Open Access Article. Published on 22 April 2026. Downloaded on 4/28/2026 6:32:34 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

Digital Discovery

rsc.li/digitaldiscovery

The Royal Society of Chemistry is the world's leading chemistry community. Through our high impact journals and publications we
connect the world with the chemical sciences and invest the profits back into the chemistry community.

IN THIS ISSUE
ISSN 2635-098X CODEN DDIIAI 5(4) 1427-1950 (2026)

Cover

See Julia Westermayr et al.,
pp. 1501-1509. Image
reproduced by permission of
Hendrik Weiske from Digital
Discovery, 2026, 5, 1501.

Digital
Discovery

o\ el
. S -

PERSPECTIVE

Inside cover

See DongWook Kim et al.,
pp. 1510-1521. Image
reproduced by permission of
DongWook Kim from Digital
Discovery, 2026, 5, 1510.
Image generated with Adobe
Firefly.

Digital
Discovery

Looking back and to the future after four-plus years
of language in chemistry

Glen M. Hocky™® and Andrew D. White*

REVIEWS

Reaction optimization through mechanistic insight
and predictive modelling

Roger Monreal-Corona,* Anna Pla-Quintana™ and
Albert Poater*®

This journal is © The Royal Society of Chemistry 2026

Report results

Target reactivity

Model generation

Digital Discovery, 2026, 5, 1429-1439 | 1429


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd90021f
https://pubs.rsc.org/en/journals/journal/DD
https://pubs.rsc.org/en/journals/journal/DD?issueid=DD005004

Cheminformatics, Automation
- and Machine Learning in Chemistry -
(CAMLC)

-
bra? ® :
)L

~®

June 2"-5t 2026
Zaragoza, Spain

/) W AGENCIA
ESTATAL DE |,
INVESTIGACION

£X

2AID

Digital

Discovery



http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd90021f

Open Access Article. Published on 22 April 2026. Downloaded on 4/28/2026 6:32:34 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

REVIEWS

View Article Online

Hacking 3D printers as laboratory robots

Sander Baas, Nessa Carson and Vittorio Saggiomo*

2 Heating Elements
+Sensors
L
pr

vl PR 2

Motherboard

Large language models for porous materials: from
text mining to autonomous laboratory

Seunghee Han, Taeun Bae, Junho Kim,
Younghun Kim and Jihan Kim*

PAPERS

’ .’\ 1 d Self-Driving
. ' Laboratory
-

Porous
Material?

- Natural Language
4 2 * Processing

» - Large Language
< 5—' Models

Statistics makes a difference: machine learning
adsorption dynamics of functionalized cyclooctyne
on Si(001) at DFT accuracy

Hendrik Weiske, Rhyan Barrett, Ralf Tonner-Zech,
Patrick Melix and Julia Westermayr*

Structure-guided machine learning for efficiency
prediction of organic photovoltaics using
experimentally informed molecular descriptors

JuHyun Lee, HyoJdin Ban, Hyunll Seo, HangKen Lee,
Fiza Arshad and DongWook Kim*

This journal is © The Royal Society of Chemistry 2026

MOLECULAR INPUT MACHINE LEARNING MODEL EFFICIENCY PREDICTION
—_—

| FRAGMENTS

sy

DESCRIPTORS

Hole Transport Layer (HTL)
D:A Blend Layer (Active)
Electron Transport Layer (ETL)
Cathode

Digital Discovery, 2026, 5, 1429-1439 | 1431


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd90021f

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

Open Access Article. Published on 22 April 2026. Downloaded on 4/28/2026 6:32:34 PM.

(cc)

View Article Online

PAPERS
o ALBATROSS: a robotised system for high-throughput
. .
\‘6 electroly_te screening via aytor_nated electrolyte

T 0 formulation, coin-cell fabrication, and

* s electrochemical evaluation

‘ Hyun-Gi Lee, Jaekyeong Han, Minjun Kwon,

Hyeonuk Kwon, Jooha Park, Hoe Jin Hah and
Dong-Hwa Seo*
S
/y y Distilling system complexity to enable unbiased and
'§/' ,( " predictive computational reaction investigations
Io-e ﬁb . L ety le Raphaél Robidas* and Claude Y. Legault*
RN ISR G Main
i e e A VU I product
Starting ‘::-@:..’.... e
material . | L0 Ot
0 a%0 Machine learning inversion of interatomic force
08 o o constants from single-crystal inelastic neutron
—e o o scattering
IPN %% Aiden Sable, Bander Linjawi, Kyle Bradbury,
Experimental Phonon Machine Learning  Interatomic Force Jordan Malof and Olivier Delaire*
Spectrum Inversion Constants
train  test  deploy High-performance training and inference for deep

i Chuin Wei Tan, Marc L. Descoteaux, Mit Kotak,
Gabriel de Miranda Nascimento, Sean R. Kavanagh,

@ b lp‘ equivariant interatomic potentials
NequlP =l v

Core Accelerations Laura Zichi, Menghang Wang, Aadit Saluja, Yizhong R. Hu,
« ¢ PyTorch 2.0 Compilation tS,: Tess Smidt, Anders Johansson, William C. Witt,
« GPU Kernels Boris Kozinsky™* and Albert Musaelian*

« Distributed Training
« Distributed Inference

1432 | Digital Discovery, 2026, 5, 1429-1439 This journal is © The Royal Society of Chemistry 2026


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd90021f

Open Access Article. Published on 22 April 2026. Downloaded on 4/28/2026 6:32:34 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

PAPERS

View Article Online

Deep graph kernel learning for material & atomic
level uncertainty quantification in adsorption energy
prediction

Osman Mamun, Chenlu Yang and Shuwen Yue*

Surface/adsorbate

Latent Space

B =N(u0)

Material and Atomic
Level Uncertainty
Quantification

NaviDiv: a web app for monitoring chemical diversity
in generative molecular design

Mohammed Azzouzi,* Thanapat Worakul and
Clémence Corminboeuf

@ & b B By
o\ ¢ 0
NaviDiV = = -
W Steering Chemical Diversity in Generative Design
Generative —p, g 9 - I. versty : g
Model <2 00 e Diversity
A
| Visualise and
Monitor

Generated
Molecules

nent

Diversity

Constraints | IP Guidance

The loss landscape of powder X-ray diffraction-
based structure optimization is too rough for
gradient descent

Nofit Segal, Akshay Subramanian, Mingda Li,
Benjamin Kurt Miller and Rafael Gomez-Bombarelli*

Energy Loss Landscape

+ Ground Truth

XRD Loss Landscape

N A ——

Ss01 Aapiells 210
Lattice Parameter a
(A2) ABiauz

Lattice Parameter ¢ Lattice Parameter ¢

Coupled fragment-based generative modeling with
stochastic interpolants

Tuan Le,* Yanfei Guan, Djork-Arné Clevert and
Kristof T. Schutt

This journal is © The Royal Society of Chemistry 2026

L ] L ]
L ®
- pamp,
Mz Probability|
° Fiow
A —e
- i °
. £y ] {
0 0 — *—o
=0 1
8 [ ]
° L ]
® @
Scatfold + s Scatfold + Fragm
@ s Qo @rem @ wow

Digital Discovery, 2026, 5, 1429-1439 | 1433


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd90021f

Open Access Article. Published on 22 April 2026. Downloaded on 4/28/2026 6:32:34 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

View Article Online

PAPERS
R Pessimistic asynchronous sampling in high-cost
Asynchronous Sampling Bayesian optimization
Replace eosimistic Amanda A. Volk,* Kristofer G. Reyes, Jeffrey G. Ethier and
B> > Prediction | iier Luke A. Baldwin* e g
Szz-m =

s \

v

> =
>

Pessimism ..............."

Synthesis Planning in
Reaction Space
Single-Step Model:

Route Finding Success

dcﬁb «dcgb Online Search vs. Self-Play

Search Robustness

Tree Search:

Product

Reactions R1L~7.|.0 R50 d(ﬁb —Biﬁb Changing Stock Availability
Reactants @ Route Diversity
Pruning Similar dib o;gbb Solution Space Coverage
Reactions

Synthesis planning in reaction space: a study on
success, robustness and diversity

Alan Kai Hassen,* Helen Lai, Samuel Genheden,
Mike Preuss and Djork-Arné Clevert

PET-MAD-DOS: Universal Transformer for Electronic States

g Gap
(%)

2 :
PET-MAD-DOS)> QO

” ' Energy
DOS & Gap Predictions

A universal machine learning model for the
electronic density of states

Wei Bin How, Pol Febrer, Sanggyu Chong, Arslan Mazitov,
Filippo Bigi, Matthias Kellner, Sergey Pozdnyakov and
Michele Ceriotti*

X

X HFC-125 *
»
- Optimal FF %

. . x Experiment
Force Field Atom240[ - GP Emulator

Typing & Parameter 500 1000 1500
Optimization p (kg/m?3)

1434 | Digital Discovery, 2026, 5, 1429-1439

Development of accurate transferable
hydrofluorocarbon refrigerant force fields using
a machine learning and optimization approach

Montana N. Carlozo, Ning Wang,
Alexander W. Dowling* and Edward J. Maginn*

This journal is © The Royal Society of Chemistry 2026


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd90021f

Open Access Article. Published on 22 April 2026. Downloaded on 4/28/2026 6:32:34 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

PAPERS

View Article Online

Using Flory—Huggins-informed human-in-the-loop
Bayesian optimization to map the phase diagram of

polymer blends

Justin C. Hughes, Dylan J. York, Kevin G. Yager,
Chinedum O. Osuji and Russell J. Composto*

Siamese graph neural networks for melting
temperature prediction of molten salt eutectics

Nila Mandal, James Maniscalco, Mark Aindow and

Qian Yang*

Organic
Individual
omponent

) Inorganic
Organ{c Individual
Eutectic Components
Mixtures

Inorganic
Eutectic
Mixtures

molAxyz

molBxyz

GNN

GNN

Fully
Connected
Layers

Jeweler-in-the-loop: personalized alloy color

optimization via preference-based BO
Chase Katz,* Ting-Yu Yang, Parker King,

Md Shafiqul Islam, Brent Vela and Raymundo Arroyave

START /'
User Prompted With
2 Alloy Colors. y

{/
User Selects [
Preforred Color [ ] |

W
Latent Utility L
Function Updated [\ |
L\

\

\
Maximize Expected
Improvement

.

N
\
' \{

Query New
Alloy
|
|
|| Predict Alloy
1/ Color

Suggest Candidate
Composition

Exploring the deviation from Nernst—Einstein
conductivity in ionic liquids using machine learning

Aditi Seshadri, Lyndon T. M. Hess and Shuwen Yue*

This journal is © The Royal Society of Chemistry 2026

Sigma profiles

& 35 T

< Cation !

<30 Anion !

g 25 i F
i o

: F-B-F

Z20l =\ H i

k7] ,NON‘ 1 F

515 s f

T 1

210 |

3 i

85 !

3 1

& H

0
-0.03 -0.02 -0.01 0.00 0.01 0.02 0.03
Effective surface charge density, o (e/A%)

Nernst-Einstein conductivity

Nge? (v+zi v_z2
= —_t

T4 T

1

Predicted Conductivity

n

[ @®

N

[}

Molar Conductivity Model 7
lonicity Model ,/

5 5.0 75
Experimental Conductivity

Digital Discovery, 2026, 5, 1429-1439 | 1435


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd90021f

Open Access Article. Published on 22 April 2026. Downloaded on 4/28/2026 6:32:34 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

PAPERS

View Article Online

Alkene reaction triad (ART) dataset
oTf

T

Class imbalanced (Cl) aware

eg ;
‘By Bt
Z\N/CU\N u - R2=0.84
N
1 | JAN
©/\ oA @ C00'Bu 2
+ —
. CH,Cl,, 0°C, 16h “
N,CO0'Bu %hee=88 20| &
Machine learning models g AMSE=S.80!
7 40 60 80 100
Sparse and “ AttentiveFP-Cl v/
R skewed < MPNN-CI QO Cross-Dataset interpretability
£, %eedistribution % TsChem-CI

<+ Transformer-Cl
< ULMFiT-CI

DNN-CI

Prediction accuracy

1. Asymmetric hydrogenation
2. NS-acetylation

Q Insights for catalyst optimization

Machine learning models for catalytic asymmetric
reactions of simple alkenes: from enantioselectivity
predictions to chemical insights

Ajnabiul Hoque, Nupur Jain, Divya Chenna and
Raghavan B. Sunoj*

Lab

ABE
AL

DUCK

Graph

o B

Database utility for cyclovoltammetry knowledge
(DUCK): unified platform for electrochemical data

Diego Garay-Ruiz, Sergio Pablo-Garcia, Han Hao and
Marisol Martin-Gonzalez*

MORGOTH

LA

State-of-the-art performance

joint classification & regression

Interpretability
feature importances
RF graph

Reliability
conformal prediction

Robustness
cluster analysis

p

S EAN

/ Case Study
Anti-cancer drug
sensitivity prediction
—

Evaluation strategies

per drug

T

across drugs

Increasing trustworthiness of machine learning-
based drug sensitivity prediction with a multivariate
random forest approach

Lisa-Marie Rolli,* Lea Eckhart, Lutz Herrmann,
Andrea Volkamer, Hans-Peter Lenhof and Kerstin Lenhof

POLARIS

e Decp Kermel

odel

Literature Mining whutonomous)

Oaie m/ ue;;‘:é‘,;rw/

Synthesis ML Integration
(Autonomous) (Autonomous)
Characterizations Analysis &

(Amonomous)/ . Interpretation

Data-set

Database Curation

One Hot Deep Kerel Property

Vectors Learning
gn T
(% 3 .3
LM : 3 2

Target

s sprcest
ety

1436 | Digital Discovery, 2026, 5, 1429-1439

POLARIS: perovskite optimization using LLM-
assisted refinement and intelligent screening

Jordan Marshall, Sheryl L. Sanchez, Rushik Desai,
Elham Foadian, Utkarsh Pratiush,

Arun Mannodi-Kanakkithodi, Sergei V. Kalinin and
Mahshid Ahmadi*

This journal is © The Royal Society of Chemistry 2026


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd90021f

Open Access Article. Published on 22 April 2026. Downloaded on 4/28/2026 6:32:34 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

PAPERS

View Article Online

Fast and scalable retrosynthetic planning with

a transformer neural network and speculative beam

search

Natalia Andronova, Mikhail Andronov,*
Jurgen Schmidhuber, Michael Wand and
Djork-Arné Clevert

Query product

Single-step model Retrosynthesis tree

ComProScanner: a multi-agent based framework for

composition-property structured data extraction
from scientific literature

Aritra Roy,* Enrico Grisan, John Buckeridge* and
Chiara Gattinoni*

compr(;y)scanner

Data Identifier s
e

Composition Crew

Relationship Graph

N

Data Visualisation

Extraction Evaluation

Data Cleaner

& B Synthesis Crew

Evaluation of foundational machine learned
interatomic potentials for migration barrier
predictions

Achinthya Krishna Bheemaguli, Penghao Xiao* and
Gopalakrishnan Sai Gautam™

— BARRIER
PREDICTION
o
) .a @

Carparisie
.
GEOMETRY
PREDICTION

GEOMETRY-
BARRIER
CORRELATION

Enhancing high-dimensional neural network
potential accuracy in OLED systems via element
relabeling

Yonghwan Yun, Dongmin Park, Junyoung Choi,
Dong Shin Choi and Yousung Jung*

This journal is © The Royal Society of Chemistry 2026

Force RMSE

Element Relabeling

s’ "o h

Force Energy
RMSE RMSE

o =0
c X

Digital Discovery, 2026, 5, 1429-1439 | 1437


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd90021f

Open Access Article. Published on 22 April 2026. Downloaded on 4/28/2026 6:32:34 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

View Article Online

PAPERS
Learning potential energy surfaces of hydrogen atom
4 T transfer reactions in peptides
| L B I Marlen Neubert, Patrick Reiser, Frauke Grater* and
Pascal Friederich*
GNN Model Potential Energy Surface Reaction Barrier Prediction

Pretrained Neural Network

Update

Initial
Weights

Atomic Structure

Generate
< Monte Carlo
. Samples

LA

Refine
Weight-
Uncertainty
Recalculate .
i -—
DFT

Y Multiple Energy

and Force
Predictions

Disagreement

Update

On-the-fly fine-tuning of foundational neural
network potentials: a Bayesian neural network
approach

Tim Rensmeyer,* Denis Kramer and Oliver Niggemann

Density matrix learning

Density
matrix

Molecular
geometry

Su
W
WO A M

H
H
W

W
H oy

/® H_ n
H L o
HE HE CH 7 S
H W
&O _____ RS

ACE
descriptor

.
LT HE HHH

\ <O,

. S,

(PraesEms,
¢

_4

e N

~.

Properties
Mulliken
charges

q Energy

Dipole
moment p, ceg

A symmetry-preserving and transferable
representation for learning the Kohn—Sham density
matrix

Liwei Zhang,* Patrizia Mazzeo, Michele Nottoli,
Edoardo Cignoni, Lorenzo Cupellini and Benjamin Stamm

SALSA: Automated Excess Solvent Method

Iterates
until
Dissolved

|+ ]
Clear v.s. Sediment

1438 | Digital Discovery, 2026, 5, 1429-1439

A

N

Solubility Trend Mapping

s
'

P .
« Excess Solubility
.

Solvent X Fraction

SALSA: a low-cost self-driving lab modular add-on
for salt solubility assessment for battery electrolytes

Tianyi Zhang, Hongyi Lin, Yuhan Chen and
Venkatasubramanian Viswanathan*

This journal is © The Royal Society of Chemistry 2026


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd90021f

Open Access Article. Published on 22 April 2026. Downloaded on 4/28/2026 6:32:34 PM.

Thisarticleislicensed under a Creative Commons Attribution 3.0 Unported Licence.

(cc)

PAPERS

View Article Online

Assessment of molecular dynamics time series
descriptors in protein—ligand affinity prediction

Jakub Poziemski, Artur Yurkevych and Pawel Siedlecki®

MD frames
(100ps)

s
S

%

FF

>
©

t
¢
A

Number Peaks

Median

HBDonor

Pocket Area

43.12

40.14

m(n=
| |

= =

T Mean

B,

Min

Multi-stage Bayesian optimisation for dynamic
decision-making in self-driving labs

Luca Torresi and Pascal Friederich*

Distance to optimum

MSBO

Random

BO

Cost

Integrating machine learning interatomic potentials
with batched optimization for crystal structure
prediction

Chengxi Zhao,* Zhaojia Ma, Dingrui Fan, Siyu Hu,

Leping Wang, Feng Hua, Weile Jia, En Shao,*
Guangming Tan,* Jun Jiang™ and Linjiang Chen*

Landscape

InSpecLearn4SDL: interpretable spectral features
predict conductivity in self-driving doped
conjugated polymer labs

Ankush Kumar Mishra, Jacob P. Mauthe, Nicholas Luke,
Aram Amassian® and Baskar Ganapathysubramanian®

This journal is © The Royal Society of Chemistry 2026

Arca under
Curve +
Geneic

Algorithm

Do
Knowledge
Based Feature
Expansion

Selection

Feature
Importance.

Digital Discovery, 2026, 5, 1429-1439 | 1439


http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd90021f

