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Since 1993(!) — Neural Networks for Chemists @

Jure Zupan, Johann Gasteiger meilerlab

Neural Networks
for Chemists

An Introduction

J. Meiler  and R.
Meusinger "Use of Neural
Networks to Determine
Properties of Alkanes
from their 13C-NMR
Spectra" in Software -
Entwicklung in der
Chemie; Gasteiger, J.,
Ed. Gesellschaft
Deutscher Chemiker:
Frankfurt am Main; 1995;
Vol. 10: p. 259-263.
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10 March 2025

Back Propagation of Errors is the most popular Training
Algorithm

» Teaching process of multi-layer neural network employing backpropagation
algorithm. To illustrate this process, consider the three layer neural network with
two inputs and one output:

http://galaxy.agh.edu.pl/~vlsi/Al/backp_t_en/backprop.html
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10 March 2025

Back Propagation of Errors is the most popular Training
Algorithm

= Each neuron is composed of two units. First unit adds products of weights coefficients and input signals. The
second unit realizes nonlinear function, called neuron activation function. Signal e is summed weighted input
signal, and y = f(e) is output signal of nonlinear element. Signal y is also output signal of neuron:
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10 March 2025

Back Propagation of Errors is the most popular Training
Algorithm

= To teach the neural network we need training data set. The training data set consists of input signals (x, and x, ) assigned with corresponding
target (desired output) z. The network training is an iterative process. In each iteration weights coefficients of nodes are modified using new
data from training data set. Modification is calculated using algorithm described below: Each teaching step starts with forcing both input signals
from training set. After this stage we can determine output signals values for each neuron in each network layer. Pictures below illustrate how

signal is propagating through the network, Symbols w,,, represent weights of connections between network input x,,, and neuron n in input
layer. Symbols y, represents output signal of neuron n.

http://galaxy.agh.edu.pl/~vlsi/Al/backp_t_en/backprop.html
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10 March 2025

Back Propagation of Errors is the most popular Training
Algorithm

= Propagation of signals through the hidden layer. Symbols w, , represent weights of connections
between output of neuron m and input of neuron n in the next layer.

Vy = SaOWu v+ Wy vy + 103 75)

http://galaxy.agh.edu.pl/~vlsi/Al/backp_t_en/backprop.html
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Back Propagation of Errors is the most popular Training
Algorithm

= Propagation of signals through the hidden layer. Symbols w, , represent weights of connections
between output of neuron m and input of neuron n in the next layer.

Vs = fs (s 1) + 0551 + W55 15)

http://galaxy.agh.edu.pl/~vlsi/Al/backp_t_en/backprop.html

© Jens Meiler

12



10 March 2025

Back Propagation of Errors is the most popular Training
Algorithm

* Propagation of signals through the output layer.

http://galaxy.agh.edu.pl/~vlsi/Al/backp_t_en/backprop.html

© Jens Meiler
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10 March 2025

Back Propagation of Errors is the most popular Training
Algorithm

* In the next algorithm step the output signal of the network y is compared with the desired output
value (the target), which is found in training data set. The difference is called error signal d of output
layer neuron.

http://galaxy.agh.edu.pl/~vlsi/Al/backp_t_en/backprop.html
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10 March 2025

Back Propagation of Errors is the most popular Training
Algorithm

» |tis impossible to compute error signal for internal neurons directly, because output values of these
neurons are unknown. The idea is to propagate error signal d (computed in single teaching step)
back to all neurons, which output signals were input for discussed neuron.

http://galaxy.agh.edu.pl/~vlsi/Al/backp_t_en/backprop.html
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10 March 2025

Back Propagation of Errors is the most popular Training
Algorithm

The weights' coefficients w,,, used to propagate errors back are equal to this used during computing
output value. Only the direction of data flow is changed - signals are propagated from output to

inputs one after the other. This technique is used for all network layers. If propagated errors came
from few neurons they are added. The illustration is below:

http://galaxy.agh.edu.pl/~vlsi/Al/backp_t_en/backprop.html
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10 March 2025

Back Propagation of Errors is the most popular Training
Algorithm

= When the error signal for each neuron is computed, the weights coefficients of each neuron input
node may be modified. In formulas below df(e)/de represents derivative of neuron activation function
(which weights are modified).

r 1 =W ffjf({?)
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Back Propagation of Errors is the most popular Training
Algorithm

= When the error signal for each neuron is computed, the weights coefficients of each neuron input
node may be modified.
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Back Propagation of Errors is the most popular Training
Algorithm

= When the error signal for each neuron is computed, the weights coefficients of each neuron input
node may be modified.
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Algorithm
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node may be modified. In formulas below df(e)/de represents derivative of neuron activation function
(which weights are modified).

df,(e)

of — , o
Wiag= Wyg T1]0

v
{?1{’ <4

df,(e) ,
e

ot — 147 Ly

http://galaxy.agh.edu.pl/~vlsi/Al/backp_t_en/backprop.html

© Jens Meiler 25



The (Inverse) Protein Folding Problem E;:%W;P
Holy Grail of Comp. Structural Biology

meillerlab

Protein Folding Problem

O
@g & Sequence |——>| Structure
® s@V ‘

Inverse Folding Problem

= Given a protein’s AA sequence, what is its 3-
dimensional fold , and how does it get there?

= Assume 100 conformations for each amino
acid in a 100 amino acid protein = 102%
possible conformations!

= Cyrus Levinthal's paradox of protein
folding,1968.
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: Search
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commons Home | Software Doéuéﬂ;rmg[iun Eg:;]ﬂ’g | About | FRosettalON

The hub for Rosetta modeling software

Close coffaboration between the labs
‘the norm, even within single code

p. 665'680 = Rosetta Software: RosettaCommons: @ Rosetta News
=" The premier suite for An Innovative Medel for
macromalecular modeling Collabaration
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Protein Folding Problem
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Inverse Folding Problem

= Given a protein’s AA sequence, whatis its 3- = Given a protein fold, which primary sequence(s)

dimensional fold , and how does it get there? fold into it?

= Assume 100 conformations for each amino = Assume a total of 100 conformations for all 20
acid in a 100 amino acid protein = 1020 natural occurring amino acids side chains in a
possible conformations! 100 amino acid protein = 1029 possible

= Cyrus Levinthal’s paradox of protein conformations!
folding,1968. = Earth is less than 10'° years old.
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PhD - Prediction of protein secondary structure at
better than 70% accuracy

meilerlab
first level: second level: third level: prediction
profile generation sequence 1o structure  siructure lo structure Jury decision winner take all
from a multiple in: profiles, in: output of first in: output of (given here «
sequence alignment out; units for level, out: o, B, L different networks for the N at
(here: B-lactamase: 3bla) helix (o), strand (8) out; arithmetic position 4)
and loop(L) average foro, B, L
protein  DSSP  aligned number of
sequence  example: input
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B. Rost and C. Sander; "Prediction of protein secondary structure at better than 70% accuracy"; J. Mol. Biol.; 1993; Vol. 232 (2):
p. 584-99; J. Meiler, A. Zeidler, F. Schmaschke and M. Muller; "Generation and evaluation of dimension-reduced amino acid
parameter representations by artificial neural networks"; Journal of Molecular Modeling; 2001; Vol. 7 (9): p. 360-369.
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BCL::Jufo9D >70% correct 9-state prediction, ?Zg?)
>80% SS’ >90% TM meilerlab

tm C tr C solC tm S tr S solS tmH tr H sol H
1 tm c-ﬁ 48 2.0 6.9
I
!t c 1.9 - 15.3
L'IL sol C 3.8 23.0 439 2.4 2.5 8.7 2.4 11.2
|_
= tms 6 2_ 7.5
n tr S 3.0 12.0 14.2
—
< sol_S 3.7 6.2 11.1 49 559 TM trans-
TN membrane
OHC tm_H 2.0 3.8 TR transi.tion
:: tr H 20 16.9 SOL solution
n solH 14 6.0 9.0 2.9 H helix

S strand

J. K. Leman, R. Mueller, M. Karakas, N. Woetzel and J. Meiler; "Simultaneous prediction of protein C coil

secondary structure and transmembrane spans"; Proteins; 2013; Vol. 81 (7): p. 1127-40.
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Example 1: Succinate dehydrogenase ;};ég‘a
(1 NEK) meilerlab

= Secondary structure [l helix = Trans-membrane
prediction J stand span identification

. coil

membrane
. transition
solution

92% 81%
residues correct
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Example 2: EspP autotransporter 21:!”;)
beta-domain (2Q0M)  olorlat

= Secondary structure [l helix = Trans-membrane
prediction J stand span identification

. coil

membrane
. transition
solution

80% 74%
residues correct
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ANN — Derived Contact Numbers Improve ;ﬁégg
Membrane Protein Structure Prediction - ailoriab

d [ Local Sequence or Evolutionary Information ]

| Input Layer ] |

| Hidden Layer |

| Qutput Layer ] O

L Conlact Number orf RSA

@[ Apply Dropout ]

[ Local Sequence or Evolutionary Information

Cowaiaer ) [] - [X J - [X

(Fioden Layer I -

_Output Layer | O

| Contact Number or RSA 1

B. Li, J. Mendenhall, E. D. Nguyen, B. E. Weiner, A. W. Fischer and J. Meiler; "Accurate Prediction of Contact Numbers for Multi-
Spanning Helical Membrane Proteins"; J Chem Inf Model, 2016; Vol. 56 (2): p. 423-34.

B. Li, J. Mendenhall, E. D. Nguyen, B. E. Weiner, A. W. Fischer and J. Meiler; "Improving prediction of helix-helix packing in
membrane proteins using predicted contact numbers as restraints"; Proteins; 2017; Vol. 85 (7): p. 1212-1221.
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Computational Structural and Chemical Biology

| wi :/was\.
@( [ :(Tr&__

RI) ’ f) Ak

Weiner, et al., Structure, 2013, 21(7)

Vl

Fortenberry, et al., JACS, 2011, 133(45)

Protein structure prediction de novo and

from limited experimental data Design of large protein therapeutics,

antibodies, and protein interfaces

Dong, et al., PLoS ONE, 2013, 8(7)

Merging ligand- and structure-based
computer-aided drug discovery

SR

Muller, et al., ChemMedChem, 2012, 7(3) Willis, et al., PLoS Comp. Biol., 2013, 9(4)
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A Paradigm Shift in Therapeutic Development in ;1:{!!9
Academia: In silico First elloriab

@@79 ? CommonJ

50+ billion Ultra-Large
“make on Library
demand’ Screening in

molecule Rosetta

200 million highly accurate
protein structures

AlphaFold
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Highly accurate protein structure prediction !

with AlphaFold2

meillerlab

a b c
4 N terminus B
=9
‘U:a 34 ‘
E
S 2
8
E
= 1 _J
0 _RU 2O NOBBRI YD AlphaFold Experiment AlphaFold Experiment AlphaFold Experiment
gg %?ﬂt b ggggggggggg r.m.s.d.q; = 0.8 A; TM-score = 0.93 r.m.s.d. = 0.59 A within 8 A of Zn r.m.s.d.q; = 2.2 A; TM-score = 0.96
<
€ > (@117t L S e N KL L R 3 F— High
- 4 [Bingle repr. re)) —» connicdence
Genetic Dt trt _G\_.E) fepre':gr:\taﬂon . —p®
Y database — ® trotit A 2 (s.m6) 5
search RATITY a4 ®
MSA
o Structure
T A A | Evoformer
< (48 blocks) =i
Input sequence (8 blocks)
fritit fritrt
Pairing j— Fa\
- S 3D structure
P @—p representation =g —- represeniation | s
irre) (rre)
N ?aructure —
=
Templates i . Lo
J. Jumper, et al.; "Highly accurate protein structure prediction
= e with AlphaFold"; Nature; 2021; Vol. 596 (7873): p. 583-589.
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Critical Assessment of protein Structure Prediction
(CASP) — established 1994

meilerlab
A Critical Assessment of Structure Prediction
.
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https://www.wevolver.com/article/deepmind-alphafold2-the-future-of-biology
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Critical Assessment of protein Structure Prediction 31357!5
(CASP) — established 1994  oiorlah

A Critical Assessment of Structure Prediction
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Critical Assessment of protein Structure Prediction
(CASP) — established 1994

meilerlab
A Critical Assessment of Structure Prediction
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AlphaFoldMania — The number of research ?‘ig:)
papers and preprints i

Journal article m Preprint

software contest,

2D o
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3 L 00 OSSR e SO SO
5 Paper describing

i

G TS AlphaFold2 . ... ... | B ...
o AlphaFold? released, with

i 3"_‘”0””‘3551 as source code.

: 50 owinner Df ........................................

o protein-folding \
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=
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2027 2022

Nature, News Feature, 13 April 2022
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Molecular Architecture of the Human Caveolin-1
COmpleX meilerlab

J. C. Porta, B. Han, A.
Gulsevin, J. Chung, Y.
Peskova, S. Connolly,
H. S. Mchaourab, J.
Meiler, E. Karakas, A.
K. Kenworthy and M.
D. Ohi; "Molecular
architecture of the
human caveolin-1
complex"; Science
Advances; 2022; Vol.

p.
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Molecular Architecture of the Human Caveolin-1 '

Complex with AlphaFold2 meilerlab

10-mer 11-mer 12-mer
(AlphaFold2.2) (AlphaFold2.2) (AlphaFold2.2)

A. Gulsevin, B.
Han, J. C. Porta,
H. S. McHaourab,
J. Meiler and A. K.
Kenworthy;
"Template-free
prediction of a new
monotopic
membrane protein
fold and assembly
by AlphaFold2";
Biophys J; 2022;
Vol. p.

J. C. Porta, B. et
al. "Molecular
architecture of the
human caveolin-1
complex"; Science
Advances; 2022;
Vol. p.
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Molecular Architecture of the Human Caveolin-1
Complex with AlphaFold2

)

meillerlab

A. Gulsevin, B.
Han, J. C. Porta,
H. S. McHaourab,
J. Meiler and A. K.
Kenworthy;
"Template-free
prediction of a new
monotopic
membrane protein
fold and assembly
by AlphaFold2";
Biophys J; 2022;
Vol. p.

J. C. Porta, B. et
al. "Molecular
architecture of the
human caveolin-1
complex"; Science
Advances; 2022;
Vol. p.
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Sampling Alternative Conformational States with ;?‘ig:)
AlphaFold2

meillerlab

0 .

3 1.00 _ -~ --7  MSAdepth

= e (sequences)

=

o

=]

7]

g 0.95

w

o

£

7]

S

g 0.90

E *

-

)

e

>

—

= 0.85

E

a 0.85 0.90 0.95 1.00
Similarity to inward-facing structure (TM-score) LAT1, inward-facing (PDB: 6IRSb) LAT1, outward-facing (PDB: 7DSQb)

D. Del Alamo, D. Sala, H. S. Mchaourab and J. Meiler; "Sampling alternative conformational
states of transporters and receptors with AlphaFold2"; Elife; 2022; Vol. 11 p.
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Integrating Limited Experimental Data: NMR, EPR, i;:gqp
MaSSSpeC, CryO-EM’ meilerlab

\ Inward-open Occluded

PC2

D. Del Alamo, L. DeSousa, R. M. Nair, S. Rahman, J. Meiler and
H. S. Mchaourab; "Integrated AlphaFold2 and DEER
investigation of the conformational dynamics of a pH-dependent
APC antiporter"; Proc Natl Acad Sci U S A; 2022; Vol. 119 (34):
p. €2206129119

Cenfidence (pTM)

0.75 0.80 0.85 0.90 0.95

47
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Explaining by removing: Demystifying AF2 @
ability to sample conformations — rfaH  elorlab

M)
7 residues _ |
n Target sequence () (D) )
O o (LI« £ 52
C oo [T ©
3] qg § o
S~ (11111} S 5=
(] & [(TITT1]
& % —

Single column masking
may result in multiple
initial guesses

5 10 15
Residue 143
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Explaining by removing: Demystifying AF2 : gW;
ability to sample conformations — rfaH  melleriat

J

J

residues \
[(TT T 1]+

Target sequence

\ VSN _
Evoformer
Structure
Module

¢ HA

Ksequences \

Single column masking
may result in multiple
initial guesses

IL

0

01
S 1
015
01
0.05 J
o
5 !

15
0o 15

Residue 143
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Demystifying AF2 ability to sample conformations ;ﬁ@
MCA4R auto inhibiting peptide meilerlab

residues \

<+ Target sequence

J

¢ A

/sequences \

Single column masking results in
multiple initial guesses
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Demystifying AF2 ability to sample conformations g;g:)

KCNQ1 potassium channel

meillerlab

- Target sequence

T, \ o 7 residues
- O o [0~
a |
7 %
N /

Single column masking results in
multiple initial guesses
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Demystifying AF2 ability to sample conformations g@
Respiratory Syncytial Virus Glycoprotein - eilorlab

TRy | /" residues
3y n

| [ T [ ] [ ]+ Target sequence

Single column masking results in
multiple initial guesses
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A Paradigm Shift in Therapeutic Development in ;1:{!!9
Academia: In silico First elloriab

@@79 ? CommonJ

50+ billion Ultra-Large
“make on Library
demand’ Screening in

molecule Rosetta

200 million highly accurate
protein structures

AlphaFold
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Fully Flexible Docking of Medium Sized |

Ligand Libraries with RosettalLigand meilerlab

Docking to crystal structures 3 Docking to sidechain-repacked models Docking to all-atom minimized models
1.0 — : . . 1.0 — ; .

A 1.0

a
oo
T
=
oo
T
L

o
@
2
@

=
'S

 TransRot/MCM
- Transform/MCM
H TransRot/MIN

F Transform/MIN

 Transkrot/MCM
1 Transform/MCM
- TransRot/MIN

| Transform/MIN

D_D = : L L 1 L D.D - : L 1 L L D‘D : L 1
0 20 40 &0 80 100 120 4] 20 40 60 80 100 120 0 20 40 80 80 100 120

Minutes of CPU time elapsed Minutes of CPU time elapsed Minutes of CPU time elapsed

H TransRot/MCM
I Transform/MCM
H TransRot/MIN

F  Transform/MIN

<
)

Fraction of successfully docked systems
Fraction of successfully docked systems
Fraction of successfully docked systems

DelLuca, S., Khar, K., & Meiler, J. (2015). Fully Flexible Docking of Medium Sized Ligand Libraries with RosettalLigand. PLoS One, 10(7), e0132508. || Meiler, J., & Baker,
D. (2006). RosettaLigand: protein-small molecule docking with full side-chain flexibility. Proteins, 65(3), 538-548.
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Rosetta Evolutionary Ligand — REvolLd: Ultra-Large a;:gr:)
Library Screening with an Evolutionary Algorithm i

‘ Selection N
R1xR13 Calculate

R4xR11xR21 I Fithess Recombination

:;ﬁ:gg (Selection)

Termination

Mutation

C A'#]JB':'?PAB
A &sB C= PABG

10k x 5k -2 50mio
10k x 5k x 600 - 3bn

Eisenhuth P. et al. (arXiv:2404.17329v1)
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Rosetta Evolutionary Ligand — REvold: Ultra-Large ;;:gg
Library Screening with an Evolutionary Algorithm i

N ™~

A B ©
CH, o )
A~ M, Selection
< R1xR13 Calculate I
o N R4xR11xR21 I Fitness Recombination Termination
= - R1xR24 (Selection)
ch—s _S (_( &z R2xR25
\ .
wr o (N o Mutation
3
@ G
N=N
NP

A%B'Zi) PAB
A$BF C= Py

10k x 5k - 50mio
T — 10k x 5k x 600 > 3bn
FN‘}" Eisenhuth P. et al. (arXiv:2404.17329v1)
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Rosetta Evolutionary Ligand — REvold: Ultra-Large ;;:gg
Library Screening with an Evolutionary Algorithm i

[

A B ©
EE(ETLH, @ Selection

NN NN Recombination Termination
le_cg"é @{%0 Mutation
7 I
- Recombmatl:nn A & B= Pag
(P - A FBw C= Py
@, 10k x 5k > 50mio

!,:“iﬂb HNi . 10k x 5k x 600 = 3bn
g ::':) FN“?M Eisenhuth P. et al. (arXiv:2404.17329v1)
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Rosetta Evolutionary Ligand — REvold: Ultra-Large j;-:%’gg
Library Screening with an Evolutionary Algorithm i

N ™~

A B L C &
A~ g EP ? Selection

N N JS Recombination Termination
H:S_OS (‘T{' N ° (’:«" : Mutation
s @ i\C.H CH, l\cH
1 | 023 I
Recombination
0.04_ & A » B== Phs
N [ . > B :EJ C
(P - flj A & B == Ppgc
_;*.f'" 10k x 9k - 50mio
 T— U 10k x 5k x 600 > 3bn
F o G i) Eisenhuth P. et al. (arXiv:2404.17329v1)
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Rosetta Evolutionary Ligand — REvolLd: Ultra-Large jﬁﬂ?
Library Screening with an Evolutionary Algorithm ...

A B O ¢ k? D ~
(Er @ @ ?ﬂ Selection

o +0.17 v Recombination Termination
HC—S_S (_( (ﬁ(h ......... > j \h_s ) .
H,C N e = & I CH, Mutation
3 D I\CH CH, kCHs @ L'CH3
1 | 023, I3 i |1.02 wh
Recombination Mutation ;ﬂ
0.04 & . “( A > B== Phs
I > CH, cH, CH; I:E:I
-~ ﬁ?.tﬂﬂ, ﬁ? i A®BYC= Puxc
ey 10k x 5k - 50mio
- - a §b 10k x 5k x 600 > 3bn
F G > H @“’ P Eisenhuth P. et al. (arXiv:2404.17329v1)
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Ultra-Large Library Screening Projects Using ;-:57!3
Computational Models with Increasing Library Sizes i s

GPCR PAR4 Homology model 164 m 1/92 1 prelim hit (5 uM), optimized to 100 nm Completed
with DOCK Smith, S. T, ..., M., Shoichet, B. K., Lindsley, C. W., Meiler, J., &
Hamm, H. E. (2024). ACS Pharmacol Transl Sci, 7(4), 1086
aGPCR GPR114 Homology model 303 m 5/88 5 prelim hits (7 nM — 10 uM) Ongoing
WDR40 LLRK2  Crystal structure 20 bn 1/102 1 initial validated hit, 4 follow-up hits Ongoing
(CACHE) 4/37 (follow-up) (KD 34 uM — 290 uM)
GPCR MC4R CryoEM structure 20 bn 13/82 QSAR model as filter, activity currently Planned
investigated
GPCR Y4R CryoEM structure 20 bn 1/14 1 inital validated hit (ECso ~10 pM, first small Ongoing
molecule agonist)
GPCR GPR3 AlphaFold2 model 31 bn 9/91 9 hits (not reported ECso values) Planned
GPCR CMKLR1  Homology model 31 bn (5)/97 5 prelim hit, currently investigation Planned
+CryoEM structure
aGPCR GPR110 CryoEM structure 20 bn (3)/82 3 prelim hits, currently investigated Planned
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Ultra-Large Library Screen Identifies new Class of !

Antagonists Targeting PAR4 meilerlab

PAR4 model Develop TL Virtual HTS Hit identification+ Human and
generation antagonism using DOCK lead-optimization =~ mouse PAR4
hypotheses antagonists
¥ _ 5
" 8 i
1 64M L—; ._...;.‘Emrzu_naa,n.mm
— | ’ — g K ‘.‘. .

LOG (mouse ICgy)

ENAMINE SEARCH

2nd

Ceni HIT

Smith, S. T., Cassada, J. B., Von Bredow, L., Erreger, K., Webb, E. M., Trombley, T. A., Kalbfleisch, J. J., Bender, B. J., Zagol-lkapitte, I., Kramlinger, V. M., Bouchard, J. L.,
Mitchell, S. G., Tretbar, M., Shoichet, B. K., Lindsley, C. W., Meiler, J.*, & Hamm, H. E.* (2024). Discovery of Protease-Activated Receptor 4 (PAR4)-Tethered Ligand
Antagonists Using Ultralarge Virtual Screening. ACS Pharmacol Transl Sci, 7(4), 1086-1100.

et
Ve
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Computer-Aided Design and Biological Evaluation 31357!3
of Diazaspirocyclic and Selective D4R Antagonists e

VU6053634-01 IV PK in Male, SD Rat
(Cassette 0.20 mg/kg)

-
=]
o

=]
=
%2
I-I-
.,,:
Plasma Concentration (ng/mL)

T T T T 1
o 4 8 12 16 20 24

D4 LocalPPV @ 10 nM
o

Ti (hr)
H3C F ime (hr]
VUG6053634-01 (MW: 384.2; LLOQ: 1.0 ng/ml)
HyC Time Plasma Concentration (ng/mL)
o2 0‘.2?3 7 11.5 % Mean
4 . 0.117 37.6
Derivatives by oo iy
0.0 T T T t T T T e .1 58‘3
partition Coofficient (Dgé 10 / [?644 @018 nM)Of (Dzo,;,s @ 1000 nM)]) DRD2 DRD4 Ca le b A. JO nes, P h .D. i 5)33
7 BLQ
24 BLQ
Elim. t,, (hr |
L i e Jones, C. A. H., Brown, B. P., Schultz, D. C., Engers, J., Kramlinger, V. M., Meiler, J.*, TR
HCD/ J & Lindsley, C. W.* (2024). Computer-Aided Design and Biological Evaluation of R I
’ ¢ [ F Diazaspirocyclic D(4)R Antagonists. ACS Chem Neurosci, 15(12), 2396-2407. AUC (br*ng/ml) 287
y

screen SAR exploration design Sl

\ Virtual high- \ Structure-based \ Experimental \ Lead
throughput computational focused library
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A Paradigm Shift in Therapeutic Development in ;1:{!!9
Academia: In silico First elloriab

@@79 ? CommonJ

50+ billion Ultra-Large
“make on Library
demand’ Screening in

molecule Rosetta

200 million highly accurate
protein structures

AlphaFold

\f www.meilerlab.orqg — recruiting graduate students and postdoctoral fellows — jens@meilerlab.org 63




Precision Molecular Medicine with Artificial [

Intelligence Algorithms meilerlab

3D structure of protein receptors in Disease-causing mutations detected in the Computational screening of 50 billion Del Alamo, Sala, McHaourab, Meiler:

different functional conformations genome of an individual patient are used to candidate drug molecules against the “Sampling alternative conformational

predicted by Al methods (Alphafold, personalize the model personalized protein model using Al states of transporters and receptors

Rosetta) ‘ . T methods. with AlphaFold2”; Elife; 2022 || Brown,
CGRPR = — e Mendenhall, Geanes, Meiler:;

“General Purpose Structure-Based
Drug Discovery Neural Network Score
Functions with Human-Interpretable
Pharmacophore Maps”; J Chem Inf
Model; 2021 || Schuss, Vu, Schubert,
Du, Mishra, Tough, Stichel, Weaver,
Emmitte, Cox, Meiler, Beck-Sickinger:
“Highly Selective Y4 Receptor
Antagonist Binds in an Allosteric
Binding Pocket”; J Med Chem; 2021 ||
Gallant, Sheehan, Shaver, Bailey,
Lipson, Chandramohan, Red Brewer,
York, Kris, Pietenpol, Ladanyi, Miller,
Ali, Meiler, and Lovly; “EGFR Kinase
Domain Duplication (EGFR-KDD) Is a
) : % : €. Novel Oncogenic Driver in Lung

= ViR Cancer That Is Clinically Responsive
PDB: 7TEVWr —— s _ i to Afatinib”; Cancer Discov; 2015
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Personalized Molecular Medicine with Al [

Algorithms on SpiNNaker2 meilerlab

SpiNNaker2 Chip SpiNNcloud Supercomputer Computational screening of 21 billion Yan, Stewart, Choo, Vogginger,
candidate drug molecules against the Partzsch, Hoppner, Kelber,
Designed in the Human Brain Project ) " personalized protein model using Al Eliasmith, Furber, and Mayr:
World-largest real-time Al platform methods. “Comparing Loihi with a SpiNNaker

« SpiNNaker2 is the only machine that * 10,000,000 processors on
can support DNN models with 1014 70,000 chips in 16 racks
parameters (i.e. brain-size) . 3 PFLOPS CPU / 0.4 ExaOPS in

Al accelerator

2 prototype on low-latency keyword
spotting and adaptive robotic
control”; Neuromorph. Comput.
Eng. 2021 || Hoppner, Yan, Dixius,
Scholze, Partzsch, Stolba, Kelber,
Vogginger, Neumarker, Ellguth,
Hartmann, Schiefer, Hocker,
Walter, Liu, Garside, Furber, Mayr:
“The SpiNNaker 2 Processing
Element Architecture for Hybrid
Digital Neuromorphic Computing”;
preprint arXiv:2103.08392 [cs.AR];
2021

o Unprecedented low energy bill and
very fast compared to existing GPU . Deployment: 01/2023
hardware

« Built on most advanced European
semiconductor technology (22FDX)

e Outperforming Nvidia, Intel Loihi,
Google TPU on real-time Al
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The SpiNNaker2 Platform: Between GPUs and QC -
1019 Cores and 10'4 Connections  orlah

L | b
Lol [ [ A [ [
g SpiNNaker ;
ol Ll e | o L | L [
k1 "1[" ""W'" i i if ¥ Lol
L [ [ A [ [ oe
| | | | | PE PE
Ll [ [ A [T —ﬁ—ﬂmLL—r—
1|] 1r lw [||] PE PE

Yan, Stewart, Choo, Vogginger, Partzsch, Hoppner, Kelber, Eliasmith, Furber, and Mayr: “Comparing Loihi with a SpiNNaker 2 prototype on low-latency keyword spotting and
adaptive robotic control”; Neuromorph. Comput. Eng. 2021 || Hoppner, Yan, Dixius, Scholze, Partzsch, Stolba, Kelber, Vogginger, Neumarker, Ellguth, Hartmann, Schiefer,
Hocker, Walter, Liu, Garside, Furber, Mayr: “The SpiNNaker 2 Processing Element Architecture for Hybrid Digital Neuromorphic Computing”; preprint arXiv:2103.08392
[cs.AR]; 2021

lil
i~
5
5
b
X
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The SpiNNaker2 Platform: Between GPUs and QC géﬂ“p
1019 Cores and 10'4 Connections  orlah

oy ——B—__ e
. o8 = =Y . P '....*
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® o ® \ i | P N
¢/ o @ S S WAVAVAD 272 . *
RNV V'S S S %) =2 N, \Y
\ g ‘a% P - = ' v e »
o o . .‘\5". o . s o ®
‘-'. \ - o> L ‘ '.‘—-_"?’. o | R }
\ @ S e @ e .
= 8 b B ¢ ¥ 5 W »
\s ¥ | ® o/ »
R\ g 7T el G
| _' ° ' A s
[ 3 ® 7 o . ?
L9 \ r .
- ~ o : @ ‘.
; L = __._: — _.-..
s >P

~F;
V 7 7
Yan, Stewart, Choo, Vogginger, Partzsch, Hoppner, Kelber, Eliasmith, Furber, and Mayr: “Comparing Loihi with a SpiNNaker 2 prototype on low-latency keyword spotting and

adaptive robotic control”; Neuromorph. Comput. Eng. 2021 || Hoppner, Yan, Dixius, Scholze, Partzsch, Stolba, Kelber, Vogginger, Neumarker, Ellguth, Hartmann, Schiefer,
Hocker, Walter, Liu, Garside, Furber, Mayr: “The SpiNNaker 2 Processing Element Architecture for Hybrid Digital Neuromorphic Computing”; preprint arXiv:2103.08392
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Advantages of SpiNNaker2 for }l@
Non-cognitive/non-Al Numerical Problems eilerlab

Extreme parallelism of simple operations (think neurons...)
(Search for) Sparse solutions in high-dimensional numerical rooms
Stochastic computation/stochastic state representations

Solving systems of locally coupled differential equations in a mesh/network topology (e.g. Neuron models, but
also FEM and similar)

——EM_ Quantum Computing

Parallelism 10° cores 104 synaptic updates/msec >102%°> quantum entanglements

Stochastic Computation Only in software, 10° Hardware accelerators, 101/ Inherent in Qubits, >103° stochastic
stochastic stochastic decisions/sec decisions/sec
decisions/sec

Sparsity in high- Not supported Fully supported Fully supported

dimensional spaces

FEM-type tesselations 10> elements, 107 elements in torus, Potentially very fast convergence,
boundary condition boundary condition updates but tessalation limited to #Qubits:
updates ps to ms <10us 10%-103
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Ultra-Large Library Screening on the ’;:57{:)
SpiNNaker2 Platform - olorlat

~143k Building blocks ~50 bn available compounds Molecular descriptors Activity

o predictor
s O
N Q 8] N
—_— -:}%N 5 OH é — ] 0
R1 — Xk ¥k — RS __ @\ — — /_(j
*— R2 % KN>_NH 1 4 o 2N\ V\ @—NH \N /

BCL::Mol2D descriptors from each atom’s immediate

neighborhood ©/\* N @AH/\Q

OH . N

Putative hits

OH |

+1 +1

(sltfrfofof+[s]t]1]ofo] = [1o]2]2]1]0]

: 574 '
Vu, O., Mendenhall, J., Altarawy, D., & Meiler, J. (2019). BCL::Mol2D-a robust atom environment descriptor for QSAR modeling and lead optimization. J Comput Aided Mol
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Benchmarking Computer-Aided Drug Discovery %q:gj)

with a Well-Curated Dataset is Critical for Al eilorlab

0.6

O 0
-
%0.3
o
0.2
0.1

o9 1834 55 B89 W5y, ; ‘95‘03:59%;‘9539; 899

Published performance of the Benchmark
Float32 CPU/GPU implementation of the ANN
Integer8 SpiNNaker2 implementation of the ANN

Integer8 + BitShift SpiNNaker2 implementation

o

Dataset

Butkiewicz, M., Lowe, E. W., Jr., Mueller, R., Mendenhall, J. L., Teixeira, P. L., Weaver, C. D., & Meiler, J. (2013). Benchmarking ligand-based virtual High-Throughput
Screening with the PubChem database. Molecules, 18(1), 735-756. || Butkiewicz, M., Wang, Y., Bryant, S. H., Lowe, E. W., Jr., Weaver, D. C., & Meiler, J. (2017). High-
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General Purpose Structure-Based Drug 7 g”;
Discovery Neural Network oo

7.0

e

Distance (A)

0.0

B. P. Brown, J. Mendenhall, A. R. Geanes and J. Meiler; "General
Purpose Structure-Based Drug Discovery Neural Network Score
Functions with Human-Interpretable Pharmacophore Maps"; J
Chem Inf Model; 2021; Vol. 61 (2): p. 603-620.
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ElektroNN: Predicting Electron Densities of Drug- A
like Molecules from Small Fragments

meillerlab

F
Train / Validation Test BRICS fragmentation
BRICS fragments Drug molecules
O - 0L - "ar sdati
s O™ "'"- 00 validation
L - LY ™ ™ O s 0] Y -0 e —_— Malecular
s i A b r CO'“D[*,'KW
by (4" il - A J-J e e 4
Locallzed eléctron dephetion O~ Q- O R o |
iSigma-Hole) ] e 1 L e o DR drug Geamaetry — Ly
D00 Y @O0t | R e —d olEgem ) | sy ammed e
o <y O -0 dataset basks LR
—t ) = LY
o Total Energy E=f(p(x,v,2)) :

o  Electrostatic Potential V=Ff(p(x,v,2))
o (Hellmann-Feynman) Force ,E‘. =f(p(x,v,2))

o Interaction energy

00D validation
Dataset — Men Covalent
=3 Trandval Interactions
i =3 Test

Er'.irf = ,f ( p( X,V, 2') ) 0 200 400 600 E0O 100D 1200  14C Simiarity custering

) Molecular Complexity

~f(p(x,y,2))

o Biological activity?

- Descriptor design atomic positions (%)
L]
ElektroNN wB79X-D il m —
N :
. . . : Chad ] target E |
. '- .: .. .. a....- - - ... -’ " I. -o. :. ... - » .’ . coefficients G =
1
Target Ele. Count Predicted Ele. Error per Atom LoS S “_Eg 167G
(Mean) Count (Mean) (%)
Overall (all folds) 209.41 209.17 0.30
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ElektroNN: Generalization to non-covalent gégg
Interactions in Ligands, Peptides, and Proteins eilorlab

ElektroNN wB79X-D
‘® -
- L Intramolecular hydrogen bond
As . (partially covalent; “sharing of electrons™)
L g - .
o'._‘ .* .... . Al
L - : - a @ t ‘
- ! . - .. -
A &Fs . e
PT seconds hours "
Peptide (5 Charge Error per Atom
conformations each) (%) Accumulation of electron density
VRN 1 0.30
KGD 0 0.35 E .
DGEA 2 0.29 e - ) - .
APGL 0 0.25 “ - " . -t
" X o ElektroNN wB79X-D
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ElektroNN: Predicting Electron Density changes for ;};gb
the Diels-Alder Reaction - alorlab

& o o
(a) (b) (c) (d) .
T
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RosettaQM is coming soon ...

- Enzym es QUANTUM CHEMISTRY

= Non-canonical Amino Acids [ wsses oo C it }

k4

= Covalent Inhibitors ( omess o o{poemcaiom)

COBRA

E-Cell4 ~--c-cmdmmmceeaan-- ; ‘
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Druglt: Crowd-Sourcing Drug Design via a
Computer Game to Engage Citizen Scientists

= Players can place atoms and bonds . Fun with Fragments!

. Inside the Pocket : *  Small-Molecule Desi g !

ra
Small-Molecule Design B
Atom Selection:

» Players can also select from list of fragments
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Druglt: Crowd-Sourcing Drug Design via a 1:559
Computer Game to Engage Citizen Scientists - eilorlab

. 2151: KLHDC2 ligand design: Round 6 £, 16671.819
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Drugit: Crowd-Sourced Development of E3 ?i'igngg
Ligase Binders with Boehringer Ingelheim

meillerlab

Change the core o Cmpd IC50

Parent 0.15 uM

. 1 258 uM v <3
M >
H \\\
: N N )
F N L ' -
\ Remove Polar Surface Area

Keep Favorable Interactions

httpS'//chem rxiv.org/engage/chemrxiv/article-details/64596¢c281ca6101a45015aa7
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CACHE: Critical Assessment of CACHE
Computational Hit-Finding Experiments cratence me”erlab

CACHE Challenge #2 CACHE Challenge #3

RN/
Fragments _g

Crystal structures of SARS-CoV-2 NSP13/helicase bound
tu fragments (SRLH, 5RLZ, SRML, SRMM) and RNA (7CXM). Crystal structure of SARS-CoV-2 NSP3 macrodomain bound to ADPr (7ZKQP).
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CACHE #2: Hit Identification by e - EWWD

Players and Post-Processing meilerlab

= /598 total compounds submitted
= 1411 from Enamine REAL set

Primary Evaluation Measure: Rosetta Redocking

@ . . Predicted Binding Energy

Scj D Dﬁ{a-’%f :;? Sve 10.1371/journal.pone.0240450
a0 % ._.._.f!.g{ T . “Funnel Quality”:

5 ;_ -..g Pnear metric: 10.1038/nature19791
c

m | .

FSEEsTE ”

S b

O

5 -12 {8

o

o —l4-

RMSD

www.meilerlab.orqg — recruiting graduate students and postdoctoral fellows — jens@meilerlab.org 80




CACHE #2: SARS-CoV2 Helicase CACHE

mellerlab
= Round 1: Hit Identification. 76 compounds tested
0
o N N
’ /4
N .
[~ SR N
oy
Starting Molecule CACHE_1414_40 CACHE_1414_34

* Round 2: Hit Optimization. 34 compounds tested

o CH
N&Q\ N ‘E\%M . _CH f
| o hT HHT 0= —\ _
___\ B HVJ\MCHQ (__\\)\J”“-(“ - N (;RH/ - Br Il*«. V/N — >
\\_ B / - JI \Q"__ jf} \ J' H‘Iﬁ\‘r —
Hc‘-{ HO —‘/ o /ff'
N
CACHE-HO_1414 13 CACHE-HO_1414_14 CACHE-HO_1414_20
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T
CACHE #2: SARS-CoV2 Helicase CACHE

CHALLENGE .
meilerlab
» Best Compound = Combined Compound Scores
Drugit Drugit
25 60
20 50
40
15
2 ©
5 S 30
0 %3]
10
20
|| m I |
O U 1 11 1l
'\b"{b'\ \b‘\%'\b"\oj 3 b‘fﬂ/ b‘rﬁ? {:L' b‘q/ b‘%{) ‘;b b"él SR me‘ r\ N ,\'\ D&’\ & \'b:\ \b\'\ "i :\b‘,\q \;;L'\ ;-D, t;l(? bﬂ, !{fﬁ b:t’g .\“1"\ bﬂ‘-‘lq’ 1;..”3% hﬁb@ \b‘q/ N > \b‘ bnb‘% 'b?:’g ,\bfj\ ,\bfjh bf:'%

Participant ID
P Participant ID
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Rosetta: A Unified Framework for Protein Structure ?T!g)

. 665-680.

meillerlab

Biomineral surface

Rom

Protein design

Modeling with
experimental data

Structure prediction Ligand docking Loop modeling docking
o Ry
)
. ~
|
R0

Non-canonical
oo

s

Antibodies

Membrane proteins

RNA/DNA

Peptides Carbohydrates

E Rosetta
Commons

m Rosetta software;

The hub for Rosetta modeling software

The premier suite for
macromolecular modeling

Home | Saftware

RosettaCammons:
An Innovative Model for
Collabaration

Documentation | Developer
& Support Reswrces| About |Ro:‘~enaCON

Close coffaboration between the labs
‘the norm, even within single code

@ Rosetta News
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De novo Protein Design by Deep Network
Hallucination

a Structure prediction e Step 0 1,000 5,000 10,000 40,000
i ; AV & = S .,,_( )
Amino acid Sharp ; Ay | b
sequence — |distance[—> @& F : - | B WL
map f g 5 > . : ﬁt i B
Structure- 3D - it -
prediction network structure
b Protein design by network hallucination
Random Blurry Sharp i
amino acid —— distance |——— | distance |——
sequence < map ) map
—— —— 3D
MCMC sequence optimization structure -
[+ MCMC sequence optimization

Background network  Accept mutation with probability

min[1,exp{-AD,, (P|lQ)/T)]
Sl,gr?uﬁwn?_e » Q Maximize
gtn, \ 4 difference

P, AN

==
7 L Optimized x 0
sequence o
Random /F" af Q; i=
sequence L - . 2 301
Structure prediction Residue pair coordlnatex;j g
network K. 100 T
Random mutationW 0 50 100
epeat N imes Residue index
d f g . .
° - Closest sequence Closest structure Predicted probability of
5 0.10+ Hallucinated in UniRef in PDB C,~C, distance <10 A
2 f
é’ z 2z I. Anishchenko, S. J. Pellock, T. M. Chidyausiku, T. A. Ramelot, S.
w w . .
& 3 3 Ovchinnikov, J. Hao, K. Bafna, C. Norn, A. Kang, A. K. Bera, F.
| DiMaio, L. Carter, C. M. Chow, G. T. Montelione and D. Baker;
o 1 2 3 4 -5 0 06 08 " : : L. )
Annealing step (<109 l0g, (E-value) M seore De novo protein design by deep network hallucination"; Nature,

2021; Vol. 600 (7889): p. 547-552.
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Anchor extension: a structure-guided approach to é;;:égg
design cyclic peptides elloriab

a Vr—em P. Hosseinzadeh, P. R. Watson, T. W.
Craven, X. Li, S. Rettie, F. Pardo-Avila,
. A. K. Bera, V. K. Mulligan, P. Lu, A. S.
Ford, B. D. Weitzner, L. J. Stewart, A.
5 P. Moyer, M. Di Piazza, J. G. Whalen,
2 0 P. J. Greisen, D. W. Christianson and
g D. Baker; "Anchor extension: a
b structure-guided approach to design
cyclic peptides targeting enzyme active
sites"; Nat Commun; 2021; Vol. 12 (1):
-10 p. 3384.
RAMSD to or.liginai i.h:sis;l'r2
¢ 1.00E-09 b d d
desd.2.0 o
" i
— O 1
i 100508 |13 10 S 's)
R 2o
§ 1.00E-07 — ‘E
o ¥
: SHA g "
g 1.00E-D6 X
o =20 :-.|r4-::;;:1 e Functionsl
1.00E-05 -30
1.00E-05 1.00E-06 1.00E-07 1.00E-08 1.00E-09 o 1 2 30 1 2 3
RMSD to original design
Log [HDAC2 ICy, (M)]
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Design of protein-binding proteins from the target iﬁ@

structure alone

a Target RifDock Interface saquance design Experimantal

characterization

_ _@ I.locfh
ﬂ_"'mﬂnrl""
dood

\ Interface motif
@ extraction

MInIpI‘CItEII'I e Motif clustaring
scaffold (3 i and
Privilegad
liorary i< mt:fi?s selection
. i
3’?& ‘}"*\
b Rosstta ddG Contact molecular surface
1.0 4 1.0
I
0.8 0.8 PatchDock
5 081 06 [ ]
3 RifDock
o 044 04
0.2 1 0.2 4
i i Resampling
o i}
o o) 5 oy = O E o EH o o O 00 @ M i o C o E o EH H o &0
FrL oo ~lEsL@ O 2CE T cHgaim
= 5] w = R o) i = T =~ o]
E THEEE &TLOF3 g "PBRER BTLIOFS

|

meillerlab

Cao, L. X., Coventry, B., Goreshnik, I., Huang, B.
W., Sheffler, W., Park, J. S., Jude, K. M.,
Markovic, |., Kadam, R. U., Verschueren, K. H.
G., Verstraete, K., Walsh, S. T. R., Bennett, N.,
Phal, A., Yang, A., Kozodoy, L., DeWitt, M.,
Picton, L., Miller, L., . .. Baker, D. (2022). Design
of protein-binding proteins from the target
structure alone. Nature, 605(7910), 551-+.
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Design of peptide-drug conjugate ligands of the ?3;357!5

kappa-opioid receptor

d
g /-::-
.
E { zﬁ 3 ’-.
£
i &
< i Extracellular point of view into
PDB: 6B73 = the binding pocket

bO Pocket analysis © stub generation

H-bond pattern

2 ) ;
et ¥

& o

el

:T i

o j
g e

MP1104

© Backbone docking O Rotamer design

4 . =5 ! T - 5 F 4
e ) . -
o O Filter metrics
|"'H' s sc > 074 - interfacs area = 1028
Owm A own Koy | - i
.'\ /I = | i !
i g . . o '
0=yt iy §- . %:: .
Cl.?'_ o L : ho '
] ! 5 . i
= I
Clustered backbones * | ol IIII
e 1 (1
by torsion angles and imim i e om .
Shaps complementarity Shape complementarity

inrface area

meillerlab

Muratspahic, E., Deibler, K., Han, J.,
Tomasevic, N., Jadhay, K. B., Olive-
Marti, A. L., Hochrainer, N., Hellinger,
R., Koehbach, J., Fay, J. F., Rahman,
M. H., Hegazy, L., Craven, T. W.,
Varga, B. R., Bhardwaj, G.,
Appourchaux, K., Majumdar, S.,
Muttenthaler, M., Hosseinzadeh, P., . .
. Gruber, C. W. (2023). Design and
structural validation of peptide-drug
conjugate ligands of the kappa-opioid
receptor. Nat Commun, 14(1), 8064.
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Robust deep learning-based protein sequence
design using ProteinMPNN - ilorlan

A |
Chamg Chain B / ProteinMPNN \

/ Backbone Encoder \ / Sequence Decoder
| Update | —
edges - Probabilities
1~ A I
: : Iterative
1 3X_ Update * ] Random X decoding
! nodes x| decoding :
I I
. v | order v Sample‘ )
Input: protein N Ca C. O Nodes -=! Nodes <« Sequence _
backbone Cé O > Edges >  Edges J. Dauparas, |. Anishchenko, N.
coordinates \ . Bennett, H. Bai, R. J. Ragotte, L.
Zoros \ / . / 0“353359%;9'” F. Milles, B. I. M. Wicky, A.
\ Courbet, R. J. de Haas, N. Bethel,
P. J. Y. Leung, T. F. Huddy, S.
B Fixed left to rlght deCDding C Pe”OCk D TiSCher F Chan B
12345_ : ; . . .
G E=J "~~~ -autoregressive decoding order Tied across chains Koepnick, H. Nguyen, A. Kang, B.
Chain A ~=~| -fixed amino acids (context) ¢ " Sankaran, A. K. Bera, N. P. King
_ _ - sequence context not used B2 13 2 TEIZ and D. Baker; "Robust deep
ProteinMPNN decodin i ’ )
— 9 1- sequence context used PCJE PITE" P learning-based protein sequence
GE N> ChainA — ChainB  ChainC design using ProteinMPNN";
Chain A Science; 2022; Vol. 378 (6615):

p. 49-56.
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|

How Stable Diffusion works in a Nutshell

meillerlab

Pixel Space Latent Space

¥

Original Image
Image Encoder

Conditioning

Images
oRepresentations
Semantic Map

Generated Image

Image Decoder Reverse Diffusion - Removing noises

Text Encoder
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De novo design of protein structure and function ?31357!5
with RFDiffusion

meilerlab
a b TR TETETETETERTE X,
Diusion mode Linoonaitional
Fonsan [nioksing] proosss s
M F Eingks ¥ - — m.-r
3 stop r P T . L
X '\.\_.-" X . x I'H.\.__:' X Eymmetric noksa Symumielric :llgf:i_\ﬂ's
Ravarsa (genarathe| prooess . _‘.-lp "tr-.'!

RossTTARC A Eanding taget Elndar dasign

nput Wasked inpud . S
0] LTEa 1 saquanca | | . '. ! ¥ = e
HOmoonus \‘\.:b |£ I‘—E ! ._:I:* '’ - ” r
tam péatae . q; - .-n'-cllm'g - el ,-""-. Qg
T — Fracidod ':'.: I _i- Funcdonal moti Mot scatiokding
mrm siruchurs Eajl u

coodinges g 4 | i
[ e ' ! ] Watson, J. L., Juergens, D., Bennett, N. R., Trippe, B.
Singia AFcifusion siop L., Yim, J., Eisenach, H. E., Ahern, W., Borst, A. J.,
| | - . i Ragotte, R. J., Milles, L. F., Wicky, B. I. M., Hanikel, N.,
- S¥mimaTic modt Symmalric scafiniding
X, X o, L4 e ——s X, ' Pellock, S. J., Courbet, A., Sheffler, W., Wang, J.,
..... . FF i | ji*k;_ % e S Venkatesh, P., Sappington, |., Torres, S. V., . . . Baker,
Sdll-oonciontng ‘5'“,.3 . : o D. (2023). De novo design of protein structure and
' Lrh

function with RFdiffusion. Nature, 620(7976), 1089-
1100.
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Modified Version of RFDiffusion for (Cyclic) g}@
Peptides meilerlab

Normal positional Cyclic positional
embedding i embedding
o[1[2[s[a[s[e@ | [o]1[2]a]4]-3[-2[-
-110|1]|2|3|4(5|6] ' [-1/o|1]|2]|3|-4|-3[-2
-2[-1/o|1]|2|3|45]| ! |-2|-1[o|1]|2]3]-4|-3
-3[-2|-1{0|1]2[3]4]| | [-3]-2[-1|0|1[2]|3]|-4
-4(-3|-2|-1{0|1]2]|3]| ' [-4]-3[-2|-1|0o|1]|2]3
-5|-4(-3|-2|-1|0| 1|2 : |3]|-4|-3[-2[-1]0]|1]2
-6|-5|-4|-3|-2|-1{0| 1| ! |2]|3]|-4|-3|-2[-1|0]1
~7(-6|-5|-4|-3|-2[-1| 0 1|2]3]|-4|-3[-2|-1|0

| S
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Modified Version of RFDiffusion for (Cyclic) !

Peptli_\des _ | meilerlab

Hotspots B [ ]nput target
D Output target
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Institute for Drug Discovery at Institute

University Leipzig in Germany Drug Discovery

Partnership of the IDD with CEPI to
design new vaccines for the future
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In silico First: Putting Computation Institute

e : . for
and Artificial Intelligence in the Center Drug Discovery
56? | *‘ *" ‘Leipzig bel<(n)”1n§fmnwtm§w11m¥)$ﬂfﬁ?chner
IS5 :
3 {%* \

Tl T

New Integrated Research Al High-Performance
Building (2026) Computing Center (2026)

ScaDS.Al

DRESDEN LEIPZIG

National Competence Center
Artificial Intelligence (2022)
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Ultra-Large Library Screening Projects Using ‘;-:57!3
Computational Models with Increasing Library Sizes  .icra

GPCR PAR4 Homology model 164 m 1/92 1 prelim hit (5 uM), optimized to 100 nm Completed
with DOCK Smith, S. T, ..., M., Shoichet, B. K., Lindsley, C. W., Meiler, J., &
Hamm, H. E. (2024). ACS Pharmacol Transl Sci, 7(4), 1086
aGPCR Homology model 303 m 5/88 5 prelim hits (7 nM — 10 uM) Ongoing
GPR114
aGPCR Homology model/ 303 m 1/55 1 prelim hit (5 uM) not validated Terminated
GPR133 CryoEM structure
WDR40 LLRK2  Crystal structure 20 bn 1/102 1 initial validated hit, 4 follow-up hits Ongoing
(CACHE) 4/37 (follow-up) (KD 34 uM — 290 uM)
GPCR MC4R CryoEM structure 20 bn 13/82 QSAR model as filter, activity currently Planned
investigated
GPCR Y4R CryoEM structure 20 bn 1/14 1 inital validated hit (ECso ~10 pM, first small Ongoing
molecule agonist)
GPCR GPR3 AlphaFold2 model 31 bn 9/91 9 hits (not reported ECso values) Planned
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Ultra-Large Library Screening Projects Using ;1-:57{5
Computational Models with Increasing Library Sizes  .icra

GPCR CMKLR1 Homology model 31 bn (5)/97 5 prelim hit, currently investigation Planned
+CryoEM structure

aGPCR CryoEM structure 20 bn (3)/82 3 prelim hits, currently investigated Planned
GPR110

HisF Crystal structure 31 bn Ongoing Ongoing Control
CFTR mutant Homology model 31 bn Ongoing Ongoing Possible
KCNQ1 mutant Homology model 31 bn Ongoing Ongoing Possible
GPCR PAR3 AlphaFold models 31 bn Ongoing Ongoing Possible
GPCRs PAR4, AlphaFold models 31 bn Ongoing Ongoing Planned
mMGIuRs, of states to be

mAChRs, DRs  targeted
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The Future of Artificial Neural Networks in Biomedical
Research — Some Thesis
1.

All problems that have infinite/near infinite data available for training will be smashed
(think language processing, sequence problems in biochemistry, protein structure)

New architectures and structures of ANNs will emerge that will be parallel in size to or
larger then the human brain (10'* connections) with substructures matching in
complexity

The biggest challenge for biomedical research will emerge with limited datasets that
forbid training of super-large ANNs; Expert Knowledge will Design the Optimal ANN

For the next Decade (at least), you need to be an expert in machine learning and
structural/chemical biology to contribute to progress in a meaningful way

We will start an honest discussion on ethics of artificial intelligence as these systems
will start to act human-like on many levels all the way to having self-awareness
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Druglt: Crowd-Sourcing Drug Design via a 311’5”{5

Computer Game to Engage Citizen Scientists meilerlab
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Computational Algorithms for Enzyme Design in Rosetta

Transition State (TS) + functional groups List of protein scaffolds
Description of catalytic constraints Identification of potential binding pocket

| |

L 4
STEP 1: Geometry-based identification

4

Generation of the “inverse rotamer tree” r
Search based on hashing
of TS model rigid-body orientation

\ 4
Search based on hashing of
backbone coordinates

Zanghellini, A., Jiang,
L., Wollacott, A. M.,
Cheng, G., Meiler, J.,
Althoff, E. A.,
Rothlisberger, D., &
Baker, D. (2006). New
algorithms and an in

y

STEP 2: Optimization of TS position and catalytic side-chains

y

. " STEP 3: Design of remaining residues for high affinity binding silico benchmark for

Figure 6. Inverse rotamer tree for deoxyribose-phosphate aldolase computational

(DERA) active site. The transition state is colored in yellow, and the key y enzyFr’ne design

functional groups of the catalytic residues are in gold. The remainder of STEP 4: Ranking based on binding energy and catalytic geometry Protein Sci, 15(12)

the side chains in the rotamer trees are shown using thinner lines in CPK N 2785-2794.

coloring. Figure 1. Diagram of the computational enzyme design procedure.  https://doi.org/10.111
0/ps.062353106
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At Vanderbilt University we collaborate with the ;};éﬁ
Warren Center for Neuroscience Drug Discovery .o

WARREN CENTER
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