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Observable universe ~1080 particles of matter



Materials space ~10100
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“Prediction is 
difficult, 
especially the 
future.”

Niels Bohr

“But I think 
mathematics will 
greatly change its 
aspect.”
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• Improving QSAR using machine learning – feature selection, Bayesian NN, RVM, 
validation, feature importance, overfitting

• Sparse methods – stem cell markers (Asymmetrex), Sr MSC (RepGen), CRC markers
• Tripeptide motifs – as design tools, novel antibiotics (Betabiotics), myelofibrosis 

drugs 
• Molecular design – SARS-CoV-2 origin and COVID-19 drugs
• New applications –biomaterials, stem cell bioreactors topographical biomaterials, 

fluorescent polymers,  surface chemistry analysis, 2D and porous materials, 
photovoltaics, catalysts, corrosion and battery technologies

Outline
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Improving QSAR using 
machine learning 

Frank Burden, 
Burden Index
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Hansch and Fujita

1960s
JACS 1964, 86, 1616–1626 (4000 citations)
JACS 1964, 86, 5175–5180 (2000 citations)
Nature 194, 178-180 (1300 citations)
2016
J. Chem. Inf. Model. 2016, 56, 269–274 (150 
citations)



How 
modelling 
strategies 
have 
changed

Fujita; Winkler, 
Understanding the roles of 
the “two QSARs”, J. Chem. 
Inf. Mod. 2016 56 (2), pp 
269; Barnard et al. 
Nanoscale, 2019, 11, 
19190 

1960-1990

1990-2020

2010-now
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• Ideally acquire large, chemically diverse, high quality data sets
• Generate features (descriptors), mathematical representations of chemical 

entities
• Select relevant subsets of features in context-dependent way
• Generate the model linking features to desired propert(ies)
• Validate the model, and quantify its predictivity and domain of applicability
• Deploy the model – mechanisms, new predictions and designs, virtual 

screening

QSAR/machine learning unit operations
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Our contribution to QSAR methods

Nanosafety congress 2020 | October 2020 

Descriptors Feature 
selection

Machine 
learning Validation Predictions

QSAR

Image-based

Signature

Information

Sparse L1

MLREM

LASSO

BRANN (Gaussian)

BRANN (Laplacian)

Relevance 
Vector Machine

Separate test set

Cross validation

External test set

Domain of 
applicability

De novo

Information

Nanosafety congress 2020 | October 2020 

Burden and Winkler. Optimum QSAR Feature Selection using 
Sparse Bayesian Methods, QSAR Comb Sci. 2009; 28: 645 

Burden and Winkler. An optimal self-pruning neural network that performs 
nonlinear descriptor selection for QSAR, QSAR Comb. Sci. 2009; 28: 1092 

Winkler and Burden. Relevance Vector Machines: Sparse Classification 
Methods for QSAR, J. Chem. Inf. Model. 2015; 55:1529 

Burden and Winkler.  Robust QSAR Models Using Bayesian Regularized 
Artificial Neural Networks, J. Med. Chem., 1999; 42: 3183. 

Alexander et al. Beware of R2: correct statistical usage in QSAR and 
QSPR studies, J. Chem. Inf. Model. 2015; 55: 1316



Effective and context-aware feature selection

• Effective and context-aware feature selection methods reduce overfitting, 
improve model quality, and aid model interpretation

• Overly complex models are harder to interpret than simpler models
• Topliss showed that repeated selection of subsets of descriptors from 

larger pool may generate chance correlations. GAs may also do this
• Methods like PCA/PLS that retain all descriptors will be impacted by the 

presence of low/no relevance descriptors (Clark paper)
• Selection based on L1 regression (MLREM, LASSO) chooses a 

parsimonious subset of descriptors and eliminates less informative ones 
• Have we underestimated overfitting (relevant paper)?Oneto, et al. Do we really need a new theory to understand over-parameterization? Neurocomputing 2023, 543, 

126227

Clark, M. and Cramer, R.D., III 
(1993), The Probability of Chance 
Correlation Using Partial Least 
Squares (PLS). Quant. Struct.-Act. 
Relat., 12: 137-145.

Burden, Winkler. QSAR Comb Sci. 
2009; 28: 645-653
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Which machine learning algorithm is best? 

• The most important difference is whether the QSAR is linear or nonlinear, 
• Given the same training data, deep and shallow NN models generate 

similar models (universal approximation theorem, nonlinear ML methods 
generate similar quality models given same training data)

• If the QSAR is nonlinear, most nonlinear ML methods generate similar 
quality models

• The choice of descriptors is more important than the choice of ML method

D. A. Winkler, T. C. Le, Mol. Inf. 2017, 36, 1600118

Fang, et al. Prospective Validation of Machine Learning Algorithms for Absorption, Distribution, Metabolism, and Excretion 
Prediction: An Industrial Perspective. J. Chem. Inf. Mod. 2023 Article ASAP DOI: 10.1021/acs.jcim.3c00160
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How to best validate models

• For small data sets, cross-validation may be the only option
• As data appears mostly in the training set during cross-validation, the 

method is overly optimistic
• For larger data sets, a separate test set not used for training is best
• Test set performance should be largely judged by SEP, RMSE, MAE 

rather than r2

• Ideally, model predictions should be validated by further experiments 
(work with collaborators who will do this)

AIDD Workshop | Berlin March 2024 



Assessing and using feature importance

• Many QSAR response surfaces are not linear
• For linear models, feature importance is a global property
• Sign and magnitude of model contribution from regression coefficients
• For nonlinear models, feature importance is a local property
• Most feature importance methods like LIME, SHAP etc. do not account for 

this well
• We are developing fuzzy set and context-weighted FI metrics that are more 

informative
• New way to estimating feature importances (“The ugly truth 

about descriptor importance and what to do about it”) Aldeghi et al. J. Chem. Inf. Mod. 2022
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Deploying the model

• Understand the domain of applicability of QSAR model
• Use predictions to guide synthesis of new molecules
• Use model to virtually screen large libraries and databases (see point 1)
• Use importance of sparse features to understand mechanisms
• Recent work has used deep learning (GANs, encoder-decoder nets) to 

identify superior molecules
• ML models represent fitness landscapes for evolving leads using genetic 

methods
• DL and evolutionary methods enabling autonomous systems for discovery

Gómez-Bombarelli et al. Automatic Chemical Design Using a 
Data-Driven Continuous Representation of Molecules, ACS Cent. 
Sci. 2018

Schneider, G. Automating drug discovery. Nat Rev Drug Discov 17, 97–113 (2018)
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Applying QSAR/ML to new areas
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Machine learning is very widely applicable

20  |

Recent projects
• Nanosafety
• 2D materials
• Porous materials
• Biomaterials
• Stem cells
• Corrosion/batteries
• Pandemics – 

vaccines/drugs
• OPVs
• Perovskite solar cells
• Photocatalysts
• Fluorescent polymers
• Surface analysis
• Cancer - drugs/biomarkers
• ‘Atomic’ drugsAIDD Workshop | Berlin March 2024 



Recent applications of sparse methods 
• Stem cell biomarkers (Asymmetrex) 
• Sr-induced mesenchymal stem cell 

differentiation (RepRegen/Stronbone) 
• Colorectal cancer biomarkers
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Discovering new stem cell markers

• A long-standing challenge in stem 
cell biomedicine to identify and 
count tissue stem cells.  

• No biological markers specific for 
adult tissue stem cells.

• With James Sherley, identified 
biomarkers for symmetry of stem 
cell division

• Asymmetrex now sells biomarkers 
that allow monitoring of tissue 
stem cell number and quality for 
regenerative medicine 
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Model Systems for Orthogonal-Intersection Gene Microarrays for 
Studying Genes Associated with Asymmetric Self-Renewal

p53-induced, Zn p53 null, Znvs.

p53 Normal, 32.5 oC p53 Low, 32.5 oC

p53 ON, Zn p53 OFF

p53 ON p53 ON, IMPDH

Model 1

Model 3

Model 2

Model 4

vs.

vs.

vs.

Fibroblasts

Epithelial cells

Fibroblasts

Fibroblasts

Symmetric Self-RenewalAsymmetric Self-Renewal

Asymmetric Cell Kinetics Symmetric Cell Kinetics

+ p53
- p53

Dividing cell
Non-dividing cell

Discovering new stem cell markers
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Recent applications of sparse methods
• Stem cell biomarkers (Asymmetrex) 
• Sr-induced mesenchymal stem cell 

differentiation (RepRegen/Stronbone) 
• Colorectal cancer biomarkers
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Sr-induced osteogenic differentiation of MSCs
Stron&um ranelate (Protelos®) approved in EU for the treatment and preven&on of 
osteoporosis – stron&um is the ac&ve component. Reduces risk of vertebral and 
non-vertebral fractures in post-menopausal women. Although controversial, 
reported to have an anabolic AND an&-catabolic effect on bone

Reginster et al. J Clin Endocrinol Metab. 2005; Meunier et al. NEJM 2004

Strontium ion’s mechanism of action is not fully understood, but it is thought 
to up-regulate differentiation of osteoprogenitors or to stimulate bone formation
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Sr-induced osteogenic differentiation of MSCs

Autefage, Gentleman, Winkler, Burden, Stevens, PNAS  2015

Evaluate the genome-wide 
response of human 
mesenchymal stem cells 
(hMSC) to strontium-
substituted bioactive glasses 
(BG) using a combination of 
unsupervised biological and 
physical science techniques
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Whole genome gene expression analysis
• PMP22: glycoprotein associated with lipid
rafts that modulate apoptosis, cell
morphology, and actin stress 

•TMEM147: transmembrane protein that
binds to cholesterol and G protein-coupled
receptors

• FDFT1: key mediator of the isoprenoid
biosynthesis pathway; directs the formation 
of sterol/non-sterol metabolites

Expectation maximization (EM) algorithm method
• Very sparse feature selection method
• Selects a small set of relevant genes from a large number of candidates
• Iteratively & progressively sets the contribution of less relevant genes to zero



Recent applications of sparse methods
• Stem cell biomarkers (Asymmetrex) 
• Sr-induced mesenchymal stem cell differentiation 

(RepRegen/Stronbone) 
• Colorectal cancer biomarkers
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Biomarkers for colorectal cancer detection
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• CRC is the third most common cancer. 
• Altered lipid metabolism and 

chemokine expression during CRC 
progression and metastasis.

• Diagnostic and prognostic biomarkers 
urgently needed to define clinical 
stages and subtypes. Liver dominant 
metastasis has poor outcomes 

• Used sparse modelling to identify set of 
most relevant lipids for CRC



Biomarkers staging colorectal cancers (CRC)
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Tripeptide motifs
• Drug design tool 
• Novel antibiotics (Betabiotics)
• Lead first-in-class myelofibrosis drug
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Biologically-relevant tripeptide motifs
SKL peroxisomal targeting 
DHP stimulates pituitary gland controlling thyroid-stimulating hormone secretion
RGD cell adhesion signal and modulation of thrombosis
PLG modulator of the dopamine D2 receptor
GHK tissue remodelling and wound healing
DCG (glutathione), antioxidant, cofactor
ELR chemokine, growth factor binding motif
DLF/SLF inhibition or beta protein of bacterial replisome, antimicrobial
LDV integrin binding motif
FEG inhibition of anaphylaxis, antiinflammatory, modulates cardiac eukocyte adhesion
GPE neuroprotection
GGQ release factor, stop codon recognition
HGK vitronectin inhibition,
HPQ streptavidin binding motif
KPV anti-inflammatory properties
HAV cadherin recognition sequence Ung & Winkler, J. Med. Chem. 2011, 54, 1111 
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Distribution of heavy atoms in 8000 tripeptides Inhibition versus number of heavy atoms in ligand



Tripeptide motifs
• Drug design tool 
• Novel antibiotics (Betabiotics)
• Lead first-in-class myelofibrosis drug
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Applica=on of tripep=de mo=fs: Global an=bio=c crisis

• No new antibiotic classes 1970-2000 when 
Betabiotics began

• Resistance problems - MRSA, VRSA, VRE, 
TB (5 million deaths in 2019)

• US$43 billion market (2022 dollars)

• Innovation needed – new mode of action 
antibiotic

• Role for small companies – even more 
important now with drug pipelines drying up
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DNA 
polymerase 
beta protein
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Alignments of 
pol B & C in 
eubacteria
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Wijffels et al., J. Med. Chem., 2011. 
Kurz et al., J. Bacteriol. 2004.
Wijffels et al., Biochem. 2004.
Dalrymple et al., PNAS 2001.



!

D/SLF –beta protein inhibitors design

A database search 
examined 
conformations of all SLF 
and DLF motifs in the 
Protein database.  

There was a surprising 
degree of conservation 
of 3D structure, 
providing a 
pharmacophore for 
virtual screening of 
small molecule libraries.
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Tripeptide motifs
• Drug design tool 
• Novel antibiotics (Betabiotics)
• Lead first-in-class myelofibrosis drug
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Myelofibrosis, an incurable blood cancer

• Myelofibrosis is an incurable blood cancer with 
no disease modifying treatment

• Doctors treating myelofibrosis have hit a 
‘clinical brick wall’ due to lack of effective drug 
treatments

• Myelofibrosis cuts short lives of patients and 
causes very painful symptoms

• We developed the first drug lead that can 
change of course of the disease by exploiting a 
novel target in blood stem cells

• The only registered drug for myelofibrosis 
earns US$1.2Bn pa in sales, but it is only 
palliative (does not modify course of disease).
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Role of thrombopoietin (TPO) in haematopoiesis
http://www4.utsouthwestern.edu/huanglab/research.jpg
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Myelofibrosis: tripeptide motif from phage display



First small molecule TPO antagonist

Adv. Therapeut. 2021
Blood 127 (2016)
ChemMedChem. 2013
Exp. Hematol. 2013
Mol. BioSyst. 2012
Cytokine Growth Fact. Rev. 2011 
ChemMedChem. 2009. 
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Recent molecular design research:  – 
• COVID drugs and origin of virus
• Antifibrotics/antihypertensives (Vectus) 
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Lab Leak: A
Scientific
Debate Mired
in Politics
— and
Unresolved
More than a year into the SARS-CoV-2
pandemic, some scientists say the possibility
of a lab leak never got a fair look.

Top: Security personnel stand guard outside the Wuhan
Institute of Virology in Wuhan in February, as members of the
World Health Organization (WHO) team investigating the
origins of the Covid-19 coronavirus pay a visit. Visual: Hector
Retamal / AFP via Getty Images

BY CHARLES
SCHMIDT
(HTTPS://UNDARK.ORG/UNDARK-
AUTHOR/CHARLES-
SCHMIDT/)

03.17.2021

IKOLAI PETROVSKY was scrolling through
social media after a day on the ski
slopes when reports describing a
mysterious cluster of pneumonia cases

N
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Infection-initiating event – spike interaction with ACE2

Piplani, S.; Singh, P.K.; Winkler, D.A.; 
Petrovsky.N. In silico comparison of SARS-
CoV-2 virus spike protein-ACE2 binding 
affinities across species; significance for 
animal susceptibility and viral origin, npj Sci 
Rep., 11, 18610 (2021).
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SARS-CoV-2 spike and ACE2 models

• The modelled structures also assessed for quality control using Ramachandran Plot and 
molprobity scores in SWISSModel. There were no Ramachandran outliers in the RBD

• Structure of the open form of the spike published subsequently (e.g., PDB ID 6VYB).  Very high 
structural similarity of our homology modelled spike protein structure with the EM structures 
(PDB ID 6M0J (RBD) and 6VYB (open state)) with RMSD of 0.36 Å

• Homology modelled ACE2 structures docked against SARS-CoV-2 S protein structure using hybrid 
HDOCK method. Potential introduced bias in spike-ACE2 complexes from non-human species 
because of use of human ACE2 complex x-ray structure as a template. To eliminate possible bias, 
generated ACE2 structures from HDOCK compared with those generated independently by 
Modeller. Ca backbones of ACE2 structures aligned with RMSD values between 0.5-0.8 Å, 
showing very strong structural similarities. 
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Spike–ACE2 binding free energies and observed infectivities
Species DGeqn1

(kcal/mol)
DGMMPBSA 
(kcal/mol)

SARS-Cov-2 infectivity

Homo sapiens (human) -52.8 -57.6 ± 0.25 Permissive, high infectivity, severe disease in 5-10%, 

Manis javanica (pangolin) -52.0 -56.3 ± 0.4 Permissive 23,24

Canis luparis (dog) -50.8 -49.5 Permissive, low/mod infectivity, no overt disease 25,26

Macaca fascicularis (monkey) -50.4 -50.8 Permissive, high infectivity, lung disease 11

Mesocricetus auratus (hamster) -49.7 -50.0 Permissive, high infectivity, lung disease 27,28

Mustela putorius furo (ferret) -48.6 -49.2 Permissive, moderate infectivity, no overt disease 28-30

Felis catus (cat) -47.6 -48.9 Permissive, high infectivity, lung disease 26,29,31

Panthera tigris (tiger) -47.3 -42.5 Permissive, overt disease, RNA positive26 

Rhinolophus sinicus (bat) -46.9 -50.1 ± 1.0 Not permissive 11

Paguma larvata (civet) -45.1 -46.1 No reported infection
Equus ferus caballus (horse) -44.1 -49.2 No naturally occurring infections26

Bos taurus (cattle) -43.6 -42.5 No naturally occurring infections26

Ophiophagus hannah (king cobra) -39.5 -40.7 ± 1.2 No reported infection

Mus musculus (mouse) -38.8 -39.4 Resistant to infection28
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Spike–ACE2 binding free energies and observed infectivities
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Zhang Lab, UMich

Drug repurposing targets – SARS-CoV-2 proteins (nsp)
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Computational screening of SARS-CoV-2 target proteins

Pilani et al., Rational repurposing of drugs, clinical trials candidates, and natural products for SARS-Cov-2 therapy, in Frontiers of 
COVID-19:  Scientific and Clinical Perspectives of the Novel SARS-CoV-2, Adibi, Rajabifard, Islam, Ahmadvand (eds.), Springer 
Nature 2021.
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Experimental validation of top 10 repurposed drugs for Mpro

Phase 2 clinical trial, ED50 
0.1 (Huh7.5), 0.47 (Vero), 
2.1 (Calu3) µM, predicted 
2’-O-methyltransferase 
nsp16/nsp10 complex 
binding

Significant reduction 
in SARS-CoV-2 
infection in elderly 
asthmatic patients 
treated with MK. 
Several predicted 
Mpro binding studies

In vitro EC50 5.73 µM, 
Multiple single agent 
and combination 
human trials e.g.27,76. 
In vitro EC50 26.63 
μM.77 Predicted Mpro 
binding

Multiple human trials, in 
vitro EC50 23.15 μM, 
predicted Mpro and RdRp 
binding 

Remdesivir Ritonavir Montelukast Bemcentinib 

15% of 87 top predicted repurposing hits have experimental validation as of Sept 2020
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RNA/DNA polymerases
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Experimental validation of top 10 hit repurposed drugs

IC50 of 2.2 - 2.8 µM in 
monkey kidney cells.

10-40% protection at 50µM 
in Vero cells. IC50 100nM 
and CC50 4.7µM in human  
Huh7.5 cells and IC50 of 
470nM and CC50 0f 1.6µM in 
Vero cells, investigational 
treatment for COVID-19 
(www.clinicaltrialsregister.eu, 
predicted to bind to Mpro.2

Predicted RdRP 
inhibitor,15 IC50 = 0.043 
μM and CC50 >10µM 
in Vero cells

Clinical trials for COVID-
19 and RdRP inhibitor

Galidesvir Digoxin Bemcentinib Ivermectin 

>30% of 80 top predicted repurposing hits have experimental validation as of Jan 2021
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RNA/DNA helicases

AIDD Workshop | Berlin March 2024 



Experimental valida=on of top 10 hit repurposed drugs

SARS-Cov-2 Mpro 
inhibition IC50 = 8.3 µM

SARS-CoV-2 EC50 10µM 
CC50 13µM in HEK-293T 
cells.3 EC50 = 12.2 μM 
against HCoV-OC43

IC50 10µM against SARS-
CoV-2 Mpro ; 14µM against 
PLpro. Apparent SARS-CoV-
2 EC50 = 15±1 µM in plaque 
reduction assay. Kinetic 
Mpro IC50 = 4.8 μM. SARS-
CoV-2 activity in in HUH7 
cells (IC50=2µM) and Vero 
cells (IC50=7.5µM).

Inhibits replication of 
SARS-CoV-2 in VeroE6 
cells, but low SI (EC50 = 
13 μM, CC50 = 77 μM, SI 
= 6).

Tipranavir 
(antiviral protease 
inhibitor)

Manidipine (Ca 
channel blocker, 
anti-hypertensive) 

Conivaptan 
(vasopressin 
inhibitor) 

Hesperidin
(citrus flavanone 
glycoside)

~30% of 87 top predicted repurposing hits have experimental validation at Mar 2021
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New applications: – 
• stem cell bioreactors 
• biomaterials 
• topographical biomaterials 
• fluorescent polymers
• porous materials for energy and environment
• surface chemistry analysis
• 2D materials
• photovoltaics
• catalysts
• corrosion & battery technology 
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Polymers to grow stem cells
Cellular therapies require ~1 billion cells 
per dose. Bioreactors to culture 
haematopoietic stem cells and induced 
pluripotent stem cells is a major research 
focus in regenerative medicine. 
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Polymers to grow stem cells
• Present culture methods rely upon animal-derived products now under scrutiny. 
• Future cell factories will need chemically defined, serum-free, feeder-free synthetic 

substrates and media to support robust self-renewal of pluripotent cells. 
• Need new synthetic materials to control morphology, motility, gene expression and 

differentiation of stem and progenitor cells.
• Important surface properties that have been identified include: - 

• surface chemistry 
• surface 
• wettability 
• topography 
• elastic modulus 
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Polymers to grow stem cells

Yang et al. Biomaterials 2010; 31:8827 
Training set Test set
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Epa, et al. J Mat. Chem. 2012; 22: 20902-20906. RSC hot paper 



New applications: – 
• stem cell bioreactors 
• next generation biomaterials 
• topographical biomaterials 
• fluorescent polymers
• porous materials for energy and environment
• surface chemistry analysis
• 2D materials
• photovoltaics
• catalysts
• corrosion & battery technology 
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• Bacterial adhesion and growth on biomaterial surfaces such as joint prostheses, heart 
valves, shunts, vascular and urinary catheters, intraocular lenses is a serious problem.

• Alexander et al. (Univ. of Nottingham) have studied adhesion of bacteria to a combinatorial 
library of polymer substrates.

Pathogen Attachment to Polymer Surfaces
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Experimental details
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Pseudomonas  aeruginosa adhesion

Polymer microarrays incubated with a suspension of Pseudomonas 
aeruginosa, Staphylococcus aureus, and uropathogenic Escherichia coli 
(tagged with GFP or mCherry) and the fluorescent intensity measured.
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Polymer library (576 members)
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Single pathogen attachment models

458 data points

• Training set
Test set

Nonlinear BRANN model
Epa et al. Adv. Funct. Mater. 2014; 24: 2085

464 data points 133 data points

S. aureus P. aeruginosa Uropathogenic E. coli
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Multiple pathogen attachment models

Mikulskis et al. ACS Appl. Mater. Interf. 2018; 10:139

1055 data points
 

Nonlinear BRANN model

 

AIDD Workshop | Berlin March 2024 

• For PA and SA, cyclic hydrocarbon groups, tertiary butyl groups, and 
aliphatic groups (hydrophobic) on polymer induced low attachment. 

• Ethylene glycol and hydroxyl-containing fragments (all hydrophilic) 
induced higher bacterial attachment, presumably via hydrogen bonding 
to lipopolysaccharides, lipoteichoic acids, or exopolysaccharides on the 
bacterial cell surface or in biofilm. 



New applications: – 
• stem cell bioreactors 
• biomaterials 
• topographical biomaterials 
• fluorescent polymers
• porous materials for energy and environment
• surface chemistry analysis
• 2D materials
• photovoltaics
• catalysts
• corrosion & battery technology 
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Topographical biomaterials

Control of cell fates 
achieved by surface 
microtopography, 
chemistry, or both

Unadkat et al. PNAS 2011, 108 , 16565–16570

Jan de Boer
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ChemoTopoChip

Burroughs, et al. BioRxiv 2020.04.29.067421

a) Schematic showing ChemoTopoChip layout (walls of 30 μm height are used to separate each Topo unit); b) ChemoTopoChip 
ChemoTopo unit containing 35 topographies + flat area; and 28 polymer chemistries c) Example Topo unit; d) ChemoTopoChip 
production process; e) Photographed ChemoTopoChip; f) TMPMP and TEGDA, used to mould ChemoTopoChip features. 
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the process from the constraints of simple geometric form, and used machine-learning to predict new structures likely to elicit desirable cell responses.21, 

22, 23  

  

Here we describe a high-throughput screening tool, the ChemoTopoChip, which combines for the first time the two screening methods to identify useful 

combinations and facilitate development of structure-function relationships to elucidate mechanisms of cell instruction using chemical and micro 

topographical cues.  

 

Results  

ChemoTopoChip Design 

The ChemoTopoChip design comprises 36 Topo units of a 500 × 500 µm size, including one flat control, arranged in 3 x 3 mm ChemoTopo units repeated 

27 times, each with a different chemical functionalisation (presented in Fig. 1 and Fig. S2 for high-resolution images). The micro topographies used were 

chosen from previous TopoChip screens to maximise the morphological differences of MSCs (Fig. 1c).24 The chemistries were chosen from libraries of 

(meth)acrylate and (meth)acylamide monomers to provide maximum chemical diversity (Fig. S1). The monomers are used to functionalise the surface of 

topographically moulded chips, which minimises differences in material compliance between chemistries sensed by the attached cells.  

 

Fig. 1: The ChemoTopoChip combinatorial screening platform  
a) Schematic showing ChemoTopoChip layout (walls of 30 µm height are used to separate each Topo unit); b) ChemoTopoChip ChemoTopo unit 
containing 35 topographies + flat area; c) Example Topo unit; d) ChemoTopoChip production process; e) Photographed ChemoTopoChip; f) TMPMP and 
TEGDA, used to mould ChemoTopoChip features. 
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Why do we need topographical biomaterials?

• Surface topography alone can evoke cellular responses 
• Synthetic biomaterials with controlled microtopographies 

(TopoChips) will have instructive properties similar to 
growth factors 

• Materials libraries that vary surface chemistry and 
micro/nano topographies (2D ChemoTopoChip and 3D 
ChemoArchiChip) have wider scope for bespoke control of 
cell fate

• We use libraries of 2176 different topographies

Vassey, et al. 
Matter, 2023, 6(3), 
887-90. 

Rostam, et al. 
Matter (Cell), 2020, 
2, 1-18.
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How do describe nanotopography mathematically?

Discrete cosine transform (DCT)

Topographical biomaterials

DCT i-DCT

Figueredo, et al. Effective 
descriptors for machine 
learning models of properties 
of topographical biomaterials, 
2023, in preparation 
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How do describe nanotopography mathematically?
Discrete cosine transform (DCT) descriptors

Vallieres, et al., Sci. Adv. 2020
Vassey et al. Adv. Sci, 2020 

S aureus attachment P aeruginosa attachment

Test set predictions

Descriptors P. Aeruginosa
R2 RMSE Original Size Size post LASSO

DCT 5 frequencies

DCT 10 Frequencies

0.78

0.77

0.04

0.04

25

100

13

32
DCT 15 Frequencies 0.81 0.04 225 83
DCT 20 Frequencies 0.82 0.04 400 71
DCT 25 Frequencies 0.84 0.09 625 110
DCT 50 Frequencies 0.85 0.10 2500 269
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Interpreting M2 polarizing chemistries and topographies 

Regression model of  macrophage attachment and M2/M1 phenotype. Bayesian neural net ML 
method and 1-hot descriptors for the chemistries and topographies

• Training set
Test set

Burroughs, et al. Biomater., 2021, 271, 120740
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Control of macrophage polarization by topography

(a) High throughput printing of polymer arrays with different surface chemistries, (b) monocyte isolation from human 
buffy coats and seeding onto polymer arrays for 6 days, followed by macrophage phenotype assignment to pro-
inflammatory (M1, red calprotectin fluorescent marker) and anti-inflammatory (M2, green mannose receptor 
fluorescent marker) phenotypes. (c) Polymers with high macrophage attachment and polarization in-vitro coated onto 
catheter segments, inserted subcutaneously into a mouse model, and assessed for their foreign body response. 

HTS approach to identify 
polymers that drive 
macrophage phenotype 
towards pro- or anti-
inflammatory status, in-
vitro and in-vivo. 
Useful to encourage 
healing in dental and 
wound applications.
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Proteomic analysis of hit polymers

Quantification of 
protein adsorbate 
thickness on polymer 
spots by XPS. 

Venn diagram for number of adsorbed 
proteins on 3 different polymer surfaces. 
Overnight incubation with RPMI-1640 
medium supplemented with 10% FBS, 
1% L- glutamine, 1% penicillin and 
streptomycin

Rostam et al. Immune-Instructive
Polymers Control Macrophage
Phenotype and Modulate the Foreign
Body Response In Vivo, Matter (Cell)., 
2020, 2, 1; 25; Vassey, et al. Immune 
modulation by design: using topography
to control human monocyte attachment
and macrophage differentiation, Adv. 
Sci, 2020, 1903392
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New applications: – 
• stem cell bioreactors 
• biomaterials 
• topographical biomaterials 
• fluorescent polymers
• porous materials for energy and environment
• surface chemistry analysis
• 2D materials
• photovoltaics
• catalysts
• corrosion & battery technology 
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Ye, Chrisofferson et al., 
Machine learning-assisted 
explora`on of a versa`le 
polymer plaaorm with 
charge transfer-dependent 
full-color emission, Chem 
(2022), 9(4), 924-947 

Polymer with charge transfer-dependent full-color emission 



New applications: – 
• stem cell bioreactors 
• biomaterials 
• topographical biomaterials 
• fluorescent polymers
• porous materials for energy and environment
• surface chemistry analysis
• 2D materials
• photovoltaics
• catalysts
• corrosion & battery technology 
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Porous materials for hydrogen storage
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Porous materials for hydrogen storage

Machine learning and in silico evolutionary methods have been useful 
in MOF discovery, helping explore massive chemical spaces

Thornton et al. EES 2016
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Porous materials for hydrogen storage

A combination of Grand Canonical Monte 
Carlo calculations and machine learning as 
fitness functions located the hypothetic 
MOFs with optimum operating properties

Thornton et al. EES 2016
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Porous materials for CO2 capture and conversion

Nanoporous materials are 
very promising candidates 
for CO2 capture and 
reduction. 
Materials for CO2 reduction 
need to adsorb H2 and CO2 
near catalytically active 
sites.

Thornton, Winkler  et al. 
RSC Adv. 2015; 5, 44361 
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Porous materials for CO2 and H2 storage and reaction

Neural network model predictions for CO2 
and H2 uptake. Training sets are based 
on hypothetical structures and the test 
sets are based on IZA structures. The test 
sets were predicted standard errors of 9.5 
(CO2), and 1.3 (H2) cm3 STP per cm3 . 

Thornton, Winkler  et al. RSC Adv. 2015; 5, 44361 

Neural network model predictions for 
total dual uptake of CO2 and H2 (1 : 4 
ratio leading to CH4 mol produced per m3 
of material) with structural features. Total 
dual uptake is predicted from structural 
descriptors for 300 thousand IZA 
materials.
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New applications: – 
• stem cell bioreactors 
• biomaterials 
• topographical biomaterials 
• fluorescent polymers
• porous materials for energy and environment
• surface chemistry analysis
• 2D materials
• photovoltaics
• catalysts
• corrosion & battery technology 
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Gardner et al. Adv. Mater. 
Interfaces 2022, 2201464 

• Hyperspectral data from time-of-flight secondary ion mass spectrometry (ToF-
SIMS) contain valuable information on the distribution of atomic and molecular 
species across a sample surface. 

• Modern ToF-SIMS instruments have high (nm) spatial resolution relative to most 
mass spectrometry imaging techniques. However, there is a trade-off between 
spatial and mass resolution. 

• By using a convolutional neural network (CNN) fusion method to fuse correlated 
high spatial and high mass resolution ToF-SIMS hyperspectral data sets we can 
generate resolution-enhanced images with both high spatial and mass resolution. 

• The state-of-the art non-negative matrix factorization, canonical correlation 
analysis (NMF CCA) method performed less well.

Spatial-Spectral Resolution Enhancement 
using a Convolutional Neural Network 

Low resolutionCNNNMF CCA
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New applications: – 
• stem cell bioreactors 
• biomaterials 
• topographical biomaterials 
• fluorescent polymers
• porous materials for energy and environment
• surface chemistry analysis
• 2D materials
• photovoltaics
• catalysts
• corrosion & battery technology 
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Active Learning for Bandgap Predictions of Novel 2D Heterostructures

Active learning is a special 
case of machine learning in 
which a learning algorithm can 
interactively query a user (or 
some other information 
source) to label new data 
points with the desired 
outputs. In statistics literature, 
it is sometimes called optimal 
experimental design. 

Fronzi et al. Adv. Intell. 
Sys. 2021, 3, 2100080.
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Model results are labeled progressively by 
four steps where each step adds 
additional data point sets (XAL1…XAL3) to 
the initial 109 bilayers. 

The fifth run was carried out using 
additional 52 bilayers (XAL4) to test the 
convergence of the parameters.

Ac#ve Learning for Bandgap Predic#ons of Novel 2D Heterostructures
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New applications: – 
• stem cell bioreactors 
• biomaterials 
• topographical biomaterials 
• fluorescent polymers
• porous materials for energy and environment
• surface chemistry analysis
• 2D materials
• photovoltaics
• catalysts
• corrosion & battery technology 
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Metamodels for narrow bandgap oxide photocatalyst discovery

Mai et al. Use of Meta Models 
for Rapid Discovery of Narrow 
Bandgap Oxide 
Photocatalysts, iScience 
(Cell), 2021 24 (9), 103068.



Metamodels for narrow bandgap oxide photocatalyst discovery

Mai et al. iScience (Cell), 2021 24 (9), 103068.

Meta-learning in 
machine 
learning refers 
to learning 
algorithms that 
learn from other 
learning 
algorithms.
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Metamodels for narrow bandgap oxide photocatalyst discovery
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Metamodels for narrow bandgap oxide photocatalyst discovery

Mai et al. Use of Meta Models for Rapid Discovery of Narrow Bandgap Oxide Photocatalysts, iScience (Cell), 2021 24 (9), 103068.
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Metamodels for narrow bandgap oxide photocatalyst discovery

Mai et al. Use of Meta Models for Rapid Discovery of Narrow Bandgap Oxide Photocatalysts, iScience (Cell), 2021 24 (9), 103068.
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New applications: – 
• stem cell bioreactors 
• next generation biomaterials 
• topographical biomaterials 
• fluorescent polymers
• porous materials for energy and environment
• surface chemistry analysis
• 2D materials
• photovoltaics
• catalysts
• corrosion & battery technology 
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Machine learning models of White 100 inhibitor set

Inhibition measured optically after 24 
hour immersion in 0.1 M NaCl
Aerospace alloy compositions : – 

• AA2024-T3 (Cu 5.3%, Mg 1.6%, Mn 0.6%, 
Fe 0.2%, Zn <0.1%)

• AA7075-T6 (Cu 1.4%, Mg 2.4%, Mn <0.1%, 
Fe 0.2%, Zn 5.4%) 

100 chemically diverse inhibitors at 
several initial pH values. 

Winkler, et al. Corros. Sci. 2016, 106, 229-235
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High throughput corrosion inhibition testing

AA 7075 initial pH 4 AA 2024 initial pH 4

Winkler, et al. Corros. Sci. 2016, 106, 229-235AIDD Workshop | Berlin March 2024 



Green organic corrosion inhibitors

Würger et al, npj Mater. Degrad. (2021) 5:2

• Effective chromate inhibitors are toxic and are being banned, more benign 
organic  inhibitors are needed

• The structural and chemical similarities between the dissolution 
modulators were transformed to high-dimensional space using the SOAP 
kernel in combination with a regularized entropy match (REMatch) 
strategy. 

• SOAP kernel compares local atomic environments of molecular 
compounds. 

• The REMatch kernel condenses the local similarities between two 
structures into a global similarity measure. A local environment is defined 
in a spherical region of radius rc around an atom and is built by a 
superposition of Gaussian functions with width ξ.
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Remaining QSAR/machine learning  issues
• Overcoming insufficient, noisy, or low diversity training data
• Generating more efficient and interpretable mathematical features/descriptors
• Selecting effective, context-aware features to reduce overfitting and aid 

interpretation
• Which machine learning algorithm is best? 
• How to best validate model robustness, predictivity, and domain of applicability
• Understanding feature importances and how they affect the modelled properties
• Deployment of models, prediction of new data, ‘inverting’ the model to generate 

better molecules
• Applying the power of QSAR/machine learning to new areas
• Taking advantage of new deep learning algorithms and large language models
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“In order to understand the universe, you must know the 
language in which it is written. And that language is 
mathematics.” 
— Galileo

“We are perhaps not far removed from the time when we 
shall be able to submit the bulk of chemical phenomena to 
calculation”. Joseph Louie Gay-Lussac (1888)
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IdenPfied outlier contributed to commercial scale amine solvent for CO2 capture
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