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Two Distinct Uses of XAI

1. XAI for ML Auditing
• Object of interest is the ML 

model. XAI is the tool.

2. Understanding
• Object of interest is the natural 

system or process. ML/XAI are 
the tools.

data

model

insight



Examples of Systems of Interest

biology

annotator

benign /
malignant



Hypothesis on Causal Features

causal feature

confounder

outcome



Empirical Evidence

horse
annotation

pre-2012

• limited data
• simple models
• weak correlates
• less generality

post-2012

• big data
• complex models
• strong correlates
• more generality

Lapuschkin et al. CVPR’16



Empirical Evidence

2012

• limited data
• simple models
• weak correlates
• less generality

2014

• big data
• complex models
• strong correlates
• more generality

cat
annotation

Montavon et al. Pattern Recognition (2017)



Deconfounding Methods

human 
inspection +
pruning

disentangled relevant 
subspace analysis (DRSA)

Chormai et al. IEEE TPAMI (2024)



Deconfounding Methods

Bender et al. arXiv’25



Trends in AI for Medicine

• Large datasets publicly available.
• State-of-the-art ML architectures (e.g. transformers, 

Mamba, etc.) being applied.
• Methods to detect/remove confounders being developed.



Pan-Cancer XAI Analysis

Keyl et al. Nature Cancer (2025)



Pan-Cancer XAI Analysis

Keyl et al. Nature Cancer (2025)



Pan-Cancer XAI Analysis

Pan-cancer increases data 
and benefits from statistical 
regularities across cancers.Keyl et al. Nature Cancer (2025)



Pan-Cancer XAI Analysis

Deconfounding 
through
• High accuracy 

(large datasets + 
nonlinear model)

• Early stopping + 
input dropout

Keyl et al. Nature Cancer (2025)



Inferring Regulatory Networks

Part II



Keyl et al. NPJ Precis Oncol 2022; Nucleic Acids Res 2023

Inferring Regulatory Networks

classical correlations
not suitable

subject-specificorgan-specific

desiderata

related?



Inferring Regulatory Networks

Unsupervised learning 
approach

Keyl et al. NPJ Precis Oncol 2022; Nucleic Acids Res 2023

related?



Step 1: Unsupervised learning

Unsupervised ML/XAI Approach

Step 2: Explainable AI

LRP (layer-wise relevance propagation)

Keyl et al. NPJ Precis Oncol 2022; Nucleic Acids Res 2023



our approach

Inferring Regulatory Networks

⚫ Among the 100 strongest median interactions (out of 10,731) uncovered 
by our ML/XAI 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.

full aggregation

cluster aggregation

Keyl et al. NPJ Precis Oncol 2022



Input-Uncertainty Associations

Part III



Storm Sabine

Storm Sabine
9-11 Feb 2020

• High volatility in electricity prices observed.
• What are the factors that drive price volatility?
• How can we model volatility?



𝑥 ↦ 𝑉𝑎𝑟{𝑦1, … , 𝑦𝑀}

Ensemble-based ML model

Volatility as Uncertainty

Advantages:
✓ Positive-constrained
✓ Prior encoded that uncertainty should 

increase in unknown situations. 

input

ou
tp

ut
s

Bley et al. Pattern Recognition 2025
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Explaining Uncertainty

Application to uncertainty

Explanations of sums

can be attributed 
to pairs of 
features

Bley et al. Pattern Recognition 2025



Explaining Uncertainty

ℰ 𝑦𝑚𝑦𝑚’; 𝑥𝑥⊤  = ℰ 𝑦𝑚; 𝑥 ⊗ ℰ 𝑦𝑚’; 𝑥

ℰ 𝑠2; 𝑥𝑥⊤ = Cov𝑚 ℰ 𝑦𝑚; 𝑥

Explanation of products

Application to uncertainty

Bley et al. Pattern Recognition 2025



Evaluating Explanation Fidelity

Dropping interaction terms improves explanation robustness.

ℰ 𝑠2 = Cov𝑚 ℰ 𝑦𝑚 𝑥ℰ 𝑠2 = Var𝑚 ℰ 𝑦𝑚 𝑥

Bley et al. Pattern Recognition 2025



Explaining Uncertainty: Recap

Bley et al. Pattern Recognition 2025



Storm Sabine

Storm Sabine
9-11 Feb 2020

Bley et al. Pattern Recognition 2025



Storm Sabine

Bley et al. Pattern Recognition 2025

𝑥3 − 𝑥2

is the
“residual 
demand”



Storm Sabine

Bley et al. Pattern Recognition 2025

• low residual demand is a clear driver of price uncertainty.
• price uncertainty might further increase due to the growing share of renewables. 



Summary



Summary

• With a lot of data, powerful ML models, and with the 
additional help of deconfounding techniques, many 
confounding effects can be avoided.

• Recent deep neural networks provide evidence for increased 
focus on causal features, making observational studies 
increasingly attractive.

• XAI can adapt to a wide range of ML models and tasks 
beyond classification (e.g. explaining uncertainty 
predictions).
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