(N

=
4 7
RSNA2024

JOHNS HOPKINS

UNIVERSITY

o0
ISTITUTO ITALIANO Building Infelligent Connecfions
DITECNOLOGIA Technical Exhibits: Dec. I-4

Touchstone Benchmark:
Are we on the right way for evaluating
medical segmentation?

Pedro R. A. S. Bassi

Johns Hopkins University

University of Bologna
Italian Institute of Technology
E: psalvad2@jh.edu



Touchstone ldeals for Al evaluation:
e External (OOD) evaluation
e Large testset
e Analysis by age, sex, race,
diagnosis, and more
Al inventors’ participation
Long-term commitment
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Table 1: Related benchmarks & our innovations. We compare Touchstone with influential CT
segmentation benchmarks in light of the five contributions presented in the introduction.
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Abstract

How can we test Al performance? This question seems trivial, but it isn’t. Standard
benchmarks often have problems such as in-distribution and small-size test sets,
oversimplified metrics, unfair comparisons, and short-term outcome pressure. As
a consequence, good performance on standard benchmarks does not guarantee
success in real-world scenarios. To address these problems, we present Touchstone,



Table 2:  External validation on proprietary JHH dataset (N=5,160). Performance is given

as DSC score (mean+s.d.). For each class, we bold the best-performing results and highlight the
Resu lts runners-up, which show no significant difference from the best results at p = 0.05 level, in red.
Architectures are grouped by their frameworks and sorted in ascending order based on the number of
parameters. CNNs based on the nnU-Net framework have the best performance on most classes, but
other models excel at specific structures (e.g., the graph neural network-based NeXToU for aorta, and
the diffusion-based Diff-UNet for kidneys). The NSD results are reported in Appendix Table 9.
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' These archizectures were pre-trained (Appesdix B 3).
* These architectures were trained on Abd Athas 1.0 with coh d label qualicy for the aorta and kidney classes (discussed in §4)




Table 3: Validation on TotalSegmentator (/N=743). Performances given as DSC score (mean+s.d.).
Results For each class, we bold the best-performing results and highlight the runners-up, which show no

significant difference from the best results at p = 0.05 level, in red. To ease the direct i

with other literature, we also reported the official test set performance in Appendix Tables 11-12.
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T These architectures wese pre-trained (Appendic B 3).
'N&-M(Mu—mhﬁﬂu the samc meaning as the class postcava in other datasets (e g, AbdomenAtias 1.0 and JHH).
* These archatoctures were trained on Abd Atlas 1.0 with enh d label quality for the sorts sad kidacy classes (Sacumcd in §4).
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Test Set Size is Key
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Conclusions

oD E

OOD evaluation: Al performance varies significantly across OOD datasets
Large test datasets: more meaningful rankings and nuanced analysis
Per-organ analysis revealed Al strengths obscured by mean results

Per-group analysis revealed Al biases

With creator invitation and third-party evaluation, we establish a fair reference
point for future Al algorithms

Touchstone 2.0 is accepting submissions, now with 9K+ CTs
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