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What is Medical Physics?



AI Model
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The Problem: Supervised Learning

• AI model performance 

decays with a ”half-
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Garrucho, AIM 2022

Domain Shift in Supervised Learning

and radiation oncology!
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Study Goals

• Investigate sensitivity of AI autosegmentation to domain shift

• Understand types of domain shift that affect autosegmentation 

performance

• Build approaches to detect domain shift

• Eventually: correct for domain shift?

Ground truth AI result



Benchmark Dataset

Anatomy             Contrast                 Artifact                   Prone                 Scanner

Abnormal

• 241 breast cancer RT patients

• 60 held out for test dataset

• Heart substructures delineated 



Test AI autosegmentation models

• 18 various convolutional neural network-

based (CNN) autosegmentation models

• U-net based

• Developed and tested on a separate, 

in-house dataset

• Various loss functions, network 

depth, data augmentation / training 

strategies

• 1 ViT (vision transformer) trained on 

same data as CNNs

• 1 Commercial heart substructure AI 

model (Siemens Syngo.via) – designed 

for contrast CT

Normal

Ground truth AI result



Results – Scanner Protocol Variation

• Image noise reduced 

model segmentation 

accuracy significantly for 

CNN models (p=0.01), but 

not for the Transformer

• No significant effect 

(p=0.42) from slice 

thickness, FOV, and 

reconstruction kernel on 

segmentation model 

performance. (not shown)

Image Noise



Results – Other Domains

• CNN models showed 

significant drop (p<1e-3) on 

the anatomical variation and 

contrast domains along with 

image noise (RPVbase)

• Transformer performance was 

more stable



Results – Commercial vs. In House
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Domain Shift in the Clinic



What if we don’t have access to change the model? 

Can we monitor and flag domain shift?



Monitoring and Detection – Redundancy

Rhee et al. JACMP 2022 https://doi.org/10.1002/acm2.13647

• Use a reference and 

secondary AI 

autosegmentation system

• SVM used to build a model to 

predict acceptable / 

unacceptable contours by 

contour overlap metrics

•  Accuracy of 0.9 for cervical 

cancer contours



Shape Quality Estimator
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tries to compress and reconstruct 

input itself

• Out of domain data is poorly 

reconstructed



Shape Quality Estimator

• “Turn the tables” on sensitivity of 

AI to domain shift

• Train a small model (autoencoder) 

on clinically-acceptable outputs of 

an autosegmentation system

• Autoencoder is self-supervised: 

tries to compress and reconstruct 

input itself

• Out of domain data is poorly 

reconstructed

Abnormal Reconstruction Difference

Normal Reconstruction Difference



Monitoring and Detection



Monitoring and Detection



Results – Regression Model

• Autoencoder reconstruction 

results can then be used to 

predict autosegmentation 

system performance

• Able to predict the Dice 

similarity (autosegmentation 

vs. physician) within about 

10%

• Shows promise for 

performance monitoring and 

drift detection
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Clinical Deployment – Regression Model
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Clinical Deployment – Regression Model
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Results – Statistical Process Control

• Statistical process control is a 

method to monitor and correct 

a process

• Take a sample, compute a 

statistic (running mean or 

median)

• Control chart plots the statistic 

over time, evaluate deviation 

and trends https://www.superengineer.net/blog/spc-introduction



Results – Statistical Process Control

• Clinical autocontouring 

system evaluated at 4 

discrete time points 

(every 6 months)

• 1st time point used as 

calibration data

• 295 datasets, 16 organs 

in thorax and pelvis



Results – Statistical Process Control

• Pulmonary artery 

and spinal cord 

contours showed 

drift out of control 

range during the 

3rd time point

• Other organ 

contours stable 

over time



Results – Regression Model

• Challenges

• Detectors/estimators may need re-training 

• Autoencoders have known deficiencies in self-supervised 

learning (resolution, representation, etc.)



3DINO for shape autoencoder

● Pretrained Encoder: 3DINO

● Designed for CT, MRI, PET image 

representation for downstream tasks such as 

segmentation and classification

● Explicitly developed to produce broadly reusable 

representations 

● Uses Vision Transformer (ViT) which can 

represent global shape relationships

● Binary contour is still 3D volume, and can be 

directly inserted to the 3DINO encoder to get 

latent representation

● ~300M parameters





Training deformations for shape denoising autoencoder

Signed distance perturbation 
inward global signed-distance 

boundary displacement

outward global signed-distance 

boundary displacement,

smooth spatial deformation stochastic regional foreground 

dropout
Combination



Pooled detector performance: Lung_L



Probe detector performance: Bronchus



Domain Shift - Solutions



Domain Shift - Solutions
• Add more and varied data from various sources during model training.

• Synthetic data (augmentation), Collect a huge database from many hospitals

• Problems: 
• requires massive amounts of data (cost, time)

• May never ‘cover’ the whole problem

Training domain Expected 
output
distributionAI Model



Test Time Adaptation

• Add robustness to model training

• Karani et al., Med Imag Anal 2021

• Concatenate image normalization 

network and segmentation network

• Update normalization at “test time” 

without ground truth

• Assumes domain shift due to 

intensity changes – scanner / 

protocol drift

Conventional Post-processing denoising

Test time 

adaptation Ground truth

https://doi.org/10.1016/j.media.2020.101907

https://doi.org/10.1016/j.media.2020.101907


Key Questions / Challenges

• Clinical translation – testing with medical physicists

• How to determine source of domain shift?

• Scanner, protocol, clinician, patient, population?

• For autosegmentation, spatial location of errors may be important 

to identify

• Can we work with vendors to integration domain shift corrections 

into the autosegmentation algorithms themselves?
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Professional Training

• Academic Training

– MS or PhD in medical physics, or

– MS or PhD in physics or related discipline with 

post-graduate academic training in medical 

physics - Graduate Certificate

• Clinical Training – required for board 

certification

– Residency in clinical medical physics 

Slide adapted from AAPM Medical Physics Education Presentation



More information….

• Wash U Radiation Oncology (radonc.wustl.edu)

• Hugo Lab (hugolab.wustl.edu)

• American Association of Physicists in Medicine 
(www.aapm.org)

• American Society for Therapeutic Radiology and Oncology 
(www.astro.org)

• National Cancer Institute (www.cancer.gov)

http://www.aapm.org/
http://www.astro.org/
http://www.cancer.gov/
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