al APPLIED IN
DOSIMETRY



LITERATURE REVIEW: Al + DOSIMETRY HUS

Type Application References
Rampado et al. Analysis of a CT patient dose database with an unsupervised clustering approach, Physica Medica, 60, 2019
https://doi.org/10.1016/j.ejmp.2019.03.015
Meineke, A., Rubbert, C., Sawicki, L.M. et al. Potential of a machine-learning model for dose optimization in CT quality assurance, Eur Radiol 29, 2019
https://doi.org/10.1007/s00330-019-6013-6
Peng et al. A method of rapid quantification of patient-specific orgon doses for CT using deep-learning-based multi-organ segmentation and GPU-accelerated
Monte Carlo dose computing, Medical Physics, 2020 https://doi.org/10.1002/mp.14131
Rehani and Prakash. Real-time patient-specific-dose in CT through use of arfificial intelligence, J. Radiol. Prot., 44, 2024, DOI 10.1088/1361-6498/ad750e

ﬁ Maier et al. Real-time estimation of patient-specific dose distributions for medical CT using the deep dose estimation, Med. Phys. 49, 2022,
cT Patient specific dose https://doi.org/10.1002/mp.15488
2 2 . estimation Shao et al. Fast prediction of patient-specific organ doses in brain CT scans using support vector regression algorithm, Phys. Med. Biol. 69, 2024
dosimetry Risk estimation https://doi.org/10.1088/1361-6560/ad14c7
+  Protocol optimization Tzanis and Damilakis. A machine learning-based pipeline for multi-organ/tissue patient-specific radiation dosimetry in CT, Eur Radiol 2024
https://doi.org/10.1007/s00330-024-11002-0
Klein et al. Patient-specific radiation risk-based tube current modulation for diagnostic CT, Medical Physics, 2022 https://doi.org/10.1002/mp.15673
Imran et al. Personalized CT Orgon Dose Estimation from Scout Images, In: de Bruijne, M., et al. Medical Image Computing and Computer Assisted Intervention —
MICCAI, 2021, https://doi.org/10.1007/978-3-030-87202-1_47
Salimi, et al. Real-time, ocqumhon parameter-free voxel-wise patient-specific Monte Carlo dose reconstruction in whole-body CT scanning using deep neural
networks. Eur Radiol 33 2023 https://doi.org/10.1007/s00330-023-09839-y
Many more...
. Patient specific dose Villa et al. Fast dose calculation in x-ray guided interventions by using deep learning, Phys. Med. Biol. 68, 2023 DOI 10.1088/1361-6560/aceé78
Intervention Roser et al. Physics-driven learning of x-ray skin dose distribution in inferventional procedures, Med. Phys. 46, 2019 htips://doi.org/10.1002/mp.13758

alradiology |

estimation
Skin dose estimation

Huettenbrink et al. Personalized Prediction of Patient Radiation Exposure for Therapy of Urolithiasis: An Application and Comparison of Six Machine Learning

dosimetry " g Algorithms journal of personalized medicine, 2023, https://doi.org/10.3390/jpom 13040643

DAP estimation Many more...
Dosimeters * Dosimeter personal dose Pathan et al. A multi-stage machine learning algorithm for estimating personal dose equivalent using thermoluminescent dosimeter, Mach. Learn.: Sci. Technol. 5,

equivalent estimation 2024 DOI 10.1088/2632-2153/ad1c31

A A Patldn-Cardoso et al. X-ray dose profiles using artificial neural networks, Applied Radiation and Isotopes, 192, 2023 https:
* Voxel dommeﬁt:y in Currie and Rohren Radiation Dosimetry, Artificial Intelligence and Digital Twins: Old Dog, New Tricks, Seminars in NucleorMedK:me Vol 53, 2023

nuclear medicine https://doi.org/10.1053/j.semnuclimed.2022.10.007

Other * Cancerrisk estimation Lee et al. Deep-dose: a voxel dose estimation method using deep convolutional neural network for personalized internal dosimetry, 9, 2019

» Dose profile estimation

https://doi.org/10.1038/541598-019-46620-y
Jia et al. 90Y SPECT scatter estimation and voxel dosimetry in radioembolization using a unified deep learning framework, EJINMMI Physics, 20
https://doi.org/10.1186/540658-023-00598-9



https://doi.org/10.1016/j.ejmp.2019.03.015
https://doi.org/10.1007/s00330-019-6013-6
https://doi.org/10.1002/mp.14131
https://iopscience.iop.org/article/10.1088/1361-6498/ad750e
https://doi.org/10.1002/mp.15488
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https://doi.org/10.1002/mp.13758
https://doi.org/10.3390/jpm13040643
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PATIENT-SPESIFIC DOSE ESTIMATION

General approach

Input: DL models:

Dose estimation CNN

Images:
» CT slices, scout images
etc...

Additional data:

* Scan parameters

* Rough dose estimate e.g.
first order dose estimate

Segmentation CNN

Images:
* CT slices

**Or variant of Unet
architechture

Post-processing:

HUS

Monte Carlo
simulations®

*Used in fraining phase
as ground truth dose




EXAMPLE 1: MAIER ET AL. 2022

CT volume

Monte Carlo simulation

VA
|

/4

Number of features of the convolutional layer:
16 32 64 128 256 128 64 32 16

D 3 x 3 x 3 Convolution (stride = 1), ReLU 3 x 3 x 3 Max pooling . 2 x 2 x 2 Transposed convolution (stride=2) O Depth concatenate
. 1 x 1 x 1 Convolution (stride = 1), ReLU
FIGURE 1 Architecture of the deep dose estimation (DDE) neural network. A computed tomography (CT) reconstruction containing the

anatomical information and a first-order dose estimate encoding the scan parameters are used as a two-channel to a U-net like architecture
that is trained to reproduce Monte Carlo simulations

‘| '| Maier et al. Real-time estimation of patient-specific dose distributions for medical CT
using the deep dose estimation, Med. Phys. 49, 2022,
https://doi.org/10.1002/mp.15488

3D U-net structure:

Model predicts the
Monte Carlo simulated
dose

Input: CT volume and 1st.
order dose estimate
which is fast fo compute
compared fo Monte
Carlo simulation



https://doi.org/10.1002/mp.15488

EXAMPLE 2: PENG ET AL. 2020

Unet structure:

* Foreground selection use d N
* HU selection 1
|+ HU normalization SegmenTOTlon
* Resampling 0 0
Dose estimate is
Image preprocessing CNN Organ masks =
-~ @ computed on @
fast ARCHER MC
CTimages | | Monte Carlo simulation Organ doses ol go rnthm
for dose calculation
CNN is only used
ARCHER Dose maps here for
Fic. 1. The overall parallel computational process of the method of patient-specific organ dose assessment for computed tomography combining convolutional 1
neural network-based multi-organ segmentation and a GPU-based Monte Carlo dose engine, ARCHER. [Color figure can be viewed at wileyonlinelibrary.com| S e g m e n TO TI O n

Computes organ
doses

'| 2 Peng et al. A method of rapid quantification of patient-specific organ doses for CT using
deep-learning-based multi-organ segmentation and GPU-accelerated Monte Carlo dose
computing, Medical Physics, 2020 https://doi.org/10.1002/mp.14131



https://doi.org/10.1002/mp.14131

EXAMPLE 3: IMRAN ET AL. 2020

Input: Scout images and
planned scan range

FLM model for encoding

Individual DLM
submodels for each
organ dose estimates

Model predicts organ
doses directly without
segmentation

Imran et al. Personalized CT Organ Dose Estimation from Scout Images , In: de
-| 3 Bruijne, M., et al. Medical Image Computing and Computer Assisted Intervention —
MICCAI, 2021, hitps://doi.org/10.1007/978-3-030-87202-1 47



https://doi.org/10.1007/978-3-030-87202-1_47

CHALLENGES/LIMITATIONS

* Accuracy of the models?
«  How accurate are the Monte Carlo modelsg

« DL estimated doses reported vary from 5% to 20%
(relative to MC models)

* Model generalization?

*  Most models are trained with limited data e.g. single
vendor scanner data

- Different vendor devices and fube current
modulations strategies?

« Organ doses outside the scan area?
- field of view (e.g. obese patients in CT)
« outside scan region (e.g. Z-direction in CT)¢
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LITERATURE REVIEW: Al + DOSIMETRY HUS

Type Application

References

D

Patient specific dose
estimation

Risk estimation
Protocol optimization

Rampado et al. Analysis of a CT patient dose database with an unsupervised clustering approach, Physica Medica, 60, 2019
https://doi.org/10.1016/j.ejmp.2019.03.015

Meineke, A., Rubbert, C., Sawicki, L.M. et al. Potential of a machine-learning model for dose optimization in CT quality assurance, Eur Radiol 29, 2019
https://doi.org/10.1007/s00330-019-6013-6

Peng et al. A method of rapid quantification of patient-specific orgon doses for CT using deep-learning-based multi-organ segmentation and GPU-accelerated
Monte Carlo dose computing, Medical Physics, 2020 https://doi.org/10.1002/mp.14131

Rehani and Prakash. Real-time patient-specific-dose in CT through use of arfificial intelligence, J. Radiol. Prot., 44, 2024, DOI 10.1088/1361-6498/ad750e

Maier et al. Real-time estimation of patient-specific dose distributions for medical CT using the deep dose estimation, Med. Phys. 49, 2022,
https://doi.org/10.1002/mp.15488

Shao et al. Fast prediction of patient-specific organ doses in brain CT scans using support vector regression algorithm, Phys. Med. Biol. 69, 2024
https://doi.org/10.1088/1361-6560/ad14c7

Tzanis and Damilakis. A machine learning-based pipeline for multi-organ/tissue patient-specific radiation dosimetry in CT, Eur Radiol 2024
https://doi.org/10.1007/s00330-024-11002-0

Klein et al. Patient-specific radiation risk-based tube current modulation for diagnostic CT, Medical Physics, 2022 https://doi.org/10.1002/mp.15673

Imran et al. Personalized CT Organ Dose Estimation from Scout Images . In: de Bruijne, M., et al. Medical Image Computing and Compufer Assisted Intervention —
MICCAI, 2021, https://doi.org/10.1007/978-3-030-87202-1 47

Salimi, et al. Real-time, acquisition parameter-free voxel-wise patient-specific Monte Carlo dose reconstruction in whole-body CT scanning using deep neural
networks. Eur Radiol 33 2023 https://doi.org/10.1007/s00330-023-09839-y

Many more...

Intervention
al radiology |

Patient specific dose
estimation
Skin dose estimation

Villa et al. Fast dose calculation in x-ray guided interventions by using deep learning, Phys. Med. Biol. 68, 2023 DOI 10. 1088/ 361-6560/aceb78

Roser et al. Physics-driven learning of x-ray skin dose distribution in interventional

dosimetry DAP estimation
Dosimeters Dosimeter personal dose + Pathan et al. A multi-stage machine learning algorithm for estimating personal dose equivalent using thermoluminescent dosimeter, Mach. Learn.: Sci. Technol. 5,
equivalent estimation 2024 DOI 10.1088/2632-2153/ad1c31
. A » Patlédn-Cardoso et al. X-ray dose profiles using artificial neural networks, Applied Radiation and Isotopes, 192, 2023 https://doi.org/10.1016/j.apradiso.202
+ Voxel dosimetry in « Currie and Rohren Radiation Dosimetry, Artificial Intelligence and Digital Twins: Old Dog, New Tricks, Seminars in Nuclear Medicine, Vol 53, 2023,
vy nuclear medicine https://doi.org/10.1053/j.semnuclmed.2022.10.007
Other * Cancerrisk estimation + Lee et al. Deep-dose: a voxel dose estimation method using deep convolutional neural network for personalized internal dosimetry, 9, 2019

Dose profile estimation

https://doi.org/10.1038/s41598-019-46620-y
Jia et al. 90Y SPECT scatter estimation and voxel dosimetry in radioembolization using a unified deep learning framework, EJINMMI Physics, 20
https://doi.org/10.1186/s40658-023-00598-9
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1. Machine leaming example

2. Deep learning example
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Practical example 1: Machine learning

PERSONALIZED PREDICTION OF PATIENT
RADIATION EXPOSURE FOR THERAPY OF
UROLITHIASIS: AN APPLICATION AND
COMPARISON OF SIX MACHINE
LEARNING ALGORITHMS

Huettenbrink et al. Personalized Prediction of Patient Radiation Exposure for Therapy of Urolithiasis:
An Application and Comparison of Six Machine Learning Algorithms 2023 journal of personalized
medicine https://doi.org/10.33920/jpm 13040643



https://doi.org/10.3390/jpm13040643
https://link.springer.com/chapter/10.1007/978-1-4471-4387-1_41
https://link.springer.com/chapter/10.1007/978-1-4471-4387-1_41
https://link.springer.com/chapter/10.1007/978-1-4471-4387-1_41
https://link.springer.com/chapter/10.1007/978-1-4471-4387-1_41
https://link.springer.com/chapter/10.1007/978-1-4471-4387-1_41
https://link.springer.com/chapter/10.1007/978-1-4471-4387-1_41

IDEA: DAP PREDICTION TO LOW/HIGH CATEGORIES

HUS

Importance: Aids both surgeon and patient in assessing personal radiation risk inpatients undergoing
ureterorenoscopy = kidney stone assessment

9 features selected:

Stone size (p < 0.000001); Number of stones (p = 0.0007); Stone density (p

= 0.023), Preoperative stone position (p < 0.00001)

Age (p =0.0002) Gender (p =0.011) Weight (p <0.0001)

Surgeon experience (p = 0.039) Use of flexible endoscope (p < 0.0001);
Dose area product (DAP) categorized:

'low dose' (< 2.8 Gy-cm?)

'high dose' (> 2.8 Gy-cm?)
Machine Learning Models:

6 different models trained; 10-fold cross-validated

Gradient boosted trees, support vector machines, nearest
neighbours classifiers, random forest models, Bayes classifiers
and multilayer perceptron neural networks

Evaluated on fraining and independent test samples

6 ML
models
evaluated

Low
DAP,
high DAP

Standardi
zation

9 Input
features

Data: n = 827 randomly split into
training (n = 521), validation (n = 57)
and test (n = 249)

Table 2.

Results of six machine learning algorithms to predict DAP < 2.8 Gy-cm? and

DAP > 2.8 Gy-cm2 based on negative (NPV) and positive predictive values (PPV). Results are
given before application of reject option and are based on the 10-fold cross-validation.

Gradient

Model Performance Boosted Trees

Vector Machine

Support

Nearest Neighbours Random Forest Bayes Classifier Neural Network

(NPV/PPV)% 89/80%

90/89% 86/86% 89/83% 92/57% 93/77%

17

Huettenbrink ef al. Personalized Prediction of Patient Radiation Exposure for Therapy of Urolithiasis: An Applig

Key Finding:

The ML algorithm identified a
subgroup of patients of 81% in which
were possible allowing the surgeon to
assess patient’s personal radiation risk

Learning Algorithg
jom13040643


https://doi.org/10.3390/jpm13040643
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Practical example 2: Deep learning

A MACHINE LEARNING-BASED PIPELINE
FOR MULTI-ORGAN/TISSUE PATIENT-
SPECIFIC RADIATION DOSIMETRY IN CT

Tzanis and Damilakis 2024
A machine learning-based pipeline for multi-organ/tissue patient-specific radiation
dosimetry in CT | European Radiology



https://link.springer.com/article/10.1007/s00330-024-11002-0
https://link.springer.com/article/10.1007/s00330-024-11002-0

IDEA: PATIENT SPESIFIC CT DOSIME

Machine learning-based pipeline for personalized radiation

dosimetry in CT scans

Organ segmentation: Total segmentator

Extract 5 features (X):

«  Organ mean HU, organ standard deviation HU,

Data: N = 95 chest + 85 abdominal
CT scans (retrospective)

Organ
Pl segmentation

Body
- » J]l segmentation

. CT image Organ mask CT image CTimage Body mask Dose image Organ mask
«  X-ray tube current, Z-coordinates -
- Water equivalent diameter - =
Ground truth dose (y): Monte Carlo simulations st i Hased s
Developed deep neural networks (DNNs) for
organ/tissue-specific dose prediction [sooftu | | |[xcraytube current | - [z-coorsinate |
Results: |
esulfs | | | — T 1 &~ |
+  Lowest median percentage differences between MenWU  SOOIWU  Kewyubecren  Zcoonwe WD Dose
MC-derived doses and DNN predictions: Organ/tissue-specifi
«  lung vessels (4.3%), small bowel (4.7%), pulmonary artery SRS
(4.7%), and colon (5.2%) Y )
+  Highest differences: Y
. right lung’s upper lobe (13.3%), spleen (13.1%), pancreas
(12.1%), and stomach (11.6%) Radiation dose
- Mean inference time was 77.0 £ 11.0 sec i bl o
- The workflow enables fast and accurate organ/tissue — i : : d,ﬁde"etbpedf:/'t?o
radiation dose estimations i bt
2 O 1125:: Hlé\de Hi:de Hitr!]de Hk:‘de Ou‘tpu
Developed algorithms and DNNs are publicly available!


https://github.com/wasserth/TotalSegmentator

A«
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FUTURE PROSPECTS: FROM DATA TO ANALYTICS HUS™

Data sources Integrations Data lake (é?) A zure Applications A e

Scanner fleet N o CLCerCCJJT’rgd Analytics & Al

Databricks Azure ML
Pseudo- B
Electronic health nymization .
D R rtin Bl
records (EHR) eporting &
: Dose monitoring

o]

- N systems ®

S

I\' AFI Synop.se Power B
Is Azure data factory analytics
The volume of data is growing at an exponential rate I _j

« HUS has leveraged Azure tools to create a HUS data lake

Enables analytics, Al and reporting from large-scale data
« Future applications also in dosimetry?e

23




CONCLUSIONS HUS

» Patient-specific dose estimation
e Risk estimation
* Protocol optimization

Al Applications in
dosimetry

* Model generalizability

Chcllenges » Application of research to the clinical domain

* The rapid evolution of computing power and
Opportunities amount of data may open new applications in
dosimetric tasks

24
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