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What is the diagnosis?
Where are the abnormalities?
How large are the airways?

Case courtesy of A.Prof Frank Gaillard, Radiopaedia.org, rID: 8095
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Figure 1. Convolutional Neural Network (CNN) Classification and Melanoma Probability Scores
for Dermoscopic Images of Unmarked, Marked. and Cropped Benign Nevus and Melanoma

A Unmarked benign nevus

D Unmarked melanoma [E] Marked melanoma |F Cropped melanoma image

https://jamanetwork.com/journals/jamadermatology/article-abstract/2740808

A gentian violet surgical skin marker
was used to highlight the marked
examples. A, CNN dassification:
benign; score, 0.001. B, CNN
classification: malignant; score,
0.981. C. CNN classification: benign;
score, 0.001. D, CNN classification:
malignant; score, 0.999_E, CHN
classification: malignant; score,
0.999. F, CNN classification:
malignant; score, 0.999.


https://jamanetwork.com/journals/jamadermatology/article-abstract/2740808




Transfer learning

Not learning “from scratch”




Use other similar datasets

Dataset Subjects  Age GOLD Smoking  Scanner
(1/2/3/4) (c/f/n)

DLCST 300 + 59 [50, 7T1]  69/28/2/0 T7/23/0 Philips

300 - 57 [49, 69] T74/26/0 16 rows Mx 8000
COPDGenel 74 + 64 [45. 80]  21/18/19/16  17/57/0 Siemens

46 - 59 [45. T§] 23/20/3 Definition
COPDGene?2 42 + 65 [45. 78]  9/13/7/13 12/30/0 Siemens

25 - 60 [47, 78] 9/11/5 Definition AS+
Frederikshavn 8 + 66 (45, 77] 1/3/3/1 1/7/0 Siemens

8 - 56 [25, 73] 1/2/5 Defimition Flash



Performance drops across datasets
GSS
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Cheplygina, V., Pena, I. P., Pedersen, J. H., Lynch, D. A., Sgrensen, 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.



Performance drops across datasets

ChestX-rayl4 CheXvert MIMIC-CXE
Test set Training set Atelectasis Cardiomegaly Consolidation

ChestX-rayl4 0.8165 (.8998 0.8181

ChestX-ray 14 CheXpert 0.7850 0.8646 0.7771
MIMIC-CXR 0.8024 0.8322 0.7898

ChestX-ray 14 0.5137 0.5736 0.6565

CheXpert CheXpert 0.6930 (0.8687 0.7323
MIMIC-CXR 0.6576 0.8197 0.7002

ChestX-ray 14 0.5810 0.6798 0.7692

MIMIC-CXR CheXpert 0.7587 0.7650 0.7936
MIMIC-CXR 0.8177 (0.8126 0.8229

Pooch, E. H., Ballester, P. L., & Barros, R. C. (2019). Can we trust deep learning models diagnosis?
The impact of domain shift in chest radiograph classification. arXiv preprint arXiv:1909.01940.



Learn from any dataset

ImageNet Challenge

IMAGENET 08

~ container s ip motor scooter
container ship motor scooter
black widow lifeboat go-kart
cockroach amphibian moped

fireboat bumper car
drilling platform ||

e 1,000 object classes
(categories).

e Images:
o 1.2 M train
o 100k test.

vertible agaric
grille mushroom
pickup jelly fungus
beach wagon gill fungus |ffordshire bullterrier
fire engine || dead-man's-fingers currant

The ImageNet Large Scale Visual Recognition Challenge. (Source: Xavier Giro-o-Nieto)



https://www.slideshare.net/xavigiro/image-classification-on-imagenet-d1l4-2017-upc-deep-learning-for-computer-vision/

Learn from any dataset
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Dala and labels (e.g. ImageNet)

Image: towardsdatascience.com

TRANSFER

‘ Shallow classifier (e.g. SVM)
=1 features
fc1 |

conv3
convz
conv1

Target data and labels

import keras
import numpy as np

from keras.applications import vggl6

#Load the VGG model
vgg_model = vggl6.VGG16(weights="imagenet’)


https://towardsdatascience.com/a-comprehensive-hands-on-guide-to-transfer-learning-with-real-world-applications-in-deep-learning-212bf3b2f27a

Learn from any dataset — medical or non-medical?

Medical target

Feature extraction /
Fine-tuning

Pretraining

Medical source

Cats or CAT scans: transfer learning from natural or
medical image source datasets?

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

Learn from any dataset — medical or non-medical?

Which data to use for pretraining?

O RPN WM OO O
|

Medical best Non-medical No difference ?, more is
not better

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

Non-medical
vs medical
data

ImageNet best as
source data

BUT

IS Imagenet is
much larger

Retina

Imagenet

CatDog

Chest

Natural

Work by Floris Fok

Comparing average score of models
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Crowdsourcing
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2009: ImageNet amazon

beta

Main Instructions Unsure? Lock up in Wikipedia Google [ Additional input ] No good photos? Have expertise? comments? Click here!
First time workers please click here for ins ions. Below are the photos you have

selected FROM THIS PAGE ONLY |
Click on the photos that contain the object or depict the concept of - delta: a low triangular area of alluvial deposits where a river divides thiry will bie saved when you nasigate
before entering a larger body of water; “the Mississippi River delta™; “the Nile delta™ .(FLEASE READ DEFINITION CAREFULLY) 1o other pages ). Click to desslect.
Pick as many as possible. PHOTOS ONLY, NO PAINTINGS, DRAWINGS, etc_ lt's OK to have other objects, multiple instances, occlusion or text in
the image.
Do not use back or forward button of your browser. DCCASIONALLY THERE MIGHT BE ADULT OR DISTURBING CONTENT

e PREVIEW MODE. TO WORK ON
whats this? selectall | deselect all =  page 1 of6 = St THIS HIT. ACCEPT IT FIRST

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.



2012: Malaria diagnosis

l"mgress:. Level 16

- I
5 X
& 5

-

Completing this game [...]
took on average less than
one hour for each gamer

accuracy [...] is within
1.25% of the diagnostic
decisions made by the
infectious disease expert.

]

Mavandadi et al. Distributed Medical Image Analysis and Diagnosis through Crowd-Sourced Games:
A Malaria Case Study, 2012a



Surgical instrument segmentation

Can Masses of Non-Experts Train
Highly Accurate Image Classifiers?

A Crowdsourcing Approach to
Instrument Segmentation in Laparoscopic Images

Lena Maier-Hein'***, Sven Mersmann', Daniel Kondermann?,

Sebastian Bodenstedt?, Alexandro Sanchez?, Christian Stock®,
Hannes Gotz Kenngott®, Mathias Eisenmann?, and Stefanie Speidel®

Save lives by adjusting the oufline of a fool!
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Cell pattern classification

b
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Cell junctions
(&)

Sullivan et al. Deep learning is combined with massive-scale citizen science to improve

Nucleoplasm
(NF)

Aggresome
(AGG)

Actin filaments
(AF)

Endoplasmic
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Nucleoli
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Mitochondria
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Golgi apparatus
(GA)

Plasma membrane-
(PM)

large-scale image classification, 2018

Nuclear membrane
(NM)

Intermediate filamentg :
(R

Vesicles
(VES)

Microtubule ends
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Nuclear speckles
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Single cell
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Negative
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Mitosis detection in histopathology

AggNet: Deep Learning From Crowds for Mitosis
Detection 1in Breast Cancer Histology Images

Shadi Albarqouni*, Student Member, IEEE, Christoph Baur, Felix Achilles, Student Member, IEEE,
Vasileios Belagiannis, Student Member, IEEE, Stefanie Demirci, and Nassir Navab, Member, IEEE

Non-Mitosis
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G .. it : The second row shows the corresponding so called "blueRatio" representation of the
The second row shows the corresponding so called "blueRatio" representation of the p ; P

Kl - : non-mitotic figures. Note how they do not have such bright spots as the mitotic blue
mitotic figures. Note how they have very bright spots! ratio representations!



RESEARCH ARTICLE

Pigeons (Columba livia) as Trainable
Observers of Pathology and Radiology Breast
Cancer Images

Richard M. Levenson'*, Elizabeth A. Krupinski®, Victor M. Navarro®, Edward
A. Wasserman?*

Benign samples | | Malignant samples




Airways in chest CT

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



Melanoma classification

A — Asymmetry
B - Border

C — Color

https://challenge.kitware.com/#challenge/n/ISIC_2017%3A_Skin_Lesion_Analysis_Towards_Melanoma_Detection



Image analysis project for 15t year students TU / iR

1. Measure features with algorithms
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2 1 1D Asymmetry _7_1 Color_7_1 Border_7_1 |
2 2 |1SIC_0000549 2 4 1
i 3 |1SIC_0000550 1 3 1
' 4 |1SIC_0000551 2 2 1
e 5 |1SIC_0000552 1 4 1
' " 6 |ISIC_0000554 2 3 1
7 |1SIC_0000555 2 3 1
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13 |1S1C_0001119 2 3 1
14 |1SIC_0001126 2 2 1
15 |1S1C_0001128 1 3 1
16 |1SIC_0001131 1 5 1
17 |1S1C_0001133 1 5 1
18 |1S1C_0001134 2 3 1
3_ Evaluate 19 |1S1G_0001140 2 2 1
20 |1S1C_0009923 1 2 1
21 |1S1C_0009925 2 2 1
40 22 |1SIC_0009929 1 2 1
15 Ca 23 |ISIC_0009930 1 2 1
30 . 24 |ISIC_0009931 1 3 1
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Grafiek 1. De frequenties van de verschilwaardes tussen de metingen in Matlab en de metingen op
het cog.
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Crowd annotations predict

diagnosis
1T B
100 images, 5 features x 6 + |
people = 30 features o8l |
L
« Averaging annotators best Q 0.6
< |
 Disagreement also informative 0.4
0.2
O i | | |

iAll Mean Std

Cheplygina, V., & Pluim, J. P. W. (2018). Crowd dlsagreement about medical images is
informative. URL


https://link.springer.com/chapter/10.1007/978-3-030-01364-6_12

Work by Elif Kubra Contar

Same network
« Single-task with class label

« Multi-task with class label and asymmetry
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Work by Elif Kubra Contar

Multi-task network with crowd annotations outperforms
single-task network

0.800 ~
0.775 {
0.750
0.725 ~

0.700 ~

roc score

0.8675 ~

0.8650

0.625 A

0.600

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0
multi class
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- A Survey of Crowdsourcing in 2
=i Medical Image Analysis <1

- :ﬂ- i
! = Silas IZI'rtinglE Andrew Doyle*, Matthias Hirth®* Arno van Hilten**, Oana Inel® ",
i /
. . Christopher R. Madan®*, Panagiotis Mavridis”*, Helen Spiers®“*, and Veronika l‘:lfln.:prlyginu1”B a
3 , L University of Cup-:nhdgtn, Copenhagen, Dtnm;lrk y -
: ":h4 ke 2 McGill Centre for Integrative Neuroscience, Montreal, Canada ,. ;I'l
1 ¥ Technische Universitiit Ilmenau, Ilmenau, Germany e
[ 4 Erasmus Medical Center, Rotterdam, The Netherlands !
E 5 Vrije Universiteit Amsterdam, Amsterdam, The Netherlands f
' % University of Nottingham, Nottingham, United Kingdom L l .

" Delft University of Technology, Delft, The Netherlands
% University of Oxford, Oxford, United Kingdom
? Zooniverse, University of Oxford, Oxford
" Eindhoven Uniw:rw'it}' of Tr:chnn]ngy Eindhoven, The Netherlands

Qrtlng S, Doer A., van Hilten, A., Hirth, M., Inel, O., Madan, C. R., Mavridis, P &Cheplyglna |
V. (2019). A survey of crowdsourcing in medical image analysis. arXiv preprint arXiv:1902.09159
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Survey of crowdsourcing — take-aways

o Often 2D images, rating entire image
« Almost all papers report successes

Application This survey  Cheplygina et al. Litjens et al.

[2018] [2017]
Brain 9% 21% 18%
Eye 15% 4% 5%
Lung 9% 13% 14%
Breast 0% 6% 1%
Heart 2% 4% 1%
Abdomen 22% 14% 9%
Histo/Micro 29% 17% 20%
Multiple 1% 12% 4%
Other 1% 10% 16%

TABLE 1
COMPARISON OF THE DISTRIBUTION OF APPLICATIONS IN THIS SURVEY
AND TWO OTHER RECENT SURVEYS IN MEDICAL IMAGE ANALYSIS.
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Survey of crowdsourcing - take-aways

e Setup ad-hoc / details missing
— Platform, number of annotators, compensatioh...

« Different use of labels
— Create labels vs improve/filter labels
— Compare to experts vs train ML
— Discover novel patterns

* Discussion of implications?
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