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Outline

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

AIDD Workshop | Berlin March 2024



Improving QSAR using
machine learning

Frank Burden,
Burden Index
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Understanding the Roles of the “Two QSARs”

Toshio Fujita' and David A. Winkler
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ABSTRACT: Quantitative structure—activity relationship
(QSAR) modeling has matured over the past 50 years and
has been very useful in discovering and optimizing drug leads.
Although its roots were in extra-thermodynamic relationships
within small sets of chemically similar molecules focused on
mechanistic interpretation, a second dass of QSAR models has
emerged that relies on machine leaming methods to generate
models from large, chemically diverse data sets for predictive
purposes. There has been a tension between the two groups of
QSAR practitioners that is unnecessary and possibly counter
productive. This paper explains the difference in philosophy
and application of these two distinct, but equally important,
classes of QSAR models and how they can work together

Explain

synergistically to accelerate the discovery of new drugs or materials

wntitative structure activity relationship (QSAR)

modeling is now more than S0 years old, and its utility
has been shown in numerous research publications and by the
number of new drug and agrochemical entities that have been
developed with its aid. The method has evolved very
substantially since the seminal linear regression QSAR models
published by Hansch and Fujita” Many new types of
molecular descriptors have been developed, new mathematical
methods such as neural networks, support vector
machines, ™
have been applied to mapping structure to activity, and
QSAR has now incorporated 3D structures using field based
methods like CoMFA and CoMSIA, conformation, and
chirality.” ~" The method has therefore evolved steadily since
the 1960s as has been well summarized in numerous recent
reviews of the history of QSAR methods™ ™

kernd regression,'” and random forest

scientific meetings and is largely unpublished, but there have
been a number of publications in the past decade or two that
have also carried this debate. For example, Zefirov and
Palyulin® discussed the general problem of descriptive versus
predictive QSAR arguing that high quality correlations are not
necessarily predictive. Trospha et al. subsequently summarized
work by several QSAR practitioners who emphasized that “one
of the most important aspects of QSAR modelling is the ability
to interpret the modds in physico-chemical and/or mechanistic
sense” (pure or dassical QSAR moddlers).” However, some of
these studies did not rigorously validate these mechanistically
focused models, an essential step in good QSAR modeling
Tropsha et al. made the important point that QSPR models
must be validated for predictive power before they are applied
to predict, let dlone explain, the structure—property rdation.
ships of biological, pharmaceutical, environmental, or any other
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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 1960-1990
modelling
strategies
have
changed

1990-2020

Fujita; Winkler,
Understanding the roles of
the “two QSARs”, J. Chem.

Inf. Mod. 2016 56 (2), pp
269; Barnard et al. 2010-now

Nanoscale, 2019, 11, F*
19190 ah
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QSAR/machine learning unit operations |

« |deally 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

AIDD Workshop | Berlin March 2024



Our contribution to QSAR methods o i

Feature Machine

Validation Predictions

selection learning

Image-based

Separate test set

Sparse L1 BRANN (Gaussian)
Vectorvl\/l'

Burden and Winkler. Optimum QS/ Burden and Winkler. Robust @ Alexander et al. Beware of R?: correct statistical usage in QSAR and
Sparse Bayesian Methods, QSAR Artificial Neural Networks, J. A QSPR studies, J. Chem. Inf. Model. 2015; 55: 1316
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Effective and context-aware feature selection

0.8 . v _ |

~——

Distribution of weights: Least squares (MLR) has a Gaussian prior

3
This can be replaced with a Laplacian prior

Model Weight

Ny

p(wla)=l_[%exp(—a|w,.|)

w
i=1

which effects the removal of uninformative weights by driving them Burden, Winkler. QSAR Comb Sci.
to zero,

2009; 28: 645-653

Tvwv avw wwwv o R ANER

Flgure 1. Frequency of a chance correlation with a rg, value greater b
* than0.25,asa functlon of the numbers of rows and columns contammg

126227 text for furthcr dl\CUS&IOﬂ
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Which machine learning algorithm is best?

MDRI1-MDCK ER

Table 1. Comparison o iter than random forest.

Green: BNN better than , ' . , 1
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Pearson’s r for 20 test sets
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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

As data a| |, the
method is

For largery est
Test set p 1AE
rather tha
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Hepatocyte clearance

Assessing and using feature importance

Half life Hydration free energy

$1200
00 ~
1000 &
800
600
400

200

of information as these approaches are not context-aware and reduce several quantifiers to a single crisp
cutpur. Mo~e imjortuntlv. their representatio ) ¢f “imuvortance” as wefficients may be difficult to com-

Interpretability

about . ‘ ; SCrI ‘.\hchlnc learning
Responsible Al
can overcome some of the important limitations of crisp fusion methods by making the importance of

features easily understandable.

preszid Sy end-user: and decision raakers. Here v shovs hew thie use of fuzzy data fusion methods
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Deploying the model
(a) e ®

cleccce!

Fraction

Building
p—— VVV\ . == collector

block hotel

|

Microreactor

Feedback
Computer Piitdutndl Assay ——— Reformatting

model

Schneider, G Automatlng drug discovery. Nat Rev Drug Discov 17, 97-113 (2018)

Neural Network PR— Mol 5
el Most Probable DecoN
argmax p(*lz) d .
ISCover
Gomez-Bombarelli et al. Automatic Chemical Design Using a &ﬂﬂg y

PORIECRIRES Data-Driven Continuous Representation of Molecules, ACS Cent. N ©

I

AIDD Workshop | Berlin March 2024




Applying QSAR/ML to new areas

»
Chem Soc Rev s

W) Check for updates

Cite this: Chem
49

rsc.li/chem-soc-rev
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ROYAL SOCIETY
OF CHEMISTRY

QSAR without borders

Eugene N. Muratov, {2)®° Jiirgen Bajorath,
Igor V. Tetko, Dmitry Filimonov, £2' Vladimir Poroikov, {2' Tudor I. Oprea,
Igor |. Baskin, Alexandre Varnek, Adrian Roitberg, Olexandr Isayev,
Stefano Curtalolo, ‘=™ Denis Fourches, =" Yoram Cohen, Alan Aspuru-Guazik,
David A. Winkler, "' Dimitris Agrafiotis, {2 Artem Cherkasov ) * and
Alexander Tropsha . *®

Robert P. Sheridan,

most important applications
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Machine learning is very widely applicable

Documents by subject area

ABDD Workshop | Berlin March 2024

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’ drugs



Recent applications of sparse methods
« Stem cell biomarkers (Asymmetrex)

« Sr-induced mesenchymal stem cell
differentiation (RepRegen/Stronbone)

» Colorectal cancer biomarkers

AIDD Workshop | Berlin March 2024



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

AIDD Workshop | Berlin March 2024

Sparse feature selection identifies H2A.Z  ()cws
as a novel, pattern-specific biomarker for

asymmetrically self-renewing distributed
stem cells

Yang Hoon Huh?, Minsoo Noh®, Frank R. Burden®, Jennifer C. Chen¢,
David A. Winkler®¢** James L. Sherley®™*

ce Institute, 169-148 Gwahak-ro, Yuseong-gu, Daejeon 305-806,

enter, University of Massachusetts Medical

O
dasgmmetrex



Discovering new stem cell markers

Model Systems for Orthogonal-Intersection Gene Microarrays for
Studying Genes Associated with Asymmetric Self-Renewal

SYM ASYM
Protein Expression Profile of ASRA Genes
ASRA | Protein Consistency with gene's mRNA micro- | SYM or ASYM
genes | expression | Cellular localization array profile (5-8, +Zn)
H2.AFZ Yes Nuclear Consistent, Downregulated Asymmetry
BTG1 Yes Nuclear, Cytoplasmic Consistent, Upregulated Symmetry
DNAJB11 Yes Nuclear, Cytoplasmic | Consistent, SIigjh}Iy downregulated Symmetry

AIDD Workshop | Berlin March 2024



Recent applications of sparse methods
« Stem cell biomarkers (Asymmetrex)

« Sr-induced mesenchymal stem cell
differentiation (RepRegen/Stronbone) L

« Col tal o] K 1
olorectal cancer biomarkers ..,,9; %4'7 K @

EXIT
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Sr-induced osteogenic differentiation of MSCs

Strontium ranelate (Protelos®) approved in EU for the treatment and prevention of
osteoporosis — strontium is the active component. Reduces risk of vertebral and
non-vertebral fractures in post-menopausal women. Although controversial,
reported to have an anabolic AND anti-catabolic effect on bone

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

[ Placebo [ Strontium ranelate

Patients with new fracture,
cumulative incidence

Placeho

RR=0.84, 95%CI[0.702 ;0.995] ; P=0.04

Strontium ranelate

|~ Strontium
. Bone
_Maker.

340 myg / 120 Vegsie

Probability of Vertebral Fracture (%)

Time (months)

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

AIDD Workshop | Berlin March 2024

lonic environment

24 h incubation ‘ modification

at37°C
+ Filtration
BG + M’edlum BG-coﬁdmoned
media
CTL = No BG
Sr0 = BG with 0% Sr-substitution
Sr10 = BG with 10% Sr-substitution
Sr100 = BG with 100% Sr-substitution

Equilibration &
incubation with h(MSC

t=0, 30min, 2h,#h
48h, 5d, 10d

Objective microarray analysis:

EM & functional clustering analysig

Aembrane compostion Raman spectroscopy mapping: mRNA and protein expression
Ojective analysis at the cell level 5

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

REPREGEN"




Whole genome gene expression analysis

Model Weight

Gene
symts!

PMiPz2

TMEM147

FDFT1

rarmesyi-dipnespiate famesyitransierase 1 Nivi_004462

* PMP22: glycoprotein associated with lipid
rafts that modulate apoptosis;icell

morphology, and actin Stress

*TMEM?147: transmembrane protein Ilthat
binds to cholesteroliarid G protein-coupled
receptors

- FDFT1: key mediator of the isoprenoid

biosynthesis pathway; directs the formation
of sterol/non-sterol metabolites

Gene name GeneBank  Contribution p-value
accession n° factor

peripneral myelin protein 22 NM_000304 2.2+4/-0.9 0.01

2.7+/-1.4 0.04
G.8+/-0.5 0.09

wansmembrane protein 147 NIvi_032635

REPREGEN"



Recent applications of sparse methods
« Stem cell biomarkers (Asymmetrex)

« Sr-induced mesenchymal stem cell differentiation
(RepRegen/Stronbone)

 (Colorectal cancer biomarkers
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iomarkers for colorectal cancer detection

* CRC is the third most common cancer.

ORIGINAL ARTIC!

Staging of colorectal cancer using lipid biomarkers and machine ® Altered ||p|d metabOhsm and

learning

chemokine expression during CRC
progression and metastasis.

Sanduru Thamarai Krishnan'?? . David Winkler*>® . Darren Creek'” - Dovile Anderson’” - Chandra Kirana®
Guy J Maddern®® . Kevin Fenix®® . Ehud Hauben®® - David Rudd'” - Nicolas Hans Voelcker'*'®

mber 2023

\ « Diagnostic and prognostic biomarkers

Introduction ¢ cancer worldwide. Alteration in lipid metabo-

lism and chemokine expression are considered hallmark characteristics of malignant progression and metastasis of CRC

Validated dis nd pr c ers 3 ded to define molecular hete us CRC clinical stages .tl d d t d f- |- . |
ot e Gt e b ook vl o urgently neeaed to derine clinica

Objectives The aim of this study was to integrate lipid ¢ entrations of chemokines, such as platelet factor 4

and interleukir e marke! sured in plasma samples, with clinical features from patients at different CRC H H
sl LotV sobemr e (G120 stages and subtypes_ Liver dominant
Methods High-re " : els of can-
didate lipid atie erative plasma samples and combined with chemokine, gene and clinical .

data. Machine le were then traine pwa clinical outcomes to select biomarker combinations that best metast asis haS oor Outcomes

classify CRC sta

Results Bayesian neural net and multilinear re - ming identified candidate biomarkers that classify CRC

(stages I-III), CLM patients and control subjects (cances or patients with polyps/diverticulitis), sho! x tha tng . . .

specific lipid signatures and chemokines (platelet factor-4 and interluken-8; IL-8) can improve prognostic accuracy. Gene ° Used Sparse model I I ng to Identlfy Set Of
marker status could contribute to disease prediction, but requires ubiquitous testing in clinical r

n Our findings demonstrate that correlating multiple disease related es W uld improve

sis. The identified signatures could be used as reference biomarkers to predict CRC prognosis and classify H H
itz s - most relevant lipids for

Keywords Metastatic colorectal cancer classification - Biomarker - Multi-omics - Machine leaming - Cancer Subtypes
Lipidomics
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Biomarkers staging colorectal cancers (CRC)

w
JU—

HPLC-MS Features T - test P - value

Batch Il
Batch effect

Intarrant

&

Median Centring
Normalization

outlier features

Excluded non-relevant
metabolites and

w

N

o
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©
-
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Dataset 1 Dataset 2 Dataset 3

(only lipid (only lipid (features include gender,

features) features) waist size, protein, gene
status and lipid dataset)

Data Split
Training set 67%
Test set 33%
e

(=}

Feature
selection

2 3
Clinical stage

AN O\ oV ©° N MG(10:U)

O 20" WV WV e CE
Q@‘?,\OQQ A < PA(24:0)
\d PC(18:2)

‘ SPARSE Multilinear/Bayesian Neural Network -1

l l

Feature selection and
neural network classifier
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Tripeptide motifs

Drug design tool

* Novel antibiotics (Betabiotics)

« Lead first-in-class myelofibrosis drug

AIDD Workshop | Berlin March 2024



Biologically-relevant tripeptide motifs

r?%%se%q]ya[a_ 86%%”5000 tripeptides Inhibition versus number of heavy atoms in ligand
stimulates pituitary gland controlling thyroid-stimulating hormone secretion

of throgaha

Sk stributi
DHP

800

Frequency

25 30
Number of heavy atoms
KPV anti-inflammatory properties
HAV cadherin recognition sequence Ung & Winkler, J. Med. Chem. 2011, 54, 1111
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Tripeptide motifs

Drug design tool

* Novel antibiotics (Betabiotics)

« Lead first-in-class myelofibrosis drug

AIDD Workshop | Berlin March 2024




Application of tripeptide motifs: Global antibiotic crisis

BAb Bucs, No DRucs - No new antibiotic classes 1970-2000 when

As Antibiotic Discovery Stag

A Public Health Crisis Brews Betablotlcs 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

e
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wehi.edu.au

DNA

polymerase
beta protein
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Alignments of
polB & Cin
eubacteria

Wijffels et al., J. Med. Chem., 2011.
Kurz et al., J. Bacteriol. 2004.
Wijffels et al., Biochem. 2004.
Dalrymple et al., PNAS 2001.
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PolC - eubacteria
Clostridium difficile
Bacillus anthracis
Bacillus subtilis

Bacillus stearothermophilus

Staphylococcus aureus
Enterococcus faecalis
Streptococcus pyogenes
Streptococcus pneumoniae
Lactococcus lactis
Ureaplasma urealyticum
Mycoplasma pulmonis
Mycoplasma genitalium
Mycoplasma pneumoniae
Clostridium acetobutylicum
Thermotoga maritima
PolB - eubacteria
Escherichia coli
Salmonella typhimurium
Klebsiella pneumoniae
Yersinia pestis

Vibrio cholerae
Pseudomonas aeruginosa
Pseudomonas putida
Shewanella putrefaciens

TNHGSLENMSE -RNJ
DSQGCLGDLPD—-QNJ
DRHGCLESLPD-QN[
ESRGCLDSLPD—-HN{
DELGSLPNLPD-KA
NENGVLKDLPD—-EN[
DEMGILGNMPE-DN{
DEMGILGNMPE - DNJ
TNMGVLEGMPD—DNE
RVLGVLDHLSE-TEJ
KSMGIFEQIPE-TN{
EQ#IBgDEFEH-QDI
TeMo1# DEFREQDNE
RKFGCLKGLPE-SDJ
KSLGVLGDLPE-TE[

IE-DNFATLM--TG}
VE—DNFATLL——TGE
VN—DDFATIV——TGi
TQ—DDFTTLI——TGi
IG-KQFDELI--AP
VG-DDFATLV--D
VG-DDFARLT—-DH{
MK-LNYTNIA--SK{




D/SLF —beta protein inhibitors design
A database search ”“‘" ' ’ /,'

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

2 \\' 1 |

There was a surprising
degree of conservation
of 3D structure,
providing a
pharmacophore for
virtual screening of

small molecule libraries. 7
AIDD Workshop | Berlin March 2024 ! -




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

Healthy bone marrow Myelofibrosis

» 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).

AIDD Workshop | Berlin March 2024



oiesis

Role of thrombopoietin (TPO) in haemato

SCF, IL-3, SCF, IL-3,
IL-6, IL-11, IL-6, IL-11, IL-6,
SCh LIF, GCSF LIF, EPO, IL-11,
TPO TPO TPO TPO
E— — \——— 'v E—

Stem cell Multipotent Committed
progenitor megakaryocyte Imr;ature
cell progenitor IR

cell

AIDD Workshop | Berlin March 2024

://wwwé.utsouthwestern.edu/huanglab/research.jpg

& . TPO ™y
‘ —)
Platelets
Mature
megakaryocyte




Myelofibrosis: tripeptide motif from phage display

Table 1. Family 2 binding peptides from phage display that identify the
minimal motif specific to c-Mpl.*”

Peptide Sequence ICso [NM]

AF12192 GCTLREWLHGGFCGG 200
AF12193 GGCADGPTLREWISFCGG 60
AF12359 GNADGPTLRQWLEGRRPKN 60
AF12434 LATEGPTLRQWLHGNGRDT 20
AF12405 TIKGPTLRQWLKSREHTS 50
AF12505 IEGPTLRQWLAARA 2
AF13948 IEGPTLRQWLAARA(PBAIA)K 0.5

ARAALWQRLTPGETI




First small molecule TPO antagonist f > @

Testing LCP4 peptides as antagonists of the TPO receptor in FD-Mpl cells 26/06/15

5Cs

with cytokines + LCP4 (100 nM) % Reduction*

47.1
65.9

7.3
38.1

38.8
14.1
721
25.7

NO CELLS Dap(ClAc)LCP4

TPO controls A2,19 LP4linear  A2,19 LP4linear 10ng/mLLys(CIAc)LCP4 6ng/mL Lys(CIAc)LCP4 10ng/m Dap(ClAc)LCP4 Dap(ClAc)LCP4
6ng/mLTPO TPO TPO TPO 6ng/mLTPO 10ng/mLTPO

~

AIDD Workshop | Berlin March 2024
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Blood 127 (2016)

ChemMedChem. 2013

Exp. Hematol. 2013

Mol. BioSyst. 2012

Cytokine Growth Fact. Rev. 2011 &gjijly
ChemMedChem. 2009.
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Recent molecular design research: —

« COVID drugs and origin of virus
Antifibrotics/antihypertensives (Vectus) s,

EXIT
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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 BY CHARLES
of a lab leak never got a fair look. SCHMIDT

: ’ (HTTPS://UNDA
AUTHOR/CHAR

personnel stand guard outside the Wuhan
; SCHMIDT/)

) gy in Wuhan in February, as members of the
World Health Organization (WHO) team investigating the 03.17.2021
origins of the d-19 coronavirus pay a visit. Visual: Hector
Retamal | AFP via Getty Images

N IKOLAI PETROVSKY was scrolling through
social media after a day on the ski
slopes when reports describing a

mysterious cluster of pneumonia cases < LATROBE

® P INSTITUTE FOR

[ MOLECULAR SCIENCE|
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Infection-initiating event — spike interaction with ACE2
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SARS-CoV-2 spike and ACE2 models !ﬁ!

* The modelled struct Plot and

i i crystalRBD
molprobity scores in i b s e RBD

YB). Very high
b EM structures

 Structure of the ope
structural similarity o
(PDB ID 6MO0J (RBD) 3

cture using hybrid
uman species
ate possible bias,
)endently by
0.5-0.8 A,

* Homology modelled
HDOCK method. Pote
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showing very strong {

L
LA TROBE
VAXINEe@e& P INSTITUTEFOR
& @ MOLECULARSCIENCE

AIDD Workshop | Berlin March 2024



Spike—ACE2 binding free energies and observed infectivities

Species AGegn1 AGpmvipesa SARS-Cov-2 infectivity
(kcal/mol) (kcal/mol)

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 2324
Canis luparis (dog) -50.8 -49.5 Permissive, low/mod infectivity, no overt disease 2>

Macaca fascicularis (monkey) -50.4 -50.8 Permissive, high infectivity, lung disease 1!
Mesocricetus auratus (hamster)  -49.7 -50.0 Permissive, high infectivity, lung disease 272

Mustela putorius furo (ferret) -48.6 -49.2 Permissive, moderate infectivity, no overt disease 2830
Felis catus (cat) -47.6 -48.9 Permissive, high infectivity, lung disease 262931
Panthera tigris (tiger) -47.3 -42.5 Permissive, overt disease, RNA positive?®

Rhinolophus sinicus (bat) -46.9 -50.1+1.0 Not permissive 1
Paguma larvata (civet) -45.1 -46.1 No reported infection
Equus ferus caballus (horse) -44.1 -49.2 No naturally occurring infections?®

Bos taurus (cattle) -43.6 -42.5 No naturally occurring infections?®

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

Mus musculus (mouse) -38.8 -39.4 Resistant to infection?® C e
VAaXIN€ge LA TROBE
@ ’ INSTITUTE FOR
> MOLECULAR SCIENCE]

AIDD Workshop | Berlin March 2024




Spike—ACE2 binding free energies and observed infectivities
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Drug repurposing targets — SARS-CoV-2 proteins (nsp)

RNAdireclcd
RNA polymerase

Nucleocapsid
protein

A

5 Spike protein
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3CL-PRO  NSPT NSP9
F P I T Rd! ExoN
NSPE  NSPB  NSP10

7 X

< urigyite-spocific .}
endoribonuclease )

NSP10 Guanine-N7 methyllransfarase

25000 ORF3a ORF6 ORFS |
s~ Fam d - 4 JN 2
ORF10 3" UTR

NendoU  2'-O-MT

e )55 membrane protain
Pt 2l

i\\ | 2 Envelope small
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Hg P 2

7%

2-0-methyltraaslerase Membrane protain ORF?a ORF10

Zhang Lab, UMich
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Computational screening of SARS-CoV-2 target proteins

Selection based on docking
Score

Molecular

Dvnamics Free Energy
Sil)l’lnulation = Calculation

(Gromacs) (2_mmPBSA)

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

Bemcentinib Montelukast Ritonavir Remdesivir

O e
I o] OH \/S{\/jN (o]

. . Significant reducti In vitro EC5y 5.73 pM, Multiple human trials, in
Phase 2 clinical trial, ED, Significant reguction Multiple single agent vitro EC,, 23.15 uM,
0.1 (Huh7.5), 0.47 (Vero), in SARS-CoV-2 and combination predicted MP and RdRp
2.1 (Calu3) pM, predicted infection in elderly human trials e.g.27:76. binding
2’-O-methyltransferase asthmatic patients In vitro EC.. 26.63
nsp16/nsp10 complex treated with MK. uM.77 Predicted MP®
binding Several predicted binding

MPr binding studies

Q |ATROBE

MOLECULAR SCIENCE|

15% of 87 top predicted repurposing hits have experimental validation as of Sept 2020 ( ‘p INSTITUTE FOR
[
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RNA/DNA polymerases

DNA primase

DNA-ligase RNA primer,
DNA-Polymerase (Pola)
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Experimental validation of top 10 hit repurposed drugs

Ivermectin Bemcentinib

A .
O )/
0 -N

10-40% protection at 50uM
in Vero cells. ICsg 100nM
ICs0 0f 2.2 - 2.8 uM in and CCsp 4.7uM in human
monkey kidney cells. Huh7.5 cells and ICs; of
470nM and CCso Of 1.6uM in
Vero cells, investigational
treatment for COVID-19
(www.clinicaltrialsregister.eu,
predicted to bind to Mpro.2

>30% of 80 top predicted repurposing hits have experimental validation as of Jan 2021 F’ P INSTITUTE FOR
od MOLECULAR SCIENCE|
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RNA/DNA helicases

DNA primase

DNA-ligase RNA primer,
DNA-Polymerase (Pola)

= NI lilihg
Okaza ki frag ment
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DNA Polymerase (Pold)
Helicase
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Experimental validation of top 10 hit repurposed drugs

Hesperidin Conivaptan Manidipine (Ca Tlpr.ar-lavllr
(citrus flavanone (vasopressin channel blocker, (aﬁ'-m{lra protease
glycoside) inhibitor) anti-hypertensive) inhibitor)
N/\/O (0]
H e
o @* o
ICs50 10uM against SARS- Inhibits replication of
SARS-Cov-2 Mpro CoV-2 Mpro ; 14uM against SARS-CoV-2 in VeroEG_
inhibition 1Cso = 8.3 uM PLpro. Apparent SARS-CoV— cells, but low S| (ECsp =
2 ECs9 = 15+1 uM in plaque 13 M, CCsp = 77 M, Sl
reduction assay. Kinetic =0).

SARS-CoV-2 ECs 10uM Mpro ICso = 4.8 uM. SARS-
CCso 13uM in HEK-293T e a Oy
cells.3 ECsp = 12.2 uM OV=2 activity In In

. 5 cells (IC5p=2uM) and Vero
against HCoV-0OC43 cells (ICs,=7.5uM).
® Q  aTROBE

~30% of 87 top predicted repurposing hits have experimental validation at Mar 2021 | P INSTTUTEFOR |
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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

EXIT
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Polymers to grow stem cells

Stroke . Baldness

Traumatic brain injury

Learning defects
Alzheimer's disease -

Deafness

Parkinson's diseasV
Missing teeth o Amyotrophic lateral-

Blindness

sclerosis

f
Wound healing —= it
Myocardia

transplantation
(currently established)

Spinal cord injury __/
Osteoarthritis /

Rheumatoid arthritis LCrohn's disease Cancers

Bone marrow . o WA infarction

L Multiple sites:

r TheUniyersityof
M | Nottingham
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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

AIDD Workshop | Berlin March 2024

Materials for stem cell factories of the future

Adam D. Celiz", James G.W. Smith?, Robert Langer?, Daniel G. Anderson?, David A. Winkler*®,
David A. Barrett®, Martyn C. Davies', Lorraine E. Young?, Chris Denning?* and Morgan R. Alexander™

Polymeric substrates are being identified that could permit translation of human pluripotent stem cells from laboratory-based
research to industrial-scale biomedicine. Well-defined materials are required to allow cell banking and to provide the raw
material for reproducible differentiation into lineages for large-scale drug-screening programs and clinical use. Yet more than
1 billion cells for each patient are needed to replace losses during heart attack, multiple sclerosis and diabetes. Producing this
number of cellsis challenging, and a rethink of the current predominant cell-derived substrates is needed to provide technology
that can be scaled to meet the needs of millions of patients a year. In this Review, we consider the role of materials discovery, an
emerging area of materials chemistry that is in large part driven by the challenges posed by biologists to materials scientists.




Polymers to grow stem cells
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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

EXIT
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Pathogen Attachment to Polymer Surfaces

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.

ATracnment ST OWLI

r TheUniyersitgof
&' | Nottingham
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Experimental details

Pseudomonas aeruginosa adhesion

70000000

60000000

50000000

40000000
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20000000

10000000

0

23

45

67

89
111
133
155
177
199
221
243
265
287
309
331
353
375
397
419
441
463

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.

The University of
Nottingham
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Polymer library (576 members)
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Single pathogen attachment models o >

S. aureus P. aeruginosa Uropathogenic E. coli
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Measured log UPEC fluorescence
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Measured log SA fluorescence Measured log PA fluorescence

458 data points 464 data points 133 data points

Epa et al. Adv. Funct. Mater. 2014; 24: 2085
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Multiple pathogen attachment models Y™

»d MOLECULAR SCIENCE
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New applications: —

« stem cell bioreactors
biomaterials

« topographical biomaterials
« fluorescent polymers

« surface chemistry analysis

«  porous materials for energy and environment

« 2D materials

«  photovoltaics

« catalysts

« corrosion & battery technology

EXIT
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Topographical biomaterials

——

Jan de Boer
Cell-Topographic Topographic Libary Screening and Biomedical
Interaction (TopoChip) Identification of hits Device
COﬂth' Of Ce” fates B Primitives ——=» Feature = TopoUnit C
achieved by surface
microtopography,

chemistry, or both

290 x 290 pm?

Unadkat et al. PNAS 2011, 108 , 16565-16570 TU/e

EINDHOVEN
UNIVERSITY OF
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ChemoTopoChip

500 x 500 pm

Silicon master
Drop-casting,
UV curing

Moulding of base polymer

|
L

Deposition of chemistries

UV curing,
Washing

M\

ChemoTopo Chip

Silanised glass
B Diacrylate-co-trithiol
Bl Chemistry of interest

TEGDA

a) Schematic showing ChemoTopoChip layout (walls of 30 um 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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Burroughs, et al. BioRxiv 2020.04.29.067421



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 Vassey, et al.

Matter, 2023, 6(3),

* Materials libraries that vary surface chemistry and 887-90.

micro/nano topographies (2D ChemoTopoChip and 3D ‘ Rostam, et al.
ChemoArchiChip) have wider scope for bespoke control of s—— Matter (Cell), 2020,

SN 2 1-18
, 1-18.

cell fate AR

B e e i e

We use libraries of 2176 different topographies

TU/e

EINDHOVEN
UNIVERSITY OF
TECHNOLOGY

Nuill.n‘qtm‘m
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How do describe nanotopography mathematically?

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

Primitives &

DCT
o

Topographical biomaterials

TU/e

EINDHOVEN
UNIVERSITY OF
TECHNOLOGY

The University of
Nottingham
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How do describe nanotopography mathematically?

Discrete cosine transform (DCT) descriptors

S aureus attachment P aeruginosa attachment

== = Best fit 81 = Best fit

a R - nad 22 - n a1

Descriptors P. Aeruginosa
R2 Original Size Size post LASSO
DCT 5 frequencies 0.04

DCT 10 Frequencies 0.04
DCT 15 Frequencies 0.04
DCT 20 Frequencies 0.04
DCT 25 Frequencies 0.09

DCT 50 Frequencies 0.10

Test set predictions

Vallieres, et al., Sci. Adv. 2020
Vassey et al. Adv. Sci, 2020 TU /e

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

Burroughs, et al. Biomater., 2021, 271, 120740
AIDD Workshop | Berlin March 2024



Control of macrophage polarization by topography

HTS approach to identify
polymers that drive
macrophage phenotype
towards pro- or anti-
inflammatory status, in-
vitro and in-vivo.

Pol : - ¢

olymer spot Wound healing Useful to encourage
| healing in dental and
wound applications.

_ Monocyte isolation

Implant coatings

In-vivo studies |

(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.
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Proteomic analysis of hit polymers

4 //C3—98\\

© 4-trimethylaminobutyraldehyde
dehydrogenase
* Actin-related protein 2/3 complex

o Aderinephosphoribosyliansierase : Rostam et al. Immune-Instructive
3 ey cyclase sssocated poton 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
K Peconcursmaforsss subunit + Tansgelin2 - to control human monocyte attachment
+ Ssteomoduin C170 H24 C301 C255 C398 C408 and macrophage differentiation, Adv.
Sci, 2020, 1903392

-
o

ot
@

e
-

C301

® Apolipoprotein C-I ® CLEC11A protein
* Dickkopf-like 1 (Soggy) | * Coagulation factor XI
 Heat shock protein beta-1 | * Rhophilin-2

e
>

e
(X}

-
£
c

-
7]
]
@
c

x

L2

ke

o=
c
[

-
o
b

o

Venn diagram for number of adsorbed Quantification of
proteins on 3 different polymer surfaces.  protein adsorbate
Overnight incubation with RPMI-1640 thickness on polymer
medium supplemented with 10% FBS, spots by XPS.
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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

e catalysts

« corrosion & battery technology

EXIT
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Polymer with charge transfer-dependent full-color emission

QSPR MODELLING PROCESS
for property prediction of TSCT Polymer

TRAINING SET '\ |
& TEST SET ~

e

. Amé&o®  CiExsy MACHINE LEA!
“. ALGORITHMS i

EXPERIMENTAL
LIDATION

Ye, Chrisofferson et al.,
Machine learning-assisted
exploration of a versatile
polymer platform with
charge transfer-dependent
full-color emission, Chem
(2022), 9(4), 924-947

P RMIT

Pred. CIE y

UNIVERSITY
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New applications: —

. stem cell bioreactors
. biomaterials

a) Liquid H, _— ¢) Compressed H,

« topographical biomaterials

« fluorescent polymers

«  porous materials for energy and environment
« surface chemistry analysis

« 2D materials

«  photovoltaics

« catalysts

« corrosion & battery technology

EXIT
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Porous materials for hydrogen storage

#

Inorganic
nodes
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CHEMISTRY

The materials genome in action: identifying the
performance limits for methane storagef

Cory M. Simon,? Jihan Kim,® Diego A. Gomez-Gualdron,© Jeffrey S. Camp,®
Yongchul G. Chung,€ Richard L. Martin,® Rocio Mercado,” Michael W. Deem,?
Dan Gunter,® Maciej Haranczyk,® David S. Sholl,® Randall Q. Snurr*c

and Berend Smit*e™

Analogous to the way the Human Genome Project advanced an array of biological sciences by mapping the
human genome, the Materials Genome Initiative aims to enhance our understanding of the fundamentals of
materials scie by providing the information we need to accelerate the development of new materials.
This approach is particularly applicable to recently developed classes of nanoporous materials, such as
metal-organic frameworks (MOFs), which are synthesized from a limited set of molecular building
blocks that can be combined to generate a very large number of different structures. In this Perspective,
we illustrate how a materials genome approach can be used to search for high-performance adsorbent
materials to store natural gas in a vehicular fuel tank. Drawing upon recent reports of large databases of
existing and predicted nanoporous materials generated in silico, we have collected and compared on a
consistent basis the methane uptake in over 650 000 materials based on the results of molecular
simulation. The data that we have collected provide candidate structures for synthesis, reveal
relationships between structural characteristics and performance, and suggest that it may be difficult to
reach the current Advanced Research Project Agency-Energy (ARPA-E) target for natural gas storage




Porous materials for hydrogen storage

Thornton et al. EES 2016

AIDD Workshop | Berlin March 2024

b) Cryo-Adsorbed H,

L. - Nanoporous Materials Genome
a) Liquid H, c) Compressed H, ~850,000 structures

Computationally-Ready
Experimental MOFs

Cala®
Q Porous Hypothetical
Polymer Zeolites
High pressure Networks

Intermediate temperature
Intermediate pressure

Low temperature

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




Porous materials for hydrogen storage
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Porous materials for CO, capture and conversion

Nanoporous Materials Genome
~850,000 structures

Gas phase

DHg,, (kJ

Nanoporous material
very promising candiq
{0 Y =T VI(R=Tale W Formic acid: CO, + H, > HCOOH 15
reduction.
Materials for CO, red Formaldehyde: CO, + 2H, > HCOH + 36
need to adsorb H, anjaie,
near catalytically acti
sites.

Reaction mol™1)

Top Candidates

Methanol: CO, +3H, > H3COH +H,0

Methane: CO, +4H, > CH, +2H,0

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

Neural network model predictions for CO,
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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

EXIT
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Spatial-Spectral Resolution Enhancement
using a Convolutional Neural Network
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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

vdW heterostructures
by band gap energy

UISPEISIVIT I Preuivuvi s

AIDD Workshop | Berlin March 2024

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.

Australian Government

Australian Research Council




Active Learning for Bandgap Predictions of Novel 2D Heterostructures

Set RMSE [eV] MAE [eV] MAPE [%]

First run (X))

BNN-test

BNN-train
Model results are labeled progressively by — ESSSEII
four steps where each step adds
additional data point sets (XAL1...XAL3) to
the initial 109 bilayers.

BNN-test
BNN-train
Third run (Xar2)

The fifth run was carried out using BNN-test
additional 52 bilayers (XAL4) to test the BNN-train

convergence of the parameters. oirthirini0%s)

BNN-test
BNN-train
Fifth run (Xar4)
BNN-test
BNN-train
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New applications: —

. stem cell bioreactors
. biomaterials
« topographical biomaterials

«  fluorescent polymers

«  porous materials for energy and environment
« surface chemistry analysis l”ll“ll.l“.JJ.h
« 2D materials
«  photovoltaics
«  catalysts

« corrosion & battery technology

EXIT
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Metamodels for narrow bandgap oxide photocatalyst discovery

A %
é % Dataset

Literature Knowledge

+ o
¢ y Mai et al. Use of Meta Models

Features from DataBase _| Machine Learning Search unknown material space for Rapid Discovery of Narrow
Bandgap Oxide
) ) Photocatalysts, iScience
Candid8te List (Cell), 2021 24 (9), 103068.

Improve the model
when experimental results

are different from predictions
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Metamodels for narrow bandgap oxide photocatalyst discovery

Meta-learning in [:]
machine
learning refers

to learning
algorithms that
learn from other
learning
algorithms.

P RMIT

Mai et al. iScience (Cell), 2021 24 (9), 103068. UNIVERSITY
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Metamodels for narrow bandgap oxide photocatalyst discovery

Table 1. Performance of various models on the bandgap predictions on the BG dataset

Models R® RMSE [eV) MAE [eV] t-value/p value
SVR(rbf) 0.94/0.81 0.26 + 0.00/0.47 + 0.00 0.19 + 0.00/0.32 + 0.00 3.72/0.021
SVR(poly) 0.61/0.58 0.61 + 0.00/0.63 + 0.00 0.51 + 0.00/0.60 + 0.00 4.91/0.008
SVR(linear) 048/038  0.73 X 0.00/0.74 £ 000 0.52 T 0.00/0-72)+ 0.00 5.77/0.004

LASSO 0.51/0.46 0.69 £+ 0.00/0.71 + 0.00 0.66 + 0.00/0.72§+ 0.00 5.47/0.005

Ridge 0.51/0.45 0.69 + 0.00/0.71 £ 0.00 0.67 + 0.00/0.724 £+ 0.00 5.57/0.005
KRR 0.02/0.62 0.5 T 0.00/0.7T T 0.00 0.23 T 0.00/0.39 + 0.00 5.05/0.007

RF 0.94/0.87 0.30' == 0:02/0.37 = 0:05 0.18 + 0.01/0.24 + 0.02 11.5/0.0003
EXT 0.94/0.88 0.28 + 0.02/0.38 + 0.05 0.20 + 0.01/0.3¢ £+ 0.02 9.55/0.0007

GBR 0.99/0.87 0.10 == 0:02/0.35=F 0.05 0.06 + 0.01/0.3Q £+ 0.02 9.30/0.0007

Results are reported as training set/test set, RMSE and MAE are acquired from the average of 100 times training/testing.
Paired sample t test is carried out between one base-model and STRBG model on RMSE, degrees of freedom is 5 and
the pre-selected level of significance is 0.05.
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Metamodels for narrow bandgap oxide photocatalyst discovery

Table 4. Performance of the six base- and stacking meta-models on the H, activity classification with bandgap
descriptor (results are reported as training set/test set)

Models

AUC

Accuracy

F1 score

RF

GBT

EXT

Bagging (SVC-poly)
Bagging (SVC-rbf)
Bagging (SVC-linear)
STCha Il

1.00/0.88
1.00/0.85
0.96/0.84
1.00/0.85
1.00/0.87
0.91/0.84

0.96/0.83
0.95/0.84
0.92/0.84
0.99/0.82
0.97/0.87
0.98/0.82

0.98/0.85
0.97/0.86
0.96/0.85
0.92/0.83
0.98/0.86
0.99/0.84

0:99/0:97

0.98/0.96

0.98/0.96

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

AIDD Workshop | Berlin March 2024




Metamodels for narrow bandgap oxide photocatalyst discovery

Table 2. Predictions of the bandgap (eV) of the 10 unknown samples from base and metamodels

Material STRgG RF GBR EXT KRR SVR(rbf) SVR (poly) Reported bandgap
(Bao sNio 5)Bi,NbTaO, 272 3.16 3.14 2.92 2.98 2.69 2.94 2.55
BisTigO14 2.80 2.90 2.99 2.87 2.56 1.97 2.51 3.10
BisTizFeO1s 225 2.43 2405 2.17 2.07 1.67 1.98 2.03
BigTizFe,Oqg 337 2.42 248 247 2:57 3.06 1:55 372
CazFe,0Os5 2.22 2.43 2.00 2.14 222 2.06 2:39 2.10
LiVO3 3.34 3.15 3.41 2.92 3.38 2.88 3.56 3.30
KBiFe,Os 1.88 3.34 1.70 2.60 3.48 3.18 3.31 1.68
SrBioNb,Og 2.66 3.33 3.25 3.44 2.69 2.64 2.47 2.70
Sr0.99Bi2.01Nb1.99Nig0108.99 2.50 3.34 3.24 335 2.98 271 2.32 2.45
Sr0.91Bi2.09Nb1.91Nig 0908 91 2.48 3.34 3.24 3.39 2.99 2.69 2.30 2.25
Predictions within 10% I 10 1 4 3 8 3 1

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 R
« 2D materials

«  photovoltaics .
« catalysts
« corrosion & battery technology
EXIT
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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
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Green organic corrosion inhibitors
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7094 molecules
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Remaining QSAR/machine learning issues | e

« Overcoming insufficient, noisy, or low diversity training data 3’&
» 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

AIDD Workshop | Berlin March 2024



“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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