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Data?



Case courtesy of A.Prof Frank Gaillard, Radiopaedia.org, rID: 8095

Where are the abnormalities? 



Case courtesy of Radswiki, Radiopaedia.org, rID: 11384

Training data for supervised learning 



Case courtesy of Radswiki, Radiopaedia.org, rID: 11384

Training data we get



Training data not representative



Data?

Representative 
& annotated data



Learning curve
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This talk: three “solutions”

• Multiple instance learning
• Transfer learning
• Crowdsourcing

Bonus:
• Not-so-supervised career path



Solution 1: Multiple instance learning

Learn with global information – Carolyn is in both pictures



Solution 1: Multiple instance learning

Learn with global information



MIL
Supervised

Solution 1: Multiple instance learning

Search for positive instances

vs

Classify whole bag
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Image = COPD or not (lung function), 50 ROIs Texture filters

…

Histograms
MIL

Images Marleen de Bruijne



Search for abnormalities

vs

Classify whole subject

Cheplygina, V., Sorensen, L., Tax, D. M. J., Pedersen, J. H., Loog, M., & de Bruijne, M. (2014). Classification of COPD 
with multiple instance learning. In International Conference on Pattern Recognition (pp. 1508-1513). 

Performance metric: subject-level AUC
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MIL classifier
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Ground truth?
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MIL classifier
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Evaluate stability

Fraction of agreement on positives

Cheplygina, V., Sørensen, L., Tax, D. M. J., de Bruijne, M., & Loog, M. (2015)  Label Stability in Multiple Instance 
Learning. In Medical Image Computing and Computer-Assisted Intervention (MICCAI), pp. 539-546

Any patches always positive?



Pena, I. P., Cheplygina, V., Paschaloudi, S., Vuust, M., Carl, J., Weinreich, U. M., ... & de Bruijne, M. 
(2018). Automatic emphysema detection using weakly labeled HRCT lung images. PloS
one, 13(10), e0205397.





Solution 2: Transfer learning

Not learning “from scratch”



Use other similar datasets



Source

Use data from similar datasets

Target



Use other similar datasets – Intensity features

Cheplygina, V., Pena, I. P., Pedersen, J. H., Lynch, D. A., Sørensen, L., & de Bruijne, M. (2018). 
Transfer learning for multicenter classification of chronic obstructive pulmonary disease. IEEE 
journal of biomedical and health informatics, 22(5), 1486-1496.



Use other similar datasets – Texture features

Cheplygina, V., Pena, I. P., Pedersen, J. H., Lynch, D. A., Sørensen, L., & de Bruijne, M. (2018). 
Transfer learning for multicenter classification of chronic obstructive pulmonary disease. IEEE 
journal of biomedical and health informatics, 22(5), 1486-1496.



… or data that’s entirely different

Cheplygina, V. (2019). Cats or CAT scans: transfer learning from natural or medical 
image source datasets?. Current Opinion in Biomedical Engineering. URL

https://www.sciencedirect.com/science/article/pii/S2468451118300527
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Non-medical or medical data for pretraining?

3 papers: non-medical is better

5 papers: medical is better

2 papers: no differences

3 papers: inconclusive, BUT more data not better
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Systematic 
comparison?

ImageNet best as 
source data

BUT

is Imagenet is a 
much bigger dataset

Work by Floris Fok



Cheplygina, V., Moeskops, P., Veta, M., Bozorg, B. D., & Pluim, J. (2017). Exploring the similarity of medical 
imaging classification problems. In Large-Scale Annotation of Biomedical Data and Expert Label 
Synthesis (MICCAI LABELS) (pp. 59-66)

Meta-learning: how to quantify similarity of data?



Solution 2: Transfer learning

Not learning “from scratch”

Cheplygina, V., de Bruijne, M., & Pluim, J. P. W. (2019). Not-so-supervised: a 
survey of semi-supervised, multi-instance, and transfer learning in medical image 
analysis. Medical Image Analysis. URL

https://arxiv.org/abs/1804.06353


Solution 3: Crowdsourcing



You do it all the time!



Deng, J., Dong, W., Socher, R., Li, L. J., Li, K., & Fei-Fei, L. (2009, June). Imagenet: A large-scale hierarchical image database. 
In Computer Vision and Pattern Recognition, 2009. CVPR 2009. IEEE Conference on (pp. 248-255). IEEE.

2009: ImageNet









Cheplygina, V et al. (2016). Early Experiences with Crowdsourcing Airway Annotations MICCAI LABELS 2016 

Crowdsourcing airway annotations



Work by Dylan Dophemont



Image analysis project for 1st year students

1. Measure features with algorithms

2. Measure features yourself

3. Evaluate

Crowdsourcing!



100 annotated images

• 5 features annotated by 6 
people = 30 features

• Predict healthy vs 
melanoma without images

• Mean of annotators best, 
but “disagreement” 
(standard deviation) also 
informative

Cheplygina, V., & Pluim, J. P. W. (2018). Crowd disagreement about medical images is infor  
In Intravascular Imaging and Computer Assisted Stenting and Large-Scale Annotation of Bi
Data and Expert Label Synthesis (pp. 105-111). 



Work by Elif Kubra Contar

Same network
• Single-task with class label
• Multi-task with class label and asymmetry



Work by Elif Kubra Contar

Multi-task network outperforms single-task network
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rting, S., Doyle, A., van Hilten, A., Hirth, M., Inel, O., Madan, C. R., Mavridis, P., ... & Cheplygina,    
rvey of crowdsourcing in medical image analysis. arXiv preprint arXiv:1902.09159.



Next

• Other features / annotators (1400+ images)

• Crowdsourcing for lung nodules (3D)

• Evaluate the evaluation
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Not-so-supervised
academics



2011-2014 PhD 

“Publish papers”
• Science vs prestige

“Good for your CV”
• Experience vs time



Maybe academic career?

• “You have to go 
abroad”

• Not good enough?

• Mentors! 



2015



2015 – 2016

https://pixabay.com/en/mountain-climbing-mountaineer-802099/

• “Publish, develop own research + get funding for it”

• Social media
• Impact, community



2017

https://veronikach.com/progress-reports/getting-tenure-track-



2017

https://veronikach.com/progress-reports/getting-tenure-track-



https://pixabay.com/en/mountain-climbing-mountaineer-802099/

2017+  Not without challenges



https://unsplash.com/photos/iuqmGmst5Po

2017+  Find support



Academia as supervised learning?

• Input = CV at time t

• Output = Success / failure at t+1

• Successes at t+1 define “decision tree”



• Input space is much larger (Shadow CV)

• Output space is much larger (Impact, 
being happy) 

• Noisy labels, many unlabelled inputs

• Overfitting!

But CVs ≠ true data distribution



Learning curve



Not-so-supervised
learning of

… algorithms
• Multiple instance learning
• Transfer learning
• Crowdsourcing

Not-so-supervised
learning of

… academics
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