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Benchmark calculations 
[e.g., CCSD(T)]

Excessive 
computational cost (n7)

Reliable calculations for 
molecules and materials

Computational cost is 
still an obstacle for 

demanding tasks (n3)

Efficient for large 
biomolecular systems 

Hard to manually 
predifine the functional 
forms of all interactions
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Materials Design and Discovery

+

High-throughput screening

Gómez-Bombarelli, R., et al. Nature Mater. 15, 1120–1127 (2016)

Generative Models

Sanchez-Lengeling, B. & Aspuru-Guzik, A. Science 361, 360–365 (2018).

These approaches are very often used as a “black box” with the sole

objective of obtaining a desired designed target with scarce or no special

attention on why a given material is found to be better than others.
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Explainability

Feature importance attribution

Usuga A. F., et al. J. Mater. Chem. A 12, 2708 (2024). 

Attention mechanisms

Cremer, J., et al. Chem. Res. Toxicol. 36, 1561-1573 (2023). 

Counterfactual explanations

Provide insights of model operation by determining

examples or cases that explain the difference

between a desired outcome and actual outcome

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑑 𝒙, 𝒙′ 𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑑 𝒙, 𝒙′

𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 መ𝑓(𝒙) ≠ መ𝑓 𝒙′ 𝑠𝑢𝑐ℎ 𝑡ℎ𝑎𝑡 መ𝑓 𝒙 − መ𝑓 𝒙′ ≥ Δ

Classification Regression

These methods are not actionable 

(i.e., they do not tell how a given input can 

be changed in order to modify the output).

3



Catalysts for the HER and ORR

Martínez-Alonso, C., High-throughput computational strategies to discover new
catalysts for the hydrogen economy including elastic strain engineering (2024).

Hydrogen production 

and energy generation

4

HER ORR



Catalysts for the HER and ORR

HER ORR

Martínez-Alonso, C., High-throughput computational strategies to discover new
catalysts for the hydrogen economy including elastic strain engineering (2024).

O HOH𝑬𝒂𝒅𝒔

Hydrogen production 

and energy generation

4



Catalysts for the HER and ORR

HER ORR

Martínez-Alonso, C., High-throughput computational strategies to discover new
catalysts for the hydrogen economy including elastic strain engineering (2024).

O HOH𝑬𝒂𝒅𝒔

Hydrogen production 

and energy generation
Dataset of Eads
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Adsorption sites

Elastic strains

PBE functional

4 layers
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Geometric Electronic Strain

Unit cell volume

WAR

GCN

WEN

WIE

SA

SB

Ψ

Biaxial strain

Martínez-Alonso, C., Vassilev-Galindo, V., et al., Catal. Sci. Technol. 14, 3784-3799 (2024)

Angew. Chem. 53, 8316–8319 (2014)

Nat. Commun. 11, 1196 (2020)
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Explainable Artificial Intelligence (XAI) Strategy

Explainability is ensured by construction since the discovered materials can

be linked directly to the original sample of the dataset from which the

counterfactual was generated.
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Training settings

❑ 15% samples for testing

❑ 85% samples for training/validation

❑ 10-fold “pseudo-random” cross-validation

Model Selection
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O is a very electronegative atom, it will

tend to bind stronger to surfaces with low

electronegativity.
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O is a very electronegative atom, it will

tend to bind stronger to surfaces with low

electronegativity.

A large number of valence electrons

downshifts the d-band center. The more

negative the d-band centers the less

favorable the adsorption.

Model Validation

Our ML models provide accurate and reliable predictions by leveraging

rigorous chemical and physical concepts.

V. Vassilev-Galindo & J. LLorca. Chem. Sci. 17, 1058-1072 (2026)
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Target Eads -0.49 eV -1.79 eVH O O H -1.19 eV

YAu bcc(100) ZnIr hcp(10-11) ZnPt bct(101)
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Counterfactuals unveiled subtle relationships between the most relevant

features, other, in principle, less important features, and the Eads.

Retrieving Explanations
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Conclusions

▪ A novel strategy for the discovery and design of new materials based on

counterfactual explanations was proposed

▪ Four of the discovered materials were confirmed by reference DFT
calculations, validating our strategy

▪ By comparing original samples, counterfactuals, and discovered

candidates, subtle relationships were unveiled between the most relevant

features, other, in principle, less important features, and the Eads
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Step 1 (example)

Sample i : ZnTi

ZnxTiy ZnxZry ZnxHfy

CdxTiy CdxZry CdxHfy

AxBy

Least-squares optimization

WENj WARj WIEj

We start with our databases of Eads for H, O, and OH

We generate the counterfactuals with DICE for each
sample in the database

Check that the AxBy intermetallics found in Step 1 exist in Materials Project
Use ML model to verify that the Eads of these intermetallics is still close to the target



Explainability is ensured by construction since the discovered materials can be linked
directly to the original sample of the dataset from which the counterfactual was generated.

All possible crystal lattices are
considered and all surface slabs
for different (hk(i)l) facets are
constructed (h,k,l ≤ 3)

All available adsorption sites are
determined and values of Ψ′ and
GCN’ are updated accordingly (Ψ𝑗,

GCNj)

We only keep those samples for
which Ψ𝑗 and GCNj are close to

the counterfactual.

Use ML model to verify that the Eads of these intermetallics is still close to the target


