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Raw Data vs. Curated Data

raw data

Denoising

- collected automatically
- big data sets
- task-unspecific

unsupervised learning

Registration Annotation/labeling

Feature extraction
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curated data

uses human expertise
small data sets
task-specific

supervised learning



Inferring Regulatory Networks
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Inferring Regulatory Networks
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Inferring Regulatory Networks NBIFOLD
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Our Unsupervised ML/XAI Approach N\ BIFOLD

Step 1: Unsupervised learning emeesion
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Inferring Regulatory Networks with XAl “NBIFOLD

our approach

xxxxxxxxxxx

AAAAA

4 - .;;V‘.“ £ ; B7. - =

X \ e ki £ 3 pY 3
o i = AHT,

& o / =, \ f:‘ o
e 3 o ey x
&/ ‘.\4‘ : A
cluster aggregation

Cluster 4 Cluster 6 Cluster 7 Cluster 4

(mostly GBM) (THCA) (THCA)

(mostly LGG)
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Among the 100 strongest median interactions (out of 10,731) uncovered by our ML/XAl approach,
56 interactions were described in the Reactome database.

In comparison, GENIE3, one of the state-of-the-art methods for network prediction, captured 42

Reactome interactions with its highest 100 predictions.
NPJ Precis Oncol. 6(1):35, 2022
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From Unsupervised Learning to Medical Foundation Models
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What Makes Two Images Similar?

(x,x") = Zldzl X x| =)  attributable to input features
(Wx, Wx') = Z?zl Z?:l WiTijixf =)  attributable to pairs of input features
(P(x), P(x")) =7 =) specialized approach needed
BiLRP (Bilinear LRP) Input Step 2 Step 3 Explanation
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IEEE TPAMI. 44(3): 1149-1161, 2022
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Nat. Mach. Intell. 7:412—422, 2025
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Effect on Downstream Tasks _NBIFOLD

Downstream task (covid vs. hon-covid)
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Nat. Mach. Intell. 7:412—422, 2025



Summary
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Raw data is available in abundance, not
tampered by humans with a specific task in
mind (more suitable for scientific exploration).
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Unsupervised models may amplify/suppress
features we do not expect. Explainable Al can
be used to detect these flaws.
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