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Ronneberger et al. U-net: Convolutional networks
for biomedical image segmentation. MICCAI 2015
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Biomedical image analysis competitions
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v' Challenges have led to common data sets used for validation
v’ Various fields of application covered

v" Various modalities covered




. .
A I O r I t h m b e n C h m ar k I n Model | Top-1Ace.  Top-5 Acc. || #Params  Ratio-to-EfficientNet || #FLOPs  Ratio-to-EfficientNet
EfficientNet-B0 77.1% 93.3% 5.3M 0398 Ix

Ix
ResNet-50 (He et al., 2016) T76.0% 93.0% 26M 4.9% 4.1B 1ix
DenseNel-169 (Huang et al., 2017) 76.2% 93.2% 14M 2.6x 358 8.9x
EfficientNet-B1 79.1% 94.4% 7.8M ix 0.70B ix
ResNet-152 (He et al., 2016) T7.8% 93.8% 60M 7.6x 118 16x
Coparson of existing methods DenseNet-264 (Huang et al., 2017) 77.9% 93.9% M 4.3x 6.08 8.6x
- Inceplion-v3 (Szegedy et al., 2016) 78.8% 94.4% 24M 3.0x 578 8.1x
Methods (%) Database Classifier Sensitivity (%) Specificity (%) Accuracy (%) AUC (%) Xeeption (Chollet, 2017) 79.0% 94.5% 23M 3.0x 848 12x
Second technique (best) DDSM MLP 96.87 9594 96.47 95.10
second technique (average) DDSM MLP 96,25 9378 95.01 9499 EfficientNet-B2 80.1% 94.9% 9.2M Ix 108 Ix
Second technique (best) MIAS mLe 92.70 9054 9016 95.58 Inception-v4 (Szegedy et al., 2017) 80.0% 95.0% 48M 5.2x 138 13x
e techioe peeree) ot ) b bront oo s Inception-resnet-v2 (Szegedy etal, 2017) | 80.1% 95.1% 56M 6.1x 138 13x
Wang and Yang et al., 2014; Wang, Li, & Gao, 2014 DDSM SVM - - 9274 96.50 :
e e vy 200 2300 eyt e EfficicntNet-B3 81.6% 95.7% 1M Ix 188 Ix
Saki et al,, 2013 MIAS. OWBPE 90.10 88.06 8928 9280 ResNeXt-101 (Xie et al., 2017) 80.9% 95.6% 84M T.0x 328 18x
Zhang, Tomure, Furst, & Raicu, 2012 DDSM SVM - - 7200 - PolyNet (Zhang et al., 2017) 81.3% 95.8% 92M T.7x 358 19x
Tahmasbi et al., 2011 MIAS ML 100 94.50 96.43 97.60
Buciu and Gacsadi, 2011 MIAS PSVM 8461 80 8230 78.00 EfficientNet-B4 82.9% 96.4% M Ix 4.2B Ix
Tahmasbi et al., 2010 MIAS MLP 90,10 94.44 92.80 98,00 TN e 3 3 y
oo s pogi pei g o SENet (Hu et al., 2018) 82.7% 96.2% 146M 7.7x 428 10x
DDSM SCBDL 9750 9750 a7.50 NASNet-A (Zoph et al., 2018) 82.7% 96.2% 89M 47x 248 5.7x
DDSM SCNN. 97.83 90.74 94.28 - AmoebaNet-A (Real et al., 2019) 82.8% 96.1% 87M 4.6x 238 5.5x
DDSM, MIAS Bayesian, FLD - - £1.00 - -
" e vy 5.0 PNASNet (Liu et al., 2018) 829% 96.2% 86M 4.5x 23B 6.0x
Masatti, 2006 DDsM VM 2000 9350 9275 9780 EfficientNet-B5 83.6% 96.7% 30M Ix 9.98 Ix
AmoehaNet-C (Cubuk et al., 2019) 83.5% 96.5% 155M 5.2x 41B 4.1x
Rouhi, et al. Benign and malignant breast tumors classification based on region growing EfficientNet-B6 | 840% 968% | 43m Ix | 198 Ix
and CNN segmentation. Expert Systems with Applications 2015. EfficientNet-B7 84.3% 97.0% 66M Ix 7R Ix
GPipe (Huang et al., 2018) 84.3% 97.0% 55IM 8.4x - -

Tan and Le. EfficientNet: Rethinking model scaling for convolutional neural networks.
International conference on machine learning 2019.

Cats CelebA  Cars  Chairs  Churches

2D GAN [55] 18 15 16 59 19

Plal. GAN [37] 318 321 299 199 242

BlockGAN [64] 47 69 41 41 28

HoloGAN [03] 27 25 17 59 31

GRAF 26 25 39 34 38 S— - - - B

c;um 1 8 6 1% 2 17 ] ] ) | UKCF (Binary Targets) | ADNI (Continuous Targets) | MIMIC (Mixed Targets)
Niemeyer and Geiger. Giraffe: | Pre() PRC(C) |  MSE(B) MSE(C) | PRC MSE

Table 1: Quantitative Comparison. We report the FID Representing scenes as

score () at 642 pixels for baselines and our method. it ; Base 0.4112£0035% 049710.057* | 0.105£0.018% 03610064 | 0.14220.028% 0.15320.011
@ P ?:;uﬁzs;itggsal ﬁzeg Séﬁ;lpe 2n :; {al REG 0.41520.030%  0.51810.052% | 0.096£0.014%  0360+0.066 | 0.14310.019%  0.152+0.010
. n . . . Fea 0.410£0.033%  0.52120.054% | 0.092£0.012% 0356 £0.068 | 0.144 £0.030%  0.1524+0.012
ColcbAHQ FIHQ Cam Chichos Clev2 TeA | 0.48310.045  0.58310.072 | 0.063£0.010  0.330£0.066 | 0.239£0.039  0.150-£0.012
HoleGAN [63] 61 192 58 241 FITEA | 045740037  0.5761+0.071 0.073+0.010%  0.338+0.067 | 0.166+0.023* 0.15440.011
‘win 3D Conv 33 T0 49 66 273
Sfﬁr i ;(; §§ gf. ?}; ]3016 Jarrett and van der Schaar. Target-embedding autoencoders for supervised representation

- - . . learning. arXiv 2020.
Table 2: Quantitative Comparison. We report the FID

score () at 2567 pixels for the strongest 3D-aware baselines
and our method.
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Reporting



(]
The one practice that can universally

commended is the transparent and complete
reporting of all facets of a study, allowing a
critical reader to evaluate the work and fully ”
understand its strengths and limitations

(Nature Neuroscience 2017,
https://doi.org/10.1038/nn.4500)

6/29/2022 | Page 10  Annika Reinke dkfz.




A lot of challenge parameters matter (the obvious)

What is/are the

How many training/test
cases are available?

© Copyright PresentationGO.com
The free PowerPoint template library

dkfz.
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A lot of challenge parameters matter (the “not so obvious”)

Are challenge participants

allowed to complement the

training data with their own
data?

© Copyright PresentationGO.com
The free PowerPoint template library

dkfz.
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Analysis of > 500 competitions

®* A median of 64% of parameters were reported Q

Only 6% of parameters were reported by all
challenges

®* Examples:

* 85% of challenges did not give instructions on
whether training data provided by challenge
organizers may be complemented by other
publicly available or private data
In 66% of all tasks, there was no description on

how the reference (i.e. gold standard) annotation
was performed

|

Maier-Hein et al. Why rankings of biomedical image analysis competitions should be interpreted with care. Nature Commun 2018
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BIAS Reporting guideline

* B IAS (B om ed |Cal I m ag e A n aIySIS g € q LnJeq\J-oor{ 'El'lgi:lir;;:pegngeo(illj'lgzma;:search
ChallengeS) initiative: bring challenges to : :
. Home Aboutus Library Toolkits Courses & events News Blog
n eXt I eve I Of q u aI Ity Home > Library > Reporting guideline > BIAS: Transparent reporting of biomedical image analysis challenges

Use your browser's Back button to return to your search results

® Form ed by M ICCAI board Chal Ie nge 7 Bil‘Aﬁ: Transparent reporting of biomedical image analysis
. challenges
working group

Reporting guideline Reporting of a biomedical image analysis challenge.
provided for?

(i.e. exactly what the

authors state in the

« Developed guideline for designing and
Full bibliegraphic Maier-Hein L, Reinke A, Kozubek M, Martel AL, Arbel T, Eisenmann M, Hanbury A,
H reference Jannin P, Miller H, Onogur S, Saez-Rodriguez J, van Ginneken B, Kopp-Schneider A,
re p O rt I n g C a e n g es Landman BA. BIAS: Transparent reporting of biomedical image analysis challenges.
Med Image Anal. 2020:66:101796

PubMed ID 32911207

Relevant URLs The full-text of the BIAS statement is available at: hitps./pubmed.ncbi.nim.nih.gov.

» Registered BIAS with equator network

The BIAS checklist can be accessed at: hitps//ars els-cdn.com/contentimage/1-
52.0-51361841520301602-mmc1.pdf

| Maier-Hein, Reinke et al. BIAS: Transparent reporting of biomedical image analysis challenges, Med Image Anal 2020
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Problem: Quality control after challenge acceptance

Direct quality control No quality control

l |
=) B o . 4

aa
STEP 1 STEP 2 STEP 2 STEP 3
Challenge Challenge Challenge Challenge
submission review accepted execution
(with modifications of
document)

© Copyright PresentationGO.com

| The free PowerPoint template libra

cons created by the Icons8
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Solution: Challenge registration

Direct quality control

|

=) E O 1 P

P9
STEP 1 STEP 2 STEP 2 STEP 3 STEP 4
Challenge Challenge Challenge Upload Challenge
submission review accepted challenge execution
(with modifications of document

document)

© Copyright PresentationGO.com

Icons created by the Icons8 The free PowerPoint template libral
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Challenge registration

Challenge name Acronym DOI
2nd Retinal Fundus Glaucoma Challenge REFUGE2 10.5281/zenodo.3714946 e
3D Head and Neck Tumor Segmentationin ~ HECKTOR 10.5281/zenodo.3714956 — + Automatic Zooms
PET/CT
Anatomical Brain Barriers to Cancer Spread: ~ ABCs 10.5281/zenodo.3714981
Segmentation from CT and MR images
Automated Segmentation of Coronary ASOCA 10.5281/zenodo.3714985 |
N | . - . . .
Oii=s : Medical Out-of-Distribution Analysis Challenge:
Automatic Evaluation of Mycardial Infarction ~ EMIDEC 10.5281/zenod0.3714997 |
from Delayed-Enhancement Cardiac MRI - - -
Automatic Lung Cancer Detection and ACDC@LungHP 10.5281/zenodo.3715000 | Strudu red descrlptlo“ °f the Cha"enge deﬂg“
Classification in Whole-slide Histopathology |
Automatic Structure Segmentation for StructSeg 2020 10.5281/zenodo.3718884 |
Radiotherapy Planning Challenge 2020 - Thi " o p—_— :
{Challenge withdrawn due to COVID-19 | Remark: This challenge have been slightly modified. All changes are highlighted in red.
pandemic situation)
Cerebral Aneurysm Detection and Analysis CADA 10.5281/zenodo.3715011

Computational Precision Medicine Challenge CPM-RadPath 10.5281/zenod0.3718893 CHALLENGE ORGANIZATION

on Brain Tumor Classification 2020

Diabetic Foot Ulcers Grand Challenge 2020 DFUC 2020 10.5281/zenodo.3715015 Title

Eidoscop clVis cnChallengelz020 Bl 10.5281/7enodo 3715645 Use the title to convey the essential information on the challenge mission.

International Skin Imaging Collaboration ISIC 2020 10.5281/zenodo.3715749

Challenge: Using Dermoscopic Image Context | Medical Out-of-Distribution Analysis Challenge

1o Diagnose Melanoma |

Intracranial Aneurysm Detection and ADAM 10.5281/zenod0.3715847 | Challenge acronym

Segmentation Challenge |

Large Scale Vertebrae Segmentation VerSe'20 10.5281/zenodo.3715865 Preferable, provide a short acronym of the challenge (i any).

Challenge v
Learn2Reg - The Challenge L2R 10.5281/zenodo.3715651

Medical Out-of-Distribution Analysis MOOD 10.5281/zenodo.3715869

Challenge

MICCAI Brain Tumor Segmentation (BraTS) BraTS 2020 10.5281/zenodo.3718903 7
2020 Benchmark: "Prediction of Survival and

Pseudoprogression” Mame Size

Multi-Centre, Multi-Vendor & Multi-Disease M&Ms 10.5281/zenodo.3715889

Cardiac Image Segmentation Challenge -

Multi-sequence CMR based Mycardial MyoPS 2020 10.5281/zen0do.3715931 1449 kB @& Preview || & Download
Pathology Segmentation Challenge

Quantification of Uncertainties in Biomedical  QUBIQ 10.5281/zenodo.3718911 R — EhFRFIRAOTHFG AR

Image Quantification d5:01c06 Sbfbf28497bi9dbc362d @

Rih Fractira Natacion and Classificatinn RihFrar 10 5281/7enndn 3715033
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Rankings



Rankings
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Rankings
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Data from MICCAI 2015 segmentation Aggregate Aggregate
by mean by median
challenges
RANK 1 Al A5
RANK 2 A2 A2
Challenge rankings are sensitive to a gisij 22 22
range of challenge design parameters: SANK & A N
_ _ RANK 6 A6 A8
« Metric variant RANK 7 A7 A7
» Type of test case aggregation RANK 8 A8 A6
e Annotator RANK 9 A9 A9
RANK 10 A10 A10
RANK 11 All All
RANK 12 Al2 Al2
RANK 13 A13 A13
| Maier-Hein et al. Why rankings in biomedical image analysis competitions should be interpreted with care. Nature Commun 2018
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A1

RANK 1

A2

RANK 2

A3

RANK 3

A4

RANK 4

AS

RANK 5

A6

RANK 6

A7

RANK 7

A8

RANK 8

A9

RANK 9

A10
A1

RANK 10

RANK 11

A12
A13

RANK 12

RANK 13

Reinke et al. How to Exploit Weaknesses in Biomedical Challenge Design and Organization. MICCAI 2018

Maier-Hein et al. Why rankings of biomedical image analysis competitions should be interpreted with care. Nature Commun 2018
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Analysis of Results

2 ? % of all reports are based solely on
ranking lists (without further visualization)



Why result analysis and visualization is critical: Example

1.00 1.00

s LT

.

-

al
©
3
al

Metric value
o
(o]

o
Metric value
o
(8]

o

0.25 0.25
Same
0.00 . 0.00
> » » » > ranking ————
~ N w ~ 5 = > > x >
Algorithm Algorithm
5 algorithm 5 py
’ x . AL Rank AIgOrlthm al.gonlr::
A4 1 Al : A3
= " A4
S = 5 . £ .
%
) ‘ - * %. 10
°= 3 A3 pas
1 ’ [ 1 : :2
1 2 3 4 5 [ 4 Ad - ’ ’ ! ! s
b N 2} < [T}
© CAgorithm 5 |as 2 ¥ 2 3 2
Algorithm Algorithm

| Wiesenfarth, Reinke et al. Methods and open-source toolkit for analyzing and visualizing challenge results. Scientific Reports 2021
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Try it yourself: Metric values in, full PDF report out

A B C D E
. 1 _|task alg_name value case
In p ut 2 251 c_random Al 0.705483 1
3 252 c_random Al 0.842386 2
Metric values in csv file T m—
5 254 ¢_random Al 0.956698 4
6 255 ¢_random Al 0.861703 5
7 256 c_random Al 0.663634 6
8 257 c_random Al 0.879471 7
9 258 c_random Al 0.503639 8
10 259 c_random Al 0.888527 E]
n 260 c_random Al 0.767565 10
12 261 c_random Al 0.953104 11
13 262 c_random Al 0.868728 12
14 263 c_random Al 0.706565 13
15 264 c¢_random Al 0.228561 14
16 265 c_random Al 0.932445 15
266 c_random Al 16
c_random Al 17
C 1

https://github.com/wiesenfa/challengeR

Icons created by the Noun Project

| Wiesenfarth et al. Methods and open-source toolkit for analyzing and visualizing challenge results. Scientific Reports 2021
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https://github.com/wiesenfa/challengeR

Try it yourself: Metric values in, full PDF report out

Output:
Full PDF report

github.com/wiesenfa/challengeR

‘Taske l 1!1 l Xam, II

Benc hunrku ¢ l 1!1 X 8
geR 0 Wiesen

https:
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https://github.com/wiesenfa/challengeR

Cheating



You don’t think people cheat?

20%

of the MICCAI 2020
challenge organizers
reported cheating!




Example: Weaknesses in challenge design can be exploited

75- ’
= s
%" ." : P . $ Differently reported as stated in proposal
EED - 3 l E Mot reported nnthe?\febsite
3 . . : $ Reported as stated in proposal
o 1 ‘ |

25° S50 MICCAI 2018 challenges:

No report on
r 4 1 ... full ranking scheme (50%)
0- e ... metrics (15%)

Reinke et al. How to Exploit Weaknesses in Biomedical Challenge Design and Organization. MICCAI 2018
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Example: Weaknesses in challenge design can be exploited

Ranking schemes are often not published before the challenge

Tuning?
Organizer's EEUER! scheme 2
main — —|—>AIN_|
competitor A2 >< A2
A3~ ™\ Al
Ad Ad
A5 A5

| Reinke et al. How to Exploit Weaknesses in Biomedical Challenge Design and Organization. MICCAI 2018
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Example: Missing value handling

82% of tasks provide no information about how missing data is handled

Image R} l l I, I 1,

\Youm 0.94 NaN 0.87 0.90 NaN 0.89

Ignore NaNs Set NaNs to worst possible value (here: 0)
Mean DSC: 0.90 Mean DSC: 0.60

] Reinke et al. How to Exploit Weaknesses in Biomedical Challenge Design and Organization. MICCAI 2018
Reinke et al. Common Limitations of Image Processing Metrics: A Picture Story. arXiv 2021
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Example: Missing value handling

What happens if algorithms systematically submit only the most
plausible results?

- 25% of non-winning algorithms would have been ranked first

 In 9% of tasks, every single participating algorithm could have
been ranked first

|

Reinke et al. How to Exploit Weaknesses in Biomedical Challenge Design and Organization. MICCAI 2018
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Metrics
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Euclidean distance

Sweet sput coverage R eca I I Recall

T Euclidean distance



How metrics are currently selected

One of the commonly used
metrics to validate scene
segmentation

The two metrics are widely
used to measure
segmentation accuracy.

Itis widely used in the field.

Iscommonly used for the
validation of reconstruction
data.

Standard computer vision
segmentation metrics.

Isacommon metric in
clinical diagnosis validation.

I Citations from http://www.miccai.org/special-interest-groups/challenges/miccai-registered-challenges/
Maier-Hein et al. Why rankings of biomedical image analysis competitions should be interpreted with care. Nature Commun 2018

dkfz.
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http://www.miccai.org/special-interest-groups/challenges/miccai-registered-challenges/

Class imbalance

Goal: Classify patients into sick (positive class) and healthy (negative class)

Sick class: 97 patients
Healthy class: 3 patients
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Class imbalance

97+ 0
97+ 0+3+0

TP+TN
TP+TN+ FP+FN

0.97

Accuracy
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Most common metric: Dice Similarity Coefficient (DSC)

B[N AnB

DSC(AB) =

loU(A,B) =

1-1
.+

2 |[ANB|
|Al+|B|

H-m

|A N B
|Al+|B|-[A N B|
_ |AnB|
- |AUB|

7/6/2021 | Page 37

Annika Reinke

| Reinke et al. A discovery dive into the world of evaluation — Do’s, don’ts and other considerations. Medium Blogpost 2021

dkfz.




Shape unawareness

Reference Prediction | Prediction 2

Prediction 3 Prediction 4 Prediction 5

| Maier-Hein/Reinke et al. Metrics reloaded: Pitfalls and recommendations for image analysis validation. arXiv 2022
Reinke et al. Common Limitations of Image Processing Metrics: A Picture Story. arXiv 2021
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Inappropriate phrasing of the problem:
Object detection vs. segmentation

Reference Prediction | Prediction 2

l [
] —
| object detected ¥ 3 objects detected «

| Maier-Hein/Reinke et al. Metrics reloaded: Pitfalls and recommendations for image analysis validation. arXiv 2022
Reinke et al. Common Limitations of Image Processing Metrics: A Picture Story. arXiv 2021
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Metric aggregation

Patient 4

N 2 A A e T e T A 2 A A

Imgl .. Imgl00 Imgl .. Img30 Imgl .. Img20 Imgl .. Img20 Imgl .. Img35

| Maier-Hein/Reinke et al. Metrics reloaded: Pitfalls and recommendations for image analysis validation. arXiv 2022
Reinke et al. Common Limitations of Image Processing Metrics: A Picture Story. arXiv 2021
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Uncovering problems is good...

Common Limitations of Image Processing Metrics:
A Picture Story

ANNIKA REINKE®, German Cancer Research Center (DKFZ), Germany and IHeidelberg Universily, Germany
MINU D. TIZABI, German Cancer Research Center (DKFZ), Germany

CAROLE H. SUDRE, University College London, UK and King's College London, UK

MATTHIAS EISENMANN, German Cancer Research Center (DKFZ), Germany

TIM RADSCH, German Cancer Research Center (DKFZ), Germany and understandAl GmbH, Germany
MICHAEL BAUMGARTNER, German Cancer Research Center (DKFZ), Germany

LAURA ACION, CONICET - Universidad de Buenos Aires, Argentina and University of ITowa, USA
MICHELA ANTONELLI, King's College London, UK and Universily College London, UK

TAL ARBEL, McGill University, Canada



METRICS RELOADED

Solving them Is
even better!




Problem-aware metric recommendation framework

DRIVING BIOMEDICAL PROBLEM h

Problem 1 Problem 4
g Problem 1 dataset g Problem 4 dataset e
y,
PROBLEM FINGERPRINTING
CATEGORY MAPPING
from biomedical interest to problem category

STRUCTURED CAPTURING OF RELEVANT PROBLEM PROPERTIES ]
\.

7~

Y  J

PROPERTIES PROPERTIES

- Image-level Image-level Semantic Object
classification classification segmentation detection

Fingerprint 1
Fingerprint 4

EECOEO

Maier-Hein/Reinke et al. Metrics reloaded: Pitfalls and recommendations for image analysis validation. arXiv 2022
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Problem fingerprint

Maier-Hein/Reinke et al. Metrics reloaded:
Pitfalls and recommendations for image
analysis validation. arXiv 2022

Image processing category
identified by category mapping

Semantic segmentation (S5): assignment of one or multiple category labels to
each pixel.

Particular importance of structure
boundaries

Particular importance of structure
center (e.g. in cells, vessels)

Compensation for annotation
imprecisions requested

Domain interest-related properties (selection)

The application requires exact structure boundaries.

The application requires accurate knowledge of structure centers.

The reference annotation is typically only an approximation of the (forever un-
known) ground truth. It may be desirable to compensate for known uncertainties,
such as intra-rater or inter-rater variability, by configuring the metric accordingly.
This is only possible for some metrics.

Small size of structures relative
to pixel size

High variability of structure sizes
(within one image, across images)

]
ar |- ujln =

Structures of the provided class are consistently small relative to the grid size in
such a way that a single pixel makes up at least several percentage points of the
structure volume.

The target structures vary substantially in size, such that some structures are
several times the sizes of others.

Presence of class imbalance

Data set-related properties (selection)

rEEEEE
9993s
EmmmEm

Non-independence of test cases ﬁ

m The test cases are hierarchically structured, indicating non-independence of test

The class prevalences differ substantially.

cases.

Possibility of algorithm output
not containing the target
structure(s)

Pred

Algorithm output-related properties (selection)

Pred

The algorithm may yield output images only comprising the background class.
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]
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PROBLEM FINGERPRINTING
1

Generate
Read general problem

instructions category

{App.C)

Generate
problem
fingerprint
(App- D)

Check.
F1a | Problem

z category?

‘ i - Semantic segment

Select overlap-
Sey segmentation (55] based metric
(if any)

Select boundary-
based metric
(if any)

[ 7.
CANDIDATES:
DSC
loU
F” Score
cIDice

[ &,
CANDIDATES:

HD
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NSD
Boundary loU
ASSD
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Maier-Hein/Reinke et al.
Metrics reloaded: Pitfalls and

DESCRIPTION  SCENARIO
OF PROBLEM

Lung cancer cell

segmentation from
microscopy images

Segmentation

of large

objects Liver segmentation
in computed
tomography (CT)
images

recommendations for image analysis

validation. arXiv 2022

SAMPLE RECOMMENDED
INPUT IMAGE OUPUT IMAGE

Semantic segmentation

TRAVERSAL THROUGH PRIMARY PATH

>

RECOMMENDATION

Overlap-based metric (S7):
Dice Similarity Coefficient (DSC)

Boundary-based metric (S8):
Normalized Surface Distance (NSD)

Specific property-related metric:
Liver segmentation: Absolute Volume
Difference



DESCRIPTION ~ SCENARIO SAMPLE RECOMMENDED RECOMMENDATION

OF PROBLEM INPUT IMA OUPUT IMAGE

Lung cancer cell M

segmentation from

ey I [ES Overlap-based metric (S7):

Dice Similarity Coefficient (DSC)

Segmentation Bounda_ry-based met_ric (S8):
of large Semanticsegmentation > Normalized Surface Distance (NSD)
Chic .leer segmedntanon Specific property-related metric:

in compute Liver segmentation: Absolute Volume

tomography (CT) Difference

images

)

TRAMTTT2Y THROUGH PRIMARY cATH

TRAVERS/ . THROUGH SUBPROCE. S S

@)

Liver
Check if Check if segmentation
overlap-based boundary-based
metric needed metric needed SELECTION:
Absolute Volume
Difference

Check Compensation

F2.5.5 of annotation
imprecisions
requested

Exclusive
interest in the
center line of

structures?

wo| SELECTION:
NSD

Unequal
severity of class

confusions, i.e. o
over-vs. under-

segmentation?

Select
Maier-Hein/Reinke et al. G __.EELEcSTCmN:
Metrics reloaded: Pitfalls and D“i‘i“:"ﬂ“[?("fﬁl decision guide 7.1
recommendations for image analysis loU Intersection over Union

NSD Normalized Surface Distanc

Validation. al’XiV 2022 SS Semantic Segmentation




DESCRIPTION
OF PROBLEM

NARIO

Frame-based sperm
motility classification
based on microscopy
time-lapse video
containing human
Classification spermatozoa
of images
Disease classification
in dermoscopic
images

Lung cancer cell
segmentation from
microscopy images

Segmentation
of large objects

Liver segmentation
in computed

Instantiation for common prefs
biomedical use Cases Cell detection and

tracking during the
autophagy process in

time-lapse
Detection of microscopy
multiple and
arbitrary

located objects | esion detection
in multi-modal brain
MRl images

Instance segmentation
of neurons from the
fruit fly in 3D multi-
color light microscopy
images

Segmentation
and distinction
of tubular objects
Surgical instrument

Maier-Hein/Reinke et al. Metrics reloaded: e ENEED

. . . in colonoscopy videos
Pitfalls and recommendations for image

analysis validation. arXiv 2022

RECOMMENDED
QUPUT IMAGE

Progressive
‘motility: 0.5
Mon-progressive
motility: 0.4
Immotile: 0.1

Dermatofibroma: 0.6
Metanaeptic nens: 02

Bonign keratosis: D0
Vascudar besion: 0.1

>

Problem category:
Image-level classification

Multi-class counting metric (52):
Balanced Accuracy (BA)

Multi-threshold metric (53):
Area under the Receiver Operating Characteristc Curve (AUROC)

Qutput calibration:
Expected Calibration Error (ECE)

Per-class counting metric (S4):
Positive Likelihood Ratio (LR+)

Problem category:
Semantic segmentation

Overlap-based metric (57):
Dice Similarity Coefficient (DSC)

Boundary-based metric (S8):
Normalized Surface Distance (NSD)

Specific property-related metric:
Liver segmentation: Absolute Volume Difference

Problem category:
Object detection

Localization criterion (S5):
Box Intersection aver Union (Box loU)

Assignment strategy (56):
Greedy (by Score) Matching, set double assignments to False Positives (FP)

Multi-threshold metric (53):
Free-Response Receiver Operating Characteristic (FROC) Score

QOutput calibration:
MS lesion detection: Proper Scoring Rules (PSR)

Per-class counting metric (S4):
FP per Image (FPP)@Sensitivity

Problem category:
Instance segmentation

Localization criterion (S5):
Neuron segmentation: Mask loU
Instrument segmentation: Boundary loU

Assignment strategy (S6):
Greedy (by Score) Matching, set double assignments to FP

Multi-threshold metric (53): AP
Per-class counting metric (54): F, Score

Overlap-based metric (S7):
Center line Dice Similarity Coefficient (cIDice)

Boundary-based metric (58): NSD



MetriCs Reloaded —
recommendation framework for biomedical image analysis validation

CANDIDATES:

™1 HELMHOLTZ

Worklng on Web-based tOOI Reloaded “. ‘e H IMAGING

for guiding the user through

the prOCeSS! Welcome to the Metrics Reloaded

"A metric guide framework for accurate and robust validation in image analysis"

Evaluation of image analysis methods is critical for scientific advancement - -
) T - Specificity

and translation of theoretical works into real word utilization. The essential sy S

wm_ False positive n

component of validation design is metrics, which are the measures used to
quantify algorithm performance. However, a growing amount of work
demonstrates that the metrics utilized frequently do not accurately
represent the underlying problems, undermining the validity of the i
examined algorithms. Validation procedures are highly variable and prone i 50"‘::;"" g
to error. Some of the most common errors:

* The metric does not correlate to the objective of the task

* Mathematical attributes were not taken into account

« Suboptimal design criteria or even incorrect terminology are Spesitiaity
transmitted

o There is no mention of hierarchical data structures.



https://arxiv.org/abs/2206.01653
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New: Structured challenge submission system MICCAI 2018

27) Ranking method(s)

27a) Method used to compute a performance rank

A& Account Describe the method used to compute a performance rank for all submitted algorithms based on the
generated metric results on the test cases. Typically the text will describe how results obtained per case

AT s ] B S T ey MICCAI 2019

Describe the method used to compute a performance rank for all
submitted algorithms based on the generated metric results on
the test cases. Typically the text will describe how results obtained
per case and metric are aggregated to arrive at a final
score/ranking.

27b) Submissions with missing results

Options MICCA' 2020
® swesrpen ISBI 2020

: - ) @ Discard changes
Describe the method(s) used to manage submissions with M I Dl. 2020
missing results on test cases. @ What's missing?

27c) Justification of ranking

Describe the method(s) used to manage submissions with missing results on test cases.

Justify why the described ranking schemef(s) was/were used.

Justify why the described ranking scheme(s) was/were used.

MICCAI 2021
28) Statistical analyses ISBI 2021

28a) Details for the statistical methods
Provide details for the statistical methads used in the scope of the challenge analysis. This may include

# description of the missing data handling,

® details about the assessment of variability of rankings,

* description of any method used to assess whether the data met the assumptions, required for the
particular statistical approach, or

¢ indication of any software product that was used for all data analysis methods. M I CCAI 20 2

DEVELOPERS:
Annika Reinke, Sinan Onogur, Matthias Eisenmann, Keno Marz, Sebastian Pirmann
Div. Computer Assisted Medical Interventions (CAMI), German Cancer Research Center, DKFZ)

. . © Copyright PresentationGO.com dkf
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Problem: Quality control after challenge acceptance
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