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Explain Automated Decisions

● The abundance of data offers many opportunities for technological innovations and for 
improved decision making in science, industry, daily life 

● New challenges and dilemmas related to the way in which data-driven technologies are 
embedded in our society  

● Critical decision making in high-stakes domains requires to ensure that relevant 
stakeholders are able to understand why a data-driven algorithm has come up to a certain 
result 

▪ Such an understanding helps determine if, when, and how much to rely on the 
automated decisions generated by data intensive systems 2

? ?



Classification of AI Systems Risk

3

https://gdprlocal.com/ai-risk-classification/ EU AI ACT Regulation Legislation

https://gdprlocal.com/ai-risk-classification/


Individual’s Rights under EU GDPR
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https://www.universityofgalway.ie/itsecurity/gdpr/
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Explainability

beneficence,  
non-maleficence,  
autonomy,  
and fair

Accountable

Resilience to 
malicious use

EU Guidelines for Trustworthy AI

Reliable
& 

https://ec.europa.eu/digital-single-market/en/news/draft-ethics-guidelines-trustworthy-ai

“how does it work?” 

“who is responsible for?”



Alternative Explanation Perspectives

6

Model parameters 
(e.g., learned 
weights)

Model output 
(e.g., outcomes)

Training Algorithm

Importance, 
Interaction

[C. Lipton 2016, Lepri et al. 2017, B. Mittelstadt et al. 2019, D. Weld, G. Bansal 2019]
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Understand the data better
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Understand the model better

Understand the data better

Understand user cognitive capacity & domain knowledge better



XAIDATA School Objectives
● The XAIDA Spring School aims to familiarize participants of different scientific backgrounds 

with the core concepts and methods in the emerging field of eXplainable Artificial 
Intelligence (XAI) 

● We will understand explainability from alternative perspectives:  
▪ Different Families of Methods 

✓ Feature vs Data Attribution, Local vs Global, Associative vs Causal 
▪ Different Processing/Modeling Tasks 

✓ Classification, Regression/Forecasting, Query Answering, Retrieval Augmented 
and Concept-based  Generation 

▪ Different Data Modalities 
✓ Tabular Data, Images, Time Series, Graphs 

▪ Different Evaluation Techniques 
✓ Quantitative, Qualitative 

▪ Different Domains 
✓ Healthcare, Predictive Maintenance, Material Science, etc.
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XAIDATA Program
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XAIDATA Program
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XAIDATA Participant Statistics
• 53 applications • 32 accepted
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