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The MR-LINAC

• Linear accelerator (LINAC) combined with 
1.5T MRI (wide-bore Philips MRI)1,2

• Diagnostic-quality real-time images 
obtained at each radiation treatment 
fraction3

• Opportunity for response assessment and 
personalized treatment in radiotherapy4-6

Elekta Unity MR-LINAC

1. Raaymakers BW et al. Phys Med Biol 2017;62:L41–50.
2. Lagendijk JJW et al. Semin Radiat Oncol 2014;24:207–9.
3. Hall WA et al. Eur J Cancer 2019;122:42–52.

4. Kooreman Et et al. Radiotherapy and Oncology. 2019 Apr 1;133:156-62.
5. Cao Y et al. Neuro Oncol 2017;19:ii16–29.
6. Van Houdt PJ et al. Frontiers in Oncology. 2020;10.



CT (Soft Tissue Level) CBCT (Soft Tissue Level) MRL FLAIR

Onboard MR Provides Improved Soft Tissue Contrast
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Adaptive Radiation Therapy
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~6 min~4 min ~8 min

Time per activity

Online plan adaptation

Re-Contouring Re-PlanImage registration3D T1W

ImagingPatient
setup

Beam delivery

~2 min ~5 min

During 
Treatment

MR-Linac Pre-Beam Planning Workflow

• Average session length on MRL 40-60 mins, compared to 15-20 mins on CBCT-Linac
• Expert in the room needs to perform quality assurance in real-time
• Real-time ML solutions need to include real-time quality assurance to assist human experts



Synthetic CT Generation For Dose Planning
• How can we calculate dose without CT?
• MRI to “Synthetic CTs” with Generative Adversarial Networks (GANs) [1,2]

• Are our predictions precise?
• How do we identify failure cases?

a) T1w MRI b) CT c) Synthetic CT

[1] Hemsley, M., et al. (2018)  [2] Spadea, M., et al. (2021). 



Synthetic-CT Failure Modes

Implanted shunt 
not synthesized

Metallic susceptibility 
artifact 



Synthetic-CT Failure Modes

Implanted shunt 
not synthesized

Metallic susceptibility 
artifact 

= Uncertain Voxel

Uncertainty



Data Dependent Uncertainty (Aleatoric Uncertainty) 
• Information data cannot explain – noise, occlusions, artifacts
• Cannot be reduced by adding more data
• Increasing precision can reduce it

Types of Uncertainty

Two main sources of uncertainty

Model Dependent Uncertainty (Epistemic Uncertainty)
• Uncertainty in the model itself
• Training data not sufficient to specify the correct model
• Can be reduced by adding more data



Toy Example of Uncertainty

From applet on Yarin.co/blog

Epistemic (Model) 
Uncertainty

Aleatoric (Data)
UncertaintyWith Uncertainty



Toy Example of Uncertainty

From applet on Yarin.co/blog

Epistemic (Model) 
Uncertainty

Aleatoric (Data)
UncertaintyWith Uncertainty Without Uncertainty



Synthetic-CT Failure Modes

Model Uncertainty:
Implanted shunt not 
synthesized

Data Uncertainty:
Metallic susceptibility 

artifact 



Model Dependent Uncertainty
(Epistemic Uncertainty)

Data Dependent Uncertainty
(Aleatoric Uncertainty) 

Types of Uncertainty

1)Monte Carlo Dropout
2)Model Ensembles

Heteroscedastic 
Log-Likelihood Loss

Gal, Y., Ghahramani, Z., 2015. Dropout as a Bayesian Approximation: Representing Model Uncertainty in Deep Learning arXiv:1506.02142[stat.ML]
Kendall, A., Gal, Y., 2017. What Uncertainties Do We Need in Bayesian Deep Learning for Computer Vision? arXiv:1703.04977

Different sources of uncertainty require different techniques to model



Data Dependent Uncertainty
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If I vary the parameters a 
little, which outputs 
change a lot? Dropout during testing, p=0.5

Gal, Y., Ghahramani, Z., 2015. Dropout as a Bayesian Approximation: Representing Model Uncertainty in Deep Learning arXiv:1506.02142[stat.ML]

MC Dropout



Model Ensembling

Train N models Average result of 
N models



Cartoon Example of Bayesian Model Averaging
Model: 𝑓9 𝑥 = $𝑦 Loss Function: 𝐿(𝑦, $𝑦) – minimize to find optimal 𝑤



Cartoon Example of Bayesian Model Averaging

𝑳𝒐𝒔𝒔 − 𝑳

𝑾𝒆𝒊𝒈𝒉𝒕𝒔 −𝑾

Optimization finds this!

Model: 𝑓9 𝑥 = $𝑦 Loss Function: 𝐿(𝑦, $𝑦) – minimize to find optimal 𝑤



Cartoon Example of Bayesian Model Averaging

Optimization finds this!

Optimization finds this!

Model: 𝑓9 𝑥 = $𝑦 Loss Function: 𝐿(𝑦, $𝑦) – minimize to find optimal 𝑤

𝑳𝒐𝒔𝒔 − 𝑳

𝑾𝒆𝒊𝒈𝒉𝒕𝒔 −𝑾



Dropout And Ensembling in Parameter Space

𝑳𝒐𝒔𝒔 − 𝑳

𝑾𝒆𝒊𝒈𝒉𝒕𝒔 −𝑾

Training
Validation



Optimization finds this!

Cartoon Example of Bayesian Model Averaging

𝑳𝒐𝒔𝒔 − 𝑳

𝑾𝒆𝒊𝒈𝒉𝒕𝒔 −𝑾

Deep Ensembles: A Loss Landscape Perspective – Fort et al. 2019
On Large-Batch Training for Deep Learning: Generalization Gap and Sharp Minima - Keskar et al. ICLR 2017

Training
Validation



Dropout And Ensembling in Parameter Space

𝑳𝒐𝒔𝒔 − 𝑳

𝑾𝒆𝒊𝒈𝒉𝒕𝒔 −𝑾

Training
Validation

• Not all minima are the same1 and picking one is arbitrary

• Bayesian approximations compared to classical techniques can result in better results[2-5], and you get 
uncertainty information 

• Uncertainty quantification can estimate statistical reproducibility6

[1] Keskar et al. ICLR 2017    [2] Izmailov et al. UAI 2019    [3] Filos et al. 2019    [4] Dusenberry et al. 2020    [5] Wilson & Izmailov 2020    [6] McDermott et al. 2020



• Radiation therapy planning brain images from n = 105 patients
• n=85 training, n=20 testing

• T1w, T1w w/contrast, T2 FLAIR MRIs + matching planning CTs

• cGAN implemented in PyTorch
• Training: 12 hours on 2 Titan X GPUs
• Testing: 150 seconds/brain volume – T = 50 dropout samples

• Only Data Uncertainty: 7.5 seconds/brain volume

Synthetic CT Generation Experiment



A Typical Synthetic-CT Case

Hemsley et al. MICCAI-Lecture Notes in Computer Science. (2020)



Data Uncertainty

CTT1w MRI

|CT-sCT Error|

Synthetic CT
Failure Case

Model Uncertainty



Model Uncertainty

T1w MRI Synthetic CT

sCT Error

Ground Truth CT

Data Uncertainty

Nasal Cavity and Bone in Optic Nerve

Hemsley et al. MICCAI-Lecture Notes in Computer Science. (2020)



Metal Artifact

T1w MRI Ground Truth CT Synthetic CT

sCT ErrorModel Uncertainty Data Uncertainty

Hemsley et al. MICCAI-Lecture Notes in Computer Science. (2020)



Summary

• Uncertainty estimations and Bayesian methods should be more widely utilized, particularly 
in deployment
• Simple and adaptable methods exist to modify almost any network to extract uncertainty 

estimates
• In the context of healthcare, uncertainty estimates may be leveraged to assist experts with 

real-time QA of machine learning algorithms in the clinic
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