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Quantitatives Testen von Kl im Medizinbereich
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Vertrauenswurdigkeit per Design

compaosition is
"trustworthy
Al by design"
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Qualitatssicherung des Systems durch
Qualitatssicherung der Komponenten




Das METRIC-framework
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Systematic Review von ~5400
Artikeln (120 included)
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* Grundlage fur systematische

Evaluierung von Qualitat von
medizinischen Daten fur z.B.:

* Referenzdatensatze
* Design von Testdatensatzen

* Validierung von
Trainingsdatensatzen

© D. Schwabe, K. Becker, M. Seyferth, A. KlaB, T. Schafter. The METRIC-

framework for assessing data quality for trustworthy Al in medicine: a

systematic review. npj Digit. Med. 7, 203 (2024)



Al Act Mapping

Al Act Article 10, Paragraph 3,
fordert:

»...data sets shall be...*:
e relevant®
e ,sufficiently representative®

* ,tothe best extent possible,
free of errors”




Von der Theorie in die Praxi

Concordance Correlation Coefficient
Synonyms: Lin “s Concordance Correlation Coefficient
Use in METRIC-framework

i (2pa,0,)
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with p being the Pearson’s correlation coefficient between two variables,

1 the means and o2 the vari; for the two xand y.
A statistical metric for the between two methods
s sbility and | oot

Value Range: |-1,1] 1
A value of +1 indicates a perfect positive agr 0 no es

and -1 a perfect negative agreement. (Altman, 199C; Akoglu, 2018; Fahrmeir et al.,
For interpreting different scales, the following references could be used: 2016; Lin LI., 1989)

Altman, 1990;

Landis & Koch, 1977.

Example
Evaluating the consistency between two radiologists in as-
signing tumor stage labels based on MRI scans.

Inter-rater variability may occur when radiologist A assigns
stage T2 (encoded as 2.0), while radiologist B assigns stage
T3 (encoded as 3.0) for the same lesion. This leads to noisy
labels, e g. important in training data for Al models.
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Von der Theorie in die Praxis
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