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Methods for Learning from Multiple Annotations

SSeg methods model and learn to
predict a single “gold standard”
segmentation.
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Methods for Learning from Multiple Annotations

SSeg methods model and learn to
predict a single “gold standard”
segmentation.

Abstract—In a double blind evaluation of 60 digital der-
matoscopic images by 4 “junior’”, 4 ‘“senior” and 4 ‘‘expert”
dermatologists (dermatoscopy training respectively less than 1
year, between 1 and 5 years, and more than 5 years), a sig-
nificant inter-operator variability was observed in melanocytic
lesion border identification (with a disagreement of the order
of 10 — 20% of the area of the lesions). Expert dermatologists
%

dard operative definition. For example, if even experienced
dermatologists disagree on how to classify 5% of the area of
an 1mage, no automated system can be expected to classify
“correctly” more than 95% of the area of that image.
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Methods for Learning from Multiple Annotations

SSeg methods model and learn to
predict a single “gold standard”
segmentation.

Abstract—In a double blind evaluation of 60 digital der-
matoscopic images by 4 “junior’”, 4 ‘“senior” and 4 ‘‘expert”
dermatologists (dermatoscopy training respectively less than 1
year, between 1 and 5 years, and more than 5 years), a sig-
nificant inter-operator variability was observed in melanocytic
lesion border identification (with a disagreement of the order
of 10 — 20% of the area of the lesions). Expert dermatologists

“

dard operative definition. For example, if even experienced
dermatologists disagree on how to classify 5% of the area of
an 1mage, no automated system can be expected to classify
“correctly” more than 95% of the area of that image.

MSeg methods model and predict
multiple segmentations to capture
annotation variability.

Dataset requirement:
multi-annotator segmentations
containing image-mask pairs with
annotator-segmentation
correspondence.
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Multi-Annotator Medical Image Segmentation Datasets

© RIGA

Complete bipartite graph

Latent factors unknown = difficult to define
a segmentation “style”.
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Segmentations in ISIC Archive and their Variability

2,261 images with more than 1 "ground truth” segmentation mask
= 4,704 training image-mask pairs for skin lesion segmentation (SLS).
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Segmentations in ISIC Archive and their Variability

2,261 images with more than 1 “ground truth” segmentation mask
= 4,704 training image-mask pairs for skin lesion segmentation (SLS).

0.0

0.2 0.4
Dice coeff|C|ent

1.0

300

250

200

150

100

50

—0.5

Flelss kappa

18



Segmentations in ISIC Archive and their Variability

2,261 images with more than 1 “ground truth” segmentation mask
= 4,704 training image-mask pairs for skin lesion segmentation (SLS).

0.0

0 seni=0innbis Bk lll ||

0.2 0.4
Dice coeff|C|ent

1.0

300

250

200

150

100

A

50 [

—0.5

Flelss kappa

19



Objective

, train a model that discovers unique annotation
styles such that:

20



Objective

, train a model that discovers unique annotation
styles such that:

e all the predicted segmentations are plausible,

21



Objective

, train a model that discovers unique annotation
styles such that:

e all the predicted segmentations are plausible,

e the predicted segmentations are diverse, and

22



Objective

, train a model that discovers unique annotation
styles such that:

all the predicted segmentations are plausible,

the predicted segmentations are diverse, and

the segmentation styles are semantically
consistent across all images.
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StyleSeg produces multiple segmentation styles




Multiple segmentation styles and their probabilities
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Multiple segmentation styles and their probabillities
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M segmentation
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Multiple segmentation styles and their probabilities
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Multiple segmentation styles and their probabilities
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Training StyleSeg

Style 1 Style 2 Style 3
X
Segmentation
:> Model
(Xi, Yir)

Style Classifier

—>| Modd | 10120 0.05 0.75

fc(Xz'a Yik; 60) Prob(Style 1) = pii = Prob(Style 2) =g Prob(Style 3) = i3




Training StyleSeg

X
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Training StyleSeg
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Dice(Yir, Vi) = 0.90  Dice(Yi, Yia) = 0.8 Dice(Yy, Yi3) = 0.96

X
Segmentation
:> Model :>
fs(Xi; 05)
X27 sz

Style Classifier

—>| Modd | 10120 0.05 0.75

fc(Xz'a Yik; 60) Prob(Style 1) = pii = Prob(Style 2) =g Prob(Style 3) = i3

AN

m* = arg max; Dice(Yj;, Yi;) = 3

AN

Ly = Lp(Yi, Yis)



Training StyleSeg

Style 1 Style 2 Style 3
Dice(Yir, Vi) = 0.90  Dice(Yi, Yia) = 0.8 Dice(Yy, Yi3) = 0.96
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StyleSeg Outputs Adapt to Variability in Lesion Content
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High-contrast
lesion has high
agreement across
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ISIC 0003599 ISIC_0014337 ISIC_0003726

High-contrast Instances of under- Different boundary
lesion has high and over- jaggedness across
agreement across segmentation segmentations
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StyleSeg Outputs Adapt to Variability in Lesion Content

ISIC 0003599 ISIC_0014337 ISIC_0003726 ISIC_0014831

High-contrast Instances of under- Different boundary  Ambiguous boundary
lesion has high and over- jaggedness across causes segmentation
agreement across segmentation segmentations masks to split

styles
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Semantic
Consistency
of Styles
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Competing Methods

SSeg methods

NaiveTraining

SLS model without any annotator-specific knowledge.

RandAnnotID!?!

4 SLS models, one optimized for each annotator randomly assigned to a
mask.

LesslsMorel®!

SLS model trained on a subset of the masks whose average pairwise
Cohen’s kappa = 0.5.

D-LEMA/Z

Ensemble of Bayesian SLS models.
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Competing Methods

SSeg methods

NaiveTraining @ SLS model without any annotator-specific knowledge.

RandAnnotID?! | 4 SLS models, one optimized for each annotator randomly assigned to a
mask.

LesslsMorel® | SLS model trained on a subset of the masks whose average pairwise
Cohen’s kappa = 0.5.

D-LEMAI“ Ensemble of Bayesian SLS models.

MSeg methods

MHP Multi-hypothesis prediction model, repurposed for SLS.
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Quantitative Results

ISIC Archive-Test (n = 10,000) DermoFit (n = 1,300)

Method e | e , Results on 4 datasets:
Min. Dice Max. Dice Min. Dice Max. Dice
Naivelraining 0.800 0.842 ® |S|C Archive-Test (n — 1 OOOO)
RandAnnotID — 0.826
LessIsMore 0.815 0.854 e DermoFit (n=1300)
D-LEMA — 0.853 ® PHZ (n — 200)
2-MHP 0.727 0.864 0.707 0.882 ° SCD (n — 206)
2-StyleSeg 0.760 0.869 0.759 0.888
- 3MHP | 0.652 0876 | 0562 0.888
3-StyleSeg 0.713 0.881 0.720 0.897
4MHP | 0.623 0.88 | 0.636 0.904
4-StyleSeg 0.693 0.889 0.681 0.907
- 6MHP | 0121 0.8%6 | 0.428 0.900
6-StyleSeg 0.648 0.889 0.651 0.911
- 8MHP | 0.099 0.806 | 0.309 0.908
8-StyleSeg 0.595 0.899 0.632 0.910
- 0MHP | 0281 0.804 | 0.181 0.906
10-StyleSeg 0.603 0.899 0.579 0.918 48




Learning Multiple Styles Is Always Better

ISIC Archive-Test (n = 10,000)

DermoFit (n = 1,300)

Method e | e , Learning to predict more than 1
Min. Dice Max. Dice Min. Dice Max. Dice
Naive Caniniig 0.300 0,812 style (MiSeg methods), even
RandAnnotID - 0.826 learning to predict 2 styles,
LessIsMore 0.815 0.854
D.LEMA ) " consistently outperforms SSeg
2-MHP 0.727 0.864 0.707 0.832 methods.
2-StyleSeg 0.760 0.869 0.759 0.888
- 3MHP | 0.652 0876 | 0.562 0.888
3-StyleSeg 0.713 0.881 0.720 0.897
4MHP | 0.623 0.886 | 0.636 0.904
4-StyleSeg 0.693 0.889 0.681 0.907
~ 6MHP | 0.121 0.886 | 0.428 0.900
6-StyleSeg 0.648 0.889 0.651 0.911
~ &MHP | 0.099 0896 | 0.309 0.908
8-StyleSeg 0.595 0.899 0.632 0.910
~ 10-MHP | 0281 0.894 | 0.181 0.906
10-StyleSeg 0.603 0.899 0.579 0.918 49




Diversity Increases As More Styles are Learned

ISIC Archive-Test (n = 10,000)

DermoFit (n = 1,300)

Method
Min. Dice Max. Dice Min. Dice Max. Dice

NaiveTraining 0.800 0.842
RandAnnotID - 0.826
LessIsMore 0.815 0.854

D-LEMA - 0.853

2-MHP 0.727 0.864 0.707 0.882
_Zotyledeg | Grol . 10869 | 0759 | 0888 |

3-MHP 0.652 0.876 0.562 0.888
_SotyleSeg | 071 | IEESH 0720 | 0897 |

4-MHP 0.623 0.886 0.636 0.904
4-StyleSeg 0.693 | 0.889 | 0.681 | 0.907 |
- 6MHP | 0121 0.886 | 0.428 0.900
6-StyleSeg 0.648 | 0.889 | 0.651 | 0.911 |
- &MHP | 0.099 0.896 | 0.309 0.908
8-StyleSeg 0.595 | 0.899 | 0.632 | 0.910 |
© 10-MHP | 0281 0894 | 0.181 0.906
10-StyleSeg 0.603 | 0899 | 0.579 | 0.918 |

As M increases, a larger
number of diverse
segmentations are generated,
and the max. Dice keeps
iImproving.
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StyleSeg Outperforms MHP

ISIC Archive-Test (n = 10,000)

DermoVFit (n = 1, 300)

Method
Min. Dice Max. Dice Min. Dice Max. Dice

NaiveTraining 0.800 0.842
RandAnnotID - 0.826
LessIsMore 0.815 0.854

D-LEMA - 0.853

2-MHP 0.727 — (.864 0.707  —» 0.882
_Zotyledeg | Grol . 10869 | 0759 | 0888 |

3-MHP 0.652 0.876 0.562 0.888
SityleSeg | 0713 | IESTH D 0720 | 0.897 |

A-MHP 0.623 0.886 0.636 0.904
4-StyleSeg 0.693 | 0.889 | 0.681 | 0.907 |
- 6MHP | 0121 0.886 | 0.428 0.900
6-StyleSeg 0.648 | 0.889 | 0.651 | 0.911 |
~ &MHP | 0.099 0.896 | 0.309 0.908
8-StyleSeg 0.595 | 0.899 | 0.632 | 0.910 |
© 10-MHP | 0281 0894 | 0.181 0.906
10-StyleSeg 0.603 | 0899 | 0.579 | 0.918 |

StyleSeqg consistently
outperforms MHP for all values
of M and for all datasets.
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StyleSeg Outputs Are More Plausible

ISIC Archive-Test (n = 10,000)

DermoVFit (n = 1, 300)

Method
Min. Dice Max. Dice Min. Dice Max. Dice

NaiveTraining 0.800 0.842
RandAnnotID - 0.826
LessIsMore 0.815 0.854
D-LEMA - 0.853

2-MHP 0.727 0.864 0.707 0.882
 2StyleSeg | | 0760 | st [ 0759 | 0888

3-MHP 0.652 0.876 0.562 0.888
3StyleSeg | | 0718 | 0881 | [ 0720 | 0897

A-MHP 0.623 0.886 0.636 0.904
4-StyleSeg | | 0.693 | 0.889 | 0.681 | 0.907
~ 6MHP | 0121 0.886 | 0.428 0.900
6-StyleSeg | | 0.648 | 0.889 | 0.651 | 0.911
~ &MHP 0099 0896 0309 0.908
8-StyleSeg | | 0.595 | 0.899 | 0.632 | 0.910
~ 10-MHP  |»0281 0894 0181 0.906
10-StyleSeg | | 0.603 ] 0.899 | 0.579 | 0.918

StyleSeqg consistently
outperforms MHP for all values
of M and for all datasets.

Moreover, as M increases, all
StyleSeqg outputs remain
reasonably plausible, whereas
MHP outputs exhibit diversity
at the cost of plausibility.
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Performance Improves Even on Single Annot. Datasets

ISIC Archive-Test (n = 10,000)

| DermoFit (n =1, 300)'

Method
Min. Dice Max. Dice Min. Dice Max. Dice
Naivelraining 0.800 0.842
RandAnnotID — 0.826
LessIsMore 0.815 0.854
D-LEMA - 0.853
2-MHP 0.727 0.864 0.707 0.882
2-StyleSeg 0.760 0.869 0.759 0.888
- 3MHP | 0.652 0876 | 0562 0.888
3-StyleSeg 0.713 0.881 0.720 0.897
~ 4MHP | 0.623 0.8%6 | 0.636 0.904
4-StyleSeg 0.693 0.889 0.681 0.907
- 6MHP | 0121 0.8%6 | 0.428 0.900
0-StyleSeg 0.648 0.889 0.651 0.911
~&MHP | 0.099 0896 | 0.300 0.908
8-StyleSeg 0.995 0.899 0.632 0.910
~10-MHP | 0281 0894 | 0.181 0.906
10-StyleSeg 0.603 0.899 0.579 0.918

Even for datasets without
documented variabllity In
segmentations, learning to
predict multiple styles is
helpful.
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Performance Improves Even on Single Annot. Datasets

Method IS.IC Afrchive-Test (n :.10, 000) D.ermo.Fit (m =1, 30(?) Even for datasets without
Min. Dice Max. Dice Min. Dice Max. Dice .
NaiveTraining 0.800 0.842 dOCU mented va rlablllty N
el - 0.826 segmentations, learning to
LessIsMore 0.815 0.854 _ _ )
D.LEMA ) 0.953 predict multiple styles is
2 MHP 0.727 0.864 0.707 0.882 helpful.
2-StyleSeg 0.760 0.869 0.759 0.888
~ 3MHP | 0.652 0.876 | 0.562 0.888
3-StyleSeg 0.713 0.881 0.720 0.897
- 4MHP | 0.623 0.886 | 0.636 0.904
4-StyleSeg 0.693 0.889 0.681 0.907
- 6-MHP | 0121 0.886 | 0.428 0.900
6-StyleSeg 0.648 0.889 0.651 0.911
- §MHP | 0.099 0.806 | 0.309 0.908
8-StyleSeg 0.595 0.899 0.632 0.910
©10-MHP | 0281 0.804 | 0.181 0.906
10-StyleSeg 0.603 0.899 0.579 0.918




A New Multi-Annotator SLS Dataset: |ISIC-MultiAnnot

The largest multi-annotator SLS dataset curated from the |SIC Archive.
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A New Multi-Annotator SLS Dataset: |ISIC-MultiAnnot

The largest multi-annotator SLS dataset curated from the |SIC Archive.
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A New Multi-Annotator SLS Dataset: |ISIC-MultiAnnot

The largest multi-annotator SLS dataset curated from the |SIC Archive.

10 anonymized
12,951 images annotators
“AOO!! — “Aogu

2 skill levels
“expert”, “novice”

a 13,555 image-mask
pairs
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A New Multi-Annotator SLS Dataset: |ISIC-MultiAnnot
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Quantitative Results on ISIC-MultiAnnot

Annotator | Tool Seg. 1-StyleSeg 2-StyleSeg 3-StyleSeg 4-StyleSeg
- Experience Count Dicersss Dicersss ~ Diceasss T Dicersss ~ Diceasss 4 Dicersss ~ Diceasss J
A00+T2+E 1573 0.8920.0s9 0.9230.061 : 0.9130.057 2 0.9440.049 : 0.9130.106 3 0.9440.044 : 0.9140.11+ 1
CAQLTN 105 | OTiGowe | OT6losss | 0Toms 2 | 079%ar | 0MTess 3 | 07000sw | 0Tow 3
A01+T1+N 6 0.5590.362 0.7660.152 | 0.7660.152 1 0.7540.1232 ' 0.7410.125 2 0.8190.106 ' 0.7670.115 2
A01+T3+E 297 0.9000.104 0.9150.093 : 0.8970.107 2 0.9270.075 : 0.9000.097 1 0.9310.067 : 0.9040.090 3
A01+T3+N 2148 0.8290.185 0.8570.67 |, 0.8170.170 1 0.8690.159 , 0.8360.17 1 0.8760.4s | 0.8360.175 3
 AO+TI+E 1742 | 08440177 | 08800140 ' 08560150 1 | 08860152 | 0.8540us0 1 | 0895012 | 0.85%0us 4
A02+T3+E 468 0.8560.172 0.8890.167 1 0.8830.175 2 0.8990.16: 1 0.8740.1ss 3 0.9030.246 1 0.8900.160 1
 AO3+TI+E 1622 | 0iBomesr | 0885nmg 1 082Texsr 1 | 0:B8540ass 1 082%oass 2 | 088lguss 1 08280 4
CAWITHE 20 | 089oue | 09120me | 0876 2 | 0S2oow | 0868 1| 9% | O08Thows 3
A04+T1+E 992 0.8500.158 0.8800.123: ' 0.8600.149 1 0.8880.1232 | 0.8660.153 2 0.9060.108 !  0.8560.157 4
A04+-T1+N 61 0.7600.242 0.8400.152 : 0.8230.164 1 0.8370.162 : 0.7860.201 1 0.8270.206 : 0.7890.226 4
A04+T3+E 913 0.9120.0ss 0.9390.054 : 0.9340.065 2 0.9480.047 : 0.9260.069 1 0.9510.045 : 0.9320.063 9
CAOUTHN 90 | 08Thw | 000w | 0050re 2 | 092w | 0o 3| 0820w | 0SWews L
A05+T1+E T2 0.8150.20s3 0.8620.165 1 0.8370.179 1 0.8730.162 | 0.8270.184 1 0.8820.1247 1 0.8410.177 4
A05 1 T3+E 742 0.8750.129 0.9030.100 | 0.8910.115 2 0.9160.00s | 0.8780.120 1 0.9190.001 | 0.8910.105 1
 A06+TI+E 10 | 0824oasy | 09020057 | 08850000 1 | 0.909.05 | 0889005 2 | 0.909.03 | 0.88000s 4
A06+T3+E 24 0.8620.079 0.9160.055 ! 0.9160.053 2 0.9340.03: ' 0.9230.03: 3 0.9330.04: ' 0.9290.040 1
AOTHTLHE 67 | 0820017 | 08770z 1 086Tosse L | 08900105 1 0862007 2 | 089Terer 1 08620150 4
AO7+T1+N 251 0.8370.141 0.8920.0s5 | 0.8790.104 1 0.9030.067 | 0.8750.114 2 0.9050.070 | 0.8730.101 4
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Improved diversity without compromising quality: for all M = 2, choosing
a single style that, for each annotator preference, maximizes agreement with

the “ground truth” still outperforms 1-StyleSeg.
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. Improved diversity without compromising quality: for all M = 2, choosing
a single style that, for each annotator preference, maximizes agreement with

the “ground truth” still outperforms 1-StyleSeg.

Personalization in segmentation: each user can choose their own style.



Annotator + Tool 1-StyleSe 2-StyleSeg Sty -StyleSeg

Experienc Count Diceisss _ Diceasss  J | Dicass Diccasss  J | Dicosss  Dicosss  J

A0T24E 1573 09200 | 091300 2 | 098oss | 0903uwe 3 | 09Mess | 09eis 1

076losos | 07oses 2 | 0.7030mr 3 6050 3

- T 0766050 17| om0 T

AOLHT3HE 207 09000100 | 0915000 2 | 09200 090400 3

AOLIT34N 218 | 0820 | 0857 1| 0860 083, 3

ARITIHE 712 [ 084 | 088000 17| 0886000 e 0800 4

085890107 2 | 08990 o | 08000 1

07780108 | 08850ui7 1] 08ston: Lo s

09120000 2 3

7777777 i T

1 1

] 2 3
0905000 2 | 09200 .

u 0.8370 |~ 087300 1
1

| - I T
1

| | - T T 08900 10 T
09030007 P

09380000 09390020 1

09180001 1

" 0750000 T

06680107 2

T 08410 ! T

09270000 1 Toom w 3

09180mse | 09180mms w3

080100 | 091Lome 1 091Lsome 0.940050 w1

. Improved diversity without compromising quality: for all M = 2, choosing
a single style that, for each annotator preference, maximizes agreement with
the “ground truth” still outperforms 1-StyleSeg.

2. Performance improves as M increases.



ISIC-MultiAnnot Results: Key Takeaways

1. Improved diversity without compromising quality: for all M = 2, choosing
a single style that, for each annotator preference, maximizes agreement with
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2. Performance improves as M increases.

Annotator AQOO Annotator AQO1 Annotator AQ2 Annotator AO3 Annotator AQ4
) 0.9 __._.______.____.‘——-——. .__‘__-____.______.__.__‘ .__.__._ — —S———— Y '—_'—_.’_'—___"_. .__.__..._-—0-———'.—__‘
GC) 0.8 |
c o
g 5 0=0.87 0=0.88 0=0.87 0=0.88 0=0.91
)
= Annotator AO5 Annotator AO6 Annotator AO7 Annotator AO8 Annotator AO9
()
1 o .__‘_A_——o—-——‘—"’ ‘—‘—_‘_—_—.———.———. oty . —r M
4(7; ®
g 0.8 T 4

0=0.85 0=0.92 0=0.79 2 0=0.87 0=0.85

0.7 e

2
M M M M M 65
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. Improved diversity without compromising quality: for all M = 2, choosing
a single style that, for each annotator preference, maximizes agreement with
the “ground truth” still outperforms 1-StyleSeg.

2. Performance improves as M increases.

3. Ability to learn tool-specific latent factors: Without specifically training for

it, a 3-StyleSeg model is able to choose a unique style for each of the three
tOOIS “T1”, “T2”, “T3” .



Quantifying Annotator-Style Alignment: A New Measure

If we model 3 styles, the best style can
be the one that

- best matches 100% of images
(perfect alignment), or

- best matches, say, 34% of images
(weak alignment).
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If we model 3 styles, the best style can
be the one that

- best matches 100% of images
(perfect alignment), or
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Quantifying Annotator-Style Alignment: A New Measure

If we model 3 styles, the best style can
be the one that

- best matches 100% of images
(perfect alignment), or

- best matches, say, 34% of images
(weak alignment).

How do we quantify this annotator-style
alignment strength”

M
AS2Z — 1 — S:i—l qi logs q;
B M 1150 L
1=\ M g9 M

q9,=02,q9,=0.7,q9,=0.1

q=1[0.2,0.7,0.1] = AS* = 0.27.
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Quantifying Annotator-Style Alignment

AS?
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Modeling more styles captures

more diversity and is not
detrimental to segmentation
quality.
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Conclusion

e Formulated the problem of segmentation style discovery, and showed that
StyleSeg discovers styles that are plausible, diverse, and semantically
consistent.
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e The largest multi-annotator SLS dataset (> 13.5k image-mask pairs) with
annotator correspondence curated from the ISIC Archive.
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Conclusion

e Formulated the problem of segmentation style discovery, and showed that
StyleSeg discovers styles that are plausible, diverse, and semantically
consistent.

e The largest multi-annotator SLS dataset (> 13.5k image-mask pairs) with
annotator correspondence curated from the ISIC Archive.

e A new measure for quantifying the strength of alignment between
annotators’ preferences and styles.

e Future work may look at approaches to finding the optimal number of

styles in a segmentation dataset.
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