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Mission: Accelerate chemical discovery with digital tools

Jorner, K. Chimia 2023, 77 (1/2), 22. 4

Organic electronic materials

Catalyst & reaction design

Reaction outcome prediction

Reaction optimization

Reactivity and catalysis Computer-aided molecular design
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Strategic core research



Our niche: Models in the low-data regime
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Machine learning

No data Lots of data

Chemistry-informed 

machine learning
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Sinergia project – Safe & sustainable by design
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Outline

• Reaction prediction with transition state descriptors

• Calculating descriptors with MORFEUS

• Generality-oriented Bayesian optimization of reaction conditions
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Reaction prediction with transition 
state descriptors
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Main idea
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Hybrid mechanistic & ML models – Predict-SNAr

• Nucleophilic aromatic substitution

• 10% of all reactions in pharma

• Automated simulation and ML workflow 

• Predict activation energies

• ~450 reaction rates from the literature

Chem. Sci. 2021, 12 (3), 1163–1175 (10.1039/D0SC04896H) 11

Mechanistic simulations Descriptors



Future AI-powered route designer software

Predict

94%1%

5%

Indications:

• Mediated by general base 

• Selectivity best in acetonitrile

Some time later…

Yield prediction
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Activation energies as target

Can predict

• Absolute reactivity

• Selectivity

• Temperature & solvent dependence

Compare work of the Varnek group: SAR QSAR Environ. Res. 2021, 32 (3), 207–219 and references therein. 13



Reaction Temperature Solvent Barrier

20 °C DMSO 16.3

25 °C Acetonitrile 17.9

Dataset

• Train on reaction barriers

• Kinetic data (ca 450 points)

• Collected from the literature

14



Predict-SNAr reaction platform

Automated reaction path workflow

GFN2-xTB

ωB97X-D/6-311+G(d,p)//6-31+G(d)

15



Automated descriptor calculation

https://github.com/digital-chemistry-laboratory/morfeus 16

https://github.com/digital-chemistry-laboratory/morfeus


Predict activation energies

• 450 points from kinetics literature

Learning curves Prediction on test set

Prediction uncertainty • Model validation • Applicability domain • Regio-/chemoselectivity • Feature importances done right

Gaussian Process Regression, Matern 3/2 kernel 
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SNAr workflow from Pfizer 

• Chemistry-informed deep learning prediction of selectivity

• Use ML uncertainty to trigger launch of DFT workflow

• 96.3% on in-house data and 94.7% on USPTO data

18

Based on 

Predict-SNAr 

workflow

Guan, Y.; Lee, T.; Wang, K.; Yu, S.; McWilliams, J. C. J. Chem. Inf. Model. 2023, 63 (12), 3751–3760.



Transition state descriptors

Orlandi, M.; Toste, F. D.; Sigman, M. S. Angew. 

Chem. Int. Ed. 2017, 56 (45), 14080–14084.

Xu, L.-C.; Frey, J.; Hou, X.; Zhang, S.-Q.; Li, Y.-Y.; Oliveira, J. 

C. A.; Li, S.-W.; Ackermann, L.; Hong, X. Nat. Synth. 2023

Descriptors 

from MORFEUS

Cuomo, A. E.; Ibarraran, S.; Sreekumar, S.; Li, H.; Eun, J.; Menzel, J. P.; Zhang, P.; 

Buono, F.; Song, J. J.; Crabtree, R. H.; Batista, V. S.; Newhouse, T. R. ACS Cent. Sci. 

2023, 9 (9), 1768–1774. 

Moskal, M.; Beker, W.; Szymkuć, S.; Grzybowski, B. A. 

Angew. Chem. Int. Ed. 2021, 60 (28), 15230–15235.

Luo, S.; Liu, L.; Lyu, C.-J.; Sim, B.; Liu, Y.; Gong, H.; Nie, Y.; Zhao, Y.-L. Cell Rep. Phys. Sci. 2022, 101128. 19



The SEAM method

Organocatalyst Transition metal catalyst

Jensen, F. J. Am. Chem. Soc. 1992, 114 (5), 1596–1603.

Reactant

Product

Reaction coordinates
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Does SEAM work for oxidative addition to Pd?

• Can SEAM produce reliable TSs for oxidative addition on palladium?

• Can TS descriptors predict activation energies better than just ground state descriptors?

• Reference dataset from Leitch of 79 rates based on competition experiments

Lu, J.; Donnecke, S.; Paci, I.; Leitch, D. C. Chem. Sci. 2022, 10.1039/D2SC00174H 21

https://doi.org/10.1039/D2SC00174H


SEAM for oxidative addition

Joël Landis. Master thesis. ETH, 2024 22
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Workflow to validate against DFT
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POLANYI

TS descriptorsCompare with Leitch Ridge

R
2
SCAN-3c

Polanyi data set: 78

DFT data set: 42

DFT TS



Approximate time savings
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DFT optimizations with

• ORCA 5.0.4
• r2SCAN-3c 
• 24 cores

DFT via NEB DFT from SEAM guess SEAM “TS”



Comparison with DFT reference
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Best case

RMSD: 0.02 Å 

Worst case

RMSD: 0.28 Å 

r2SCAN-3c 
Reactive core RMSD (Å)
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Learning curves for oxidative addition

SEAM transition 

state descriptors 
(only)

Ground state 

descriptors from Leitch

Combined TS and GS 

descriptors

→ No statistically significant advantage of TS descriptors

→ Ground state model already very good for this dataset

(experimental error at least 0.1–0.3 kcal/mol?)

26



MORFEUS
Where can I get some descriptors too?

27



MORFEUS – molecular features for machine learning

Steric

Buried volume Sterimol

Electronic

Local force constant Pint dispersion

“I am seeing that the group of Evgeny Pidko is using MORFEUS quite heavily.”

“…the people in Peng Liu’s group [...] LOVE MORFEUS”

“We steal stuff from MORFEUS all the time”

Selected offerings

Conformer tools

Boltzmann-averaged descriptors

• Calculates descriptors for homogeneous catalysis

• Easy to install

• Helpful documentation with examples

• Usable by both non-experts and specialists

• Continuously expanded in collaborations

https://digital-chemistry-laboratory.github.io/morfeus 28

https://digital-chemistry-laboratory.github.io/morfeus


Tailor-made molecules

29

Descriptors

80 1.5 20 0.1 11

Size Reactivity Stability Hazard Cost

Chemical space

Your perfect catalyst



MORFEUS – a molecular tailor
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>>> from morfeus import ConeAngle, read_xyz
>>> elements, coordinates = read_xyz("PdPMe3.xyz")
>>> cone_angle = ConeAngle(elements, coordinates, 1)
>>> print(cone_angle.cone_angle)
117.11012922937584

$ morfeus cone_angle PdMe3.xyz - 1 - cone_angle 
117.11012922937584

Library

Command line script



Molecular descriptors for phosphines

31

Buried volume Cone angle Sterimol

Close to metal atom As viewed from metal Rotational size and length



KRAKEN maps of phosphines

(a) J. Am. Chem. Soc. 2022, 144 (3), 1205–1217 (b) https://kraken.molssi.org 32

UMAP PCA

https://kraken.molssi.org/


Applications of KRAKEN

PCA

Select ligands 

to study

Optimized ligand

& conditions

Optimization of stereoselective Suzuki-Miyaura

Pd & Ni

Catalysis

Descriptors

Effect of ligation state on Pd & Ni catalysis

Descriptors

Pd-catalyzed Cyanation of Aryl Boronic Acids 

33

KRAKEN

(a) Science 2021, 374 (6565), 301–308 (b) Helv. Chim. Acta 2021, 104 (12)  (c) Commun. Chem. 2021, 4 (1), 112. 

KRAKEN

KRAKEN



Generality-oriented Bayesian 
optimization
How can we optimize conditions that work well across the board?

34



Introduction

• Find general reaction conditions that work well across multiple substrates

• Important for, e.g., automated or diversity-oriented synthesis

• Choose conditions and substrates for each experiment

• Each substrate has a conditions → outcome relationship

• We optimize for the best conditions on average

Stefan P. Schmid, …, Aspuru-Guzik, A.*; Kristiadi, A.*; Jorner, K.*; Strieth-Kalthoff, F.* In preparation. 35
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Bayesian optimization loop

1. Select (a) substrate and (b) conditions for experiment

2. Evaluate outcome experimentally

3. Repeat until target reached or budget exhausted

36



Retrospective validation on literature data

• Buchwald-Hartwig aminations (3955 experiments) → yields

• N,S-acetal formation (1075 experiments) → e.e.

• Pd-catalyzed carbon-heteroatom coupling (1536 experiments) → conversion

• Data augmentation with low-outcome reactions

(a) Ahneman, D. T. et al. Science 2018, 10.1126/science.aar5169 (b) Zahrt, A. F. et al. Science 2019, 10.1126/science.aau5631 (c) Buitrago 

Santanilla, A. et al. Science 2015, 10.1126/science.1259203
37
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https://doi.org/10.1126/science.1259203


Results

• Better than previous algorithms and random baseline

(a) Angello, N. H. et al. Science 2022. 10.1126/science.adc8743 (b) ongoing: Wang, J. Y. et al. Nature 2024, 10.1038/s41586-024-07021-y 38
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https://doi.org/10.1126/science.adc8743
https://doi.org/10.1038/s41586-024-07021-y


Conclusions & outlook

• Reaction prediction with transition state descriptors for low data situations

• Calculate descriptors easily with MORFEUS or get them from repositories like KRAKEN

• Generality-oriented Bayesian optimization for conditions that work across the board → 

webapp coming

TS geometries TS descriptors ML predictions
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