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Colliot, et al. Machine Learning for Brain Disorders 2023

Search query: "multiple sclerosis" AND 
("artificial intelligence" OR "machine learning" 
OR "deep learning")
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Woo, et al. Nat Neurosci. 2017
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AI for MRI – Protocol optimization/image synthesis

Mani, et al. Front Neurol 2021

Accelerated Imaging

2:57 min        1:13 min

- Deep back-projection network to reconstruct 
higher-quality images from under-sampled k-space

- Comparable segmentation performance and 
association with clinical severity



AI for MRI – Protocol optimization/image synthesis

Mani, et al. Front Neurol 2021

Accelerated Imaging

6:40 min        1:13 min

- Deep back-projection network to reconstruct 
higher-quality images from under-sampled k-space

- Comparable segmentation performance and 
association with clinical severity



AI for MRI – Protocol optimization/image synthesis

Duffy, et al. Neuroimage 2021

Image correction / Quality control

- Retrospective motion correction using a motion 
simulation model combined with a 3D 
convolutional neural network (CNN)

- Significant improvement in cortical surface 
reconstruction and association with clinical status



AI for MRI – Protocol optimization/image synthesis

Ravi, et al. Med Image Anal 2023

Image correction / Quality control



AI for MRI – Protocol optimization/image synthesis

Bouman, et al. Radiology 2023

Contrast generation

- Generative adversarial network (GAN) to generate 
DIR/PSIR from T1w and PD/T2w images

- High between-center (ICC= 0.81 for DIR, 0.75 for 
PSIR) and between-reader (ICC=0.76 for DIR, 0.85 
for PSIR) reliability (N = 202) 
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AI for MRI – Protocol optimization/image synthesis

Iglesias, et al. Science Advances 2023

Super-resolution

- Turns clinical brain MRI scans of any contrast, 
orientation, and resolution into high-resolution T1w 
scans suitable for 3D morphometry
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AI for MRI – Protocol optimization/image synthesis

Iglesias, et al. Science Advances 2023

Super-resolution

- Turns clinical brain MRI scans of any contrast, 
orientation, and resolution into high-resolution T1w 
scans suitable for 3D morphometry

- Performance on segmentation and registration 
tasks comparable to high-resolution T1w scans

- Robust to the presence of lesions



AI for MRI – Protocol optimization/image synthesis

Bhadra, et al. IEEE Trans Med Imaging 2021

Hallucinations

- DL-based image reconstructions 
are associated with the danger of 
creating false structures 
(hallucinations)!

- This risk can be quantified and 
analysed



AI for MRI – Lesion segmentation

Weeda, et al. Neuroimage Clin 2019

- MICCAI and ISBI MS lesion segmentation 
challenges

- CNN-based strategies outperform alternative 
methods

- Best performance with supervised methods 
optimized to the local dataset (ICC > 0.97 and 
median Dice’s SI > 0.64)



AI for MRI – Lesion segmentation

Rovira, et al. Mult Scler 2022

- For new/enlarging T2 lesions, automated 
methods are more sensitive than visual 
assessment but many false positives

- Visually supervised automated methods could 
improve detection in clinical practice



AI for MRI – Lesion segmentation

La Rosa, et al. Neuroimage Clin 2022



AI for MRI – Atrophy measurement

Cerri, et al. Neuroimage Clin 2022 Billot, et al. Med Image Anal 2023 Tsagkas, et al. AJNR 2023



AI for MRI – Quantitative reports

Mendelsohn, et al. Neuroradiology 2022

The utility of these tools should be critically 
evaluated:

- robustness of segmentation to inter-scanner 
variability and MR artifacts

- need for proven clinically-relevant cut-offs

- mandatory visual check
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AI for the diagnosis of MS

Rauschecker, et al. Radiology 2020

- AI system (DL+feature engineering+Bayesian
classifier) for differential diagnosis across a range of 
brain diseases including MS (N~100) 

- Performance similar to academic neuroradiologists 
(91% vs 86%, p=0.20), higher than neuroradiology 
fellows (77%, p=0.003), general radiologists (57%, 
p<0.001), and residents (56%, p<0.001)



AI for the diagnosis of MS

Rocca, et al. Invest Radiol 2020

- CNN for differential diagnosis based on T1w and 
T2w across MS, NMOSD, migraine, and vasculitis 
(N=268)

- In the test set, deep learning was better than 
expert raters, highest diagnostic accuracy in MS 
(99% vs 73%% and 82%, p<0.001) and the lowest in 
NMOSD (88.6% vs 4.4%, p<0.001, for both raters)
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AI for patient stratification
MS is neurobiologically and phenotypically heterogeneous. MRI abnormalities are objective 
disease markers. Handling heterogeneity is crucial for personalized clinical management.

Description Stratification Personalization

Colliot, et al. Machine Learning for Brain Disorders 2023



AI for patient stratification – Predictive models

Storelli, et al. Invest Radiol 2020

- CNN to predict 2-year EDSS, SDMT, and 
EDSS+SDMT worsening based on T1w and 
T2w scans (N=373)

- Out-of-sample accuracy was 83% (for 
EDSS), 68% (for SDMT), and 86% (for 
EDSS+SDMT, 70% for human raters)



AI for patient stratification – Subtyping and DPM
Family of (mostly unsupervised or semi-supervised) machine learning algorithms that estimate 

disease subgroups and/or the most probable order of events over the course of the disease

Phenotypic heterogeneity Temporal heterogeneity

Subtyping SuStaIn Disease progression 
modelling

Colliot, et al. Machine Learning for Brain Disorders 2023



AI for patient stratification – Subtyping

Tsagkas, et al. Hum Brain Map 2021 De Meo, et al. JAMA Neurol 2021

Latent factor analysis on 1212 pwMS with BRB-N + 
Stroop

↓

5 cognitive phenotypes: Preserved, mild verbal 
memory/semantic fluency, mild multi-domain, 
severe attention/executive, severe multi-domain



AI for patient stratification – Disease progression modelling

Eshaghi, et al. Brain 2018

- Event-based model on atlas-defined GM 
regional volumes (N=1417)

- Cingulate cortex, brainstem, thalamus are 
the first to become atrophic

- Stage change over time correlates with 
disability accumulation



AI for patient stratification – Disease progression modelling

Dekker, et al. Neuroim Clin 2021

- EBM on T2-LL, brain and spinal cord volumes, 
rs-fMRI centrality, FA of major WM tracts, cognition 
(N=295)

- GM atrophy of the cerebellum, thalamus, and 
microstructural damage of the CST are early events

- Higher disability and impaired cognition are 
associated with earlier functional changes of the 
DMN and spinal cord atrophy



AI for patient stratification – SuStaIn

Eshaghi, et al. Nat Comm 2021

- SuStaIn on T2-LL, GM (lobar) volumes, 
NAWM T1/T2 ratio (N=6322)

- Three MRI-driven phenotypes (Cortex, 
NAWM-, and Lesion-led)



AI for patient stratification – SuStaIn

Eshaghi, et al. Nat Comm 2021

- SuStaIn on T2-LL, GM (lobar) volumes, 
NAWM T1/T2 ratio (N=6322)

- Three MRI-driven phenotypes (Cortex, 
NAWM-, and Lesion-led)

- Lesion-led subtype is associated with 
higher risk of CDP and relapse rate, and 
positive treatment response



AI for patient stratification – SuStaIn

Pontillo, et al. Eur Radiol 2022

- SuStaIn on T2-LL and GM volumes from 
AAL atlas (N=425)

- Two MRI-driven phenotypes (DGM-first, 
Cortex-first)

- Higher baseline stage and DGM-first 
subtype associated with long-term (10y) 
disability worsening, transition to SP course, 
and cognitive impairment



- Using machine learning, chronological 
age is modeled as a function of 
(structural) brain MRI in healthy subjects

- The difference between predicted and 
chronological age (brain-age gap) as an 

age-adjusted global metric of brain 

(structural) health

Cole & Franke. Trends Neurosci 2017

AI for patient stratification – The brain-age paradigm



Brain aging in MS – The brain-age paradigm

Yin, et al. PNAS 2023Leonardsen, et al. Neuroimage 2022



Brain aging in MS – The brain-age paradigm

Hogestol, et al. Front Neurol 2019

MS is associated with older appearing brains (i.e., positive brain-age gap)

Kaufmann, et al. Nat Neurosci 2019



Brain aging in MS – The brain-age paradigm

The brain-age gap increases over time…

Cole, et al. Ann Neurol 2020

EMM (years)
CIS 6.7 
RR 11.9
SP 13.3
PP 11.2

and varies with clinical phenotype



Brain aging in MS – The brain-age paradigm

The brain-age gap is associated with clinical disability

Cole, et al. Ann Neurol 2020

Cross-sectionally (b=0.64, p<0.001) Longitudinally (r=0.26, p<0.001)



Brain aging in MS – The brain-age paradigm

The brain-age gap is associated with cognition…

Denissen, et al. Eur J Neurol 2022

and predicts disability worsening

Cole, et al. Ann Neurol 2020



Brain aging in MS – The brain-age paradigm

Brain-age prediction is feasible on 3D-FLAIR scans (compared to T1w-based models)

Colman, et al. ISMRM 2022

Comparable predictive performance Comparable sensitivity to MS and related disability
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Conclusions

• AI is all around us

• We are going towards generalist medical AI

• AI is transforming the (radiologist) profession

“Will AI replace radiologists?” is the wrong question. The right answer is: 
Radiologists who use AI will replace radiologists who don’t
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