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The Evolution of Structural Science
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Input: Processed Data



• Create software tools for auto-generating materials databases

A Design-to-Device Approach



• Train machine-learning algorithms with the data to predict materials

ML

A Design-to-Device Approach



• Realise data-driven materials discovery to aid the energy sector

A Design-to-Device Approach



• Realise data-driven materials discovery to aid the energy sector

A Design-to-Device Approach
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Applications



New Materials Databases

Optical Materials

Battery Materials

Thermoelectric Materials

Superconducting Materials

Magnetocaloric Materials

Materials for Engineering

Semiconducting (Band Gap) Materials

Photocatalyts and Co-catalysts for Water Splitting

Powered by        ChemDataExtractor



Magnetism



La1-xSrxMnO3 series

Holistic ‘cartoon’ that has

built up over the years

Reconstructed using



Superconductivity



ML predictions of Tc: LnFeAsO1-xFx

ML prediction: Random forest regression with K-best selection (shows 

Tc is dependent on ionic radii, atomic number, work function of Ln) 



Phase diagram of BaFe2-xNixAs2



Materials Discovery at the Molecular Scale



Extract Data

Enrich data

Predict

Validate

{chemical, lmax, e}

Adv. Energy Mater.

2019, 9, 1802820



Photovoltaics Device Databases

Auto-generated via

Manufacturing applications



Device data:

Dye-sensitized
Solar Cells 
(left)

Perovskite
Solar Cells 
(middle)

E. J. Beard, 
J. M. Cole, 
Scientific Data 
9, 329 (2022). 



Device metrological attributes

E. J. Beard, 
J. M. Cole, 
Scientific Data 
9, 329 (2022). 



Thermoelectrics



O. Sierepeklis, 
J. M. Cole, 
Scientific Data 
9, 648 (2022). 



Trend-setting data ….



Battery Device Data

Huang and Cole, Chemical Science 13 (2022) 11487-11495..
Image Credit: Shu Huang and Nan Tian, and embedded image by rawpixel.com on Freepik



S. Huang, 
J. M. Cole, 
Scientific Data 
(2020) 7, 260.

292k data
records in
database



DATA SOURCES

(for training)

CORE MODULE 

(pre-trained)

PERIPHERALS (fine-tuning)

Downstream task modules

DATA MODEL

(context of sentences 

embedded as vectors 

within a language model)
Data

Creating and 

training a 

DATA 

MODEL

Q&A module 

S. Huang, J. M. Cole, J. Chem. Inf. Model. 62 (2022) 6365-6377 

Distinguishing device materials as 
anode, cathode, or electrolyte



I

like

AI

Query

Embedding sentence

Into vectorial 

representation

I like AI.

Input 

sentence

A BERT Language Model



Distinguishing device materials as 
anode, cathode, or electrolyte

S. Huang, J. M. Cole, J. Chem. Inf. Model. 62 (2022) 6365-6377 

309k data
records in
database
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Input: Reduced Data



Spectral Image Molecular Structure

Collaboration with SCD and ISIS at Rutherford Appleton Laboratory

Jung, Jung, Cole, Chem. Sci. (2023) 4, 3600–3609



Spectral Image Molecular Structure



Spectral Image Molecular Structure

Training Data for CNN:

Experimental infra-red spectra dataset
of 30,000 unique compounds

Technical validation: model can 
identify 37 functional groups of 
a molecule



Spectral Image Molecular Structure

Penfold et al, Digital Discovery (2023) 2, 1461.

CNN architecture trained on theoretically-generated X-ray absorption spectra



Spectral Image Molecular Structure

Grey line = CNN 
Prediction from
experimental spectra
(but with CNN trained 
on theoretical data)

Black line = result
from standard exptal
approach to data
analysis

Penfold et al, Digital Discovery (2023) 2, 1461



Multi-modal Data

For ML training and for crossing materials-characterisation techniques



Image to RDF to SANS
Yildirim, Washington & Cole (2020)

Sheep spine collagen image 



• Pipelines to curate high-quality databases on structure-property 

relationships

• AI architectures for auto-processing reduced data to afford structure

• Data analysis as we know it will become fully governed by AI

• The future data science? 

• will involve synonymous data scientists and ML experts

• will employ multi-modal data sources as standard

• will embrace language models for mainstream operations

• may open or private (“data are the new oil”) – data quality is 

becoming a premium

Conclusions



What Facebook think…



And finally…



ChemDataWriter

Input Output
e.g. 152 papers on 
battery research

e.g. 120 page book that 
reviews battery research 

Auto-authored book

Fully-sectioned
Fully-indexed

Fully-referenced



All the synthetic and materials characterisation chemists on the Advanced Energy Materials paper

Ganesh Sivaraman, Alvaro Vazquez-Mayaoitia, Venkat Vishwanath, Argonne National Laboratory. 

Chris Cooper, Ed Beard, Matt Swain, Ed Beard, Shu Huang, Callum Court, Taketomo Isazawa, and all my 

research group @ Cambridge 
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