How good is good enough?

What measurements and methods are useful in various

clinical imaging contexts, and how to evaluate imaging
algorithm performance

De céta precizie e nevoie?
Masuratori si metode utile in context medical, si posibilitati de
evaluare a algoritmilor de imagistica medicala

Abordari orientate catre om pentru Inteligenta Artificiala de incredere
SMART DIASPORA, Timigoara 2023
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Who we are and what we do

Clinical decision support through:

e semantic segmentation
e 3D reconstruction
e oObjective anatomical measurements
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Deterministic methods SCIENCE m

A 2D image can be viewed like a 3D terrain map How good is

good enough?
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An nD image can be viewed like an (n+1)D terrainmap, n=1,2,3, ...
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Deterministic methods — kidney segmentation o m
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The volumetric calculation correlates with the clinical
kidney function test after partial resection
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Machine learning for segmentation: fully supervised SCIENCE m

Conventional annotated data: fully supervised learning
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e plentiful
e reliably annotated
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Machine learning for segmentation: partial labels
e Semi-supervised (cross-pseudo-supervision,
multi-view learning, etc.)
As little as 2% of the data is annotated

e Imprecise annotation (noise-robust Iearmng

b} GT mask fe} Erosinn i} Dilation (e} Elustic transform () Predicted result

{ap Raw image

o Weakly supervised (scribble supervision)

Tmage Dense annotation Scribble annotation Categories
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Landmarks
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Do we always need near-prefect segmentation?

11 After T
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Distance, angle or alignment measurements SCIENCE m

The clinical problem should dictate what we measure How good is

good enough?

ADBTL Generated Segmentation

ADBTL Ground Truth
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Classification (screening) task need not measure pixels
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Landmarks ClENCE m

SCIENCE

Landmarks lead to angles and distances
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Landmark detection can incorporate a measure of
uncertainty
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Robustness
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COMPUTER
Accuracy SCIENCE m

__TP+TN @+ _
ACCUIACY = T TN FPFAN = @v o+ 1D B
Irina Voiculescu
Oxford
Medimaging
FP FN Segmentation

Deterministic
ML supervised
ML supervised

TN Landmarks
. ‘ s Robustness
People like to hear ‘99% accuracy
. Boundary match
No more relevant than other metrics Iner—operator

Conclusion

Easy to achieve if the feature is small relative to the
overall image size
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Evaluation measures (full dense masks)

Pipeline: humans draw contours, turn those into masks,
generate other masks automatically, and then measure
overlap or difference

. . . . « e 2)(0 Dlmage
Dice similarity coefficient (DSC) ————
y ( ) + Ecroun.dTrulh
Jaccard similarity coefficient (JSC @ s
true positive vol fract (recall, TPVF) %

D

true negative vol fract (TNVF)

precision (Prec) L 1 ( FN
® NN

TN
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i COMPUTER
Distance measures SCIENCE m

¢ Distance between two (point) landmarks How good is
. . good enough?
¢ Distance between landmark one-hot-points irina Voiculescu
e Distance between contours oxions
Medimaging
Segmentation
_ _ _ oy
Define dist(x, A) as minimum of dist(x, y) where y € A S
Landmarks
. . Robustness
maximum symmetric surface ooy
distance (Hausdorff, HD) Sy

Conclusion

average symmetric surface
distance (ASSD)
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Is this metric suitable? SCIENCE m

Ask yourself: are there other more relevant metrics? How good is

good enough?

Popular evaluation measures based on region overlap or ina Voloulesc

boundary distance
Oxford

e Medimaging
e mostly sensitive to one or another type of S .
egmentation

segmentation error (size, location, shape)

ML supervised
e as a result, produce contradicting rankings of Mz
segmentation results
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COMPUTER
Boundary overlap SCIENCE n

Alternative: boundary match

How good is
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Symmetric Boundary Dice (SBD): Dice similarity
coefficient in a small neighbourhood Ny of each point x,

x on first region boundary or second region MeGmaging
boundary Segmentation
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Image
77 Ground Truth
[ Machine Segmented

65% is a pretty good match but people don't like it... e —



SCIENCE

COMPUTER
Boundary overlap example m

Mean results from one of our segmentation algorithms

How good is
Dice  Acc Pre Rec/Sen Spe SBD good enough?
0.932 0.995 0.934 0.930 0.997 0.657 Irina Voiculescu
Oxford
Medimaging
Segmentation
Deterministic
ML supervised
ML supervised
Raw Image
. . . . . . . . LEEIEE
- - - - - - . - =
" Accuracy
TnsegNEt Metrics
Inter—operator
Conclusion

Machine segmentation against ground truth
yellow=TP, green=FN, red=FP, black=TN

SMART DIASPORA 2023 19



Robustness

What other ‘ingredients’ could make this work robust?

Inter—operator and intra—operator variability

Diee Similarity
Coefficient (DEC) Aceuracy tv Sp

Hegmentation Average sD Average sD Average B0 Average 5D
Manual vs. semi-automated 0.8803 0.0211 09886 0.03156 0.9418 0.0232 0.9984 0.001L3
Semi d v, Bemi d

Intra-ohserver 09726 0.0093 0.9997 00009 0.9508 0.0183 0.9996 0.0003

Inter-ohserver 09554 00231 0.9991 0.0004 0.900% 00551 0.9998 L0003
Manual va. manual

Intra-ohserver 0.0410 0.0142 0.9992 0.000L 0.9796 0.0115 0.9993 0.0001

Inter-nheerver 0.9036 0.0141 0.9987 0.0002 0966 0.0204 0.9980 0.0002

Is machine result within the difference between humans?
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Conclusion
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Conclusion

Robust clinical Al applications need

intuitive visualisation
appropriate evaluation
measure of (un)certainty
explainability
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