Given the Markov chain model, what is the ratio between
P(ACGTGGT|M) and p(ACCTGGT|M)?

Answers:

« 0.18 (6 votes)
- 0.246 (G—C, 1 vote)
« 0.262 (1 vote)
- 0.078 (C—G, 1 vote)
- 18.18 (1 vote)

Which one is correct, and why?




Exercises of Levenshtein distance and BLAST

H E A & A W G H E E
P 2 & - 3 A 4 5 g A -
A 2 | 5 0 5 3 0 3 -1 4
w | -3 2 3 3 3 | 15 | -3 3 E 3
H 10 0 2 k) 2 3 3 | 10 0 0
E 0 6 4 K. 1 3 0 0 6 6
A 2 1 5 0 5 3 0 2 - y
E 2| 0 6 1 3 1 3 3 '12 ) 6 6

Adapted from Biological Sequence Analysis (R. Durbin, S. Eddy, A. Krogh, G. Mitchison), Figure

2.3. We assume that a gap cost per unaligned residue of d=-8. Try to use the information to
perform global alignment between the two amino-acid sequences:

1. HEAGAWGHEE

2. PAWHEAE

What does Fomivirsen target?

It is possible to search for local sequence matches in large databases of nucleotides, for
instance using the BLAST algorithm. An implementation is freely available at National Institute
of Health (NIH, US): https:/blast.ncbi.nlm.nih.gov/Blast.cgi. Try to search for the RNA/protein
targeted by fomivirsen, given its sequence 5'-GCG TTT GCT CTT CTT CTFB(GCG-B'.

| thank Jessica Falkowski who pointed out my mistake!

[CECECE<E<EC<H<N<N<]]

H |[E A

0 »-8-+-16 | -24 | -32
P -g\ -2\ -9\-1 7—--25
A -16 | 10 | -3 | 4 | 12
W | 24 18 -1 | -6 | -7
H -32 | -14 | -18 | -13 | -8
E -40 | -34 | -8 | -16 | -16
A -48 | -42 | -16 | -3 | -1
E -56 | -50 | -24 | -11 | -6

Human betaherpesvirus 5 strain SYD-SCT1, complete genome

Human betaherpesvirus 5 strain HAN-SOT4, complete genome

Human betaherpesvirus 5 strain HAN-SOT3, partial genome

Human betaherpesvirus 5 strain GLA-SOT3, complete genome

Human betaherpesvirus 5 strain GLA-SOT2, complete genome

Human betaherpesvirus 5 strain SYD-SCT2, complete genome

Human betaherpesvirus 5 strain HAN-SOT5, complete genome

Human betaherpesvirus 5 strain HAN-SOT1, complete genome

Human betaherpesvirus 5 strain GLA-SOT4, complete genome

-40

-33

-20

-15

-9

-9

-11

-12

-48 | -56 | -64 | -72
-42 | -49 | -57 | -65
-28 | -36 | -44 | -52
5—4-13 | -21 | -29
-13 | -7 -3 | -1
-12 | 15 | -7 ff
-12 | 12 | 15 | -5
-14 | 15 | 12 | -9
421
421
421
421
421
421
421
421
421

G A W G H E |E

421
421
421
421
421
421
421
421

421

X

\/|\/|\/
NN

RN

HEAGAWGHE-E
—-—P-AW-HEAE

100%
100%
100%
100%
100%
100%
100%
100%

100%

0.14
0.14
0.14
0.14
0.14
0.14
0.14
0.14

0.14

100.00%
100.00%
100.00%
100.00%
100.00%
100.00%
100.00%
100.00%

100.00%

2

MT044485.1
MT044484 1
MT044483 1
MT044482.1
MT044481.1
MT044480.1
MT044479.1
MT044478.1

MT044477 1



Additional questions u

| wondered when you use which approach the probabilistic or the deterministic one, when should we use
which model or is there a difference in their performance. How do you chose the model, which one to
prefer? Depend on the purpose. Deterministic methods are easy to use; probabilistic models are more

powerful.

Any recommendations for what direction of master thesis/PhD thesis to choose that's more related to the
field of work in pharmaceutical/biotech companies? In either experimental or data analysis aspect? Many
companies offer positions of both types (and some even combining the two). For instance see
careers.roche.com for positions openned by Roche, or LinkedIn. | also post my groups openings on my
personal blog David Discovers Drug Discovery at jdzhang.me.



https://careers.roche.com/global/en
https://jdzhang.me

igands

Proteins and LI

AMIDD Lecture 5

2PN O
—
.mm Mm N~
S_85 3
=3sS$s BA
o .0 o) T c
® == 2 = £
O = O >
>2E==2 S 3
sqaef8 @
Ss898s & 2
n/aSngmP,.m
<SS o ®© o
QO3 .00 O C
m..nr%bv, cC @®
e Z v Ex §c
Ky S35 O o
&) (o) mw (&) c - m nHW
o T 9 MW —_
235983 m2
NS oE&ESc 52

W OOCENE  ODE! R

DT T T T T T T T DT T T T I I O B R R -.mtuvmmmwm

<

/////////// / 1D

.////////////// N

/7////////A///

g]ddd«d«««««q

LARAR A4 4
AARRAAAS
AAARARARES

........-..-........-.....-.-.-%%
I O RN DN O

0 8 5 8 F RN E R RN AR

I UL NI

Dr. Jitao David Zhang, Computational Biologist

" Pharmaceutical Sciences, Pharma Research and Early Development, Roche Innovation Center Basel, F. Hoffmann-La Roche

2 Department of Mathematics and Informatics, University of Basel


https://www.novartis.com/news/medical-researchers-using-new-tools-turn-science-fiction-science-fact

Today’s goals

* Protein biology and structure determination

 Representation and molecular descriptors of small molecules

 Workflow of ligand- and structure-based drug discovery programs
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Recap of Hidden Markov Chains
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Result
Tail 1 ! l’? ,."? I ’ "'..'."l "'.?
§ dpl b gl bfod
:": ; I'. ; | :"'. ;"; i L ': Transmission Matrix Generated:
x il Fak o fead by [[0.8 0.2]
E 'y Bk 1 ik [0.2 0.8]]
a  Hidden Markov model = (T e haart e[S
of an unstable coin SRR }oxdr i (. \ Transmission Matrix Recovered:
- e R b \ [[0.774 0.226]
% H Q;} R i . i 8 'i. : E \ [0.104 0.896]]
2 fv'( = F|10.50.5 Head | @@ &0,-0 ' &? b' 1 5 ‘
@) 0505 0.1 09 Bl0.10.9] 0 5 10 15 20 5 EY Emission Matrix Generated:
o [[0.5 0.5]
S / [0.1 0.9]]
s ;”? .’.".T ”““T / Emission Matrix Recovered:
P | ; / [[0.539 0.461]
_ by : : '. / [0.152 0.848]1]
Grewal, Jasleen K., Martin . P : ! by
K:’ZYWIHZK',13”9MN3Em' : ': | L |/ Inferred model parameters
tman. 2013. "Markov : Pl ] '; with 1000 observations and
Models — Hidden Markov P L ': the Viterbi algorithm, see
) ) 0 5 10 15 20 2 30
Toss


https://doi.org/10.1038/s41592-019-0532-6
https://doi.org/10.1038/s41592-019-0532-6
https://doi.org/10.1038/s41592-019-0532-6
https://github.com/Accio/AMIDD/blob/master/docs/assets/2022/04/hmm.ipynb

Profile Hidden Markov models capture evolutionary changes

in homologs

M: match states. In the match
state, the probability distribution
is the frequency of the amino
acids in that position.

I: insert states, which model
highly variable regions in the
alignment

D: delete states, which allows
gaps and deletion.

Profile HMMs belongs to
generative models.

seq1 ACG-L

Start with a multiple

. seq2 SCG~-- e
sequence alignment seq3 NCGgF D™
seqd TCG-WQ  geletion
123 14 2
Insertions / deletions can N W
be modelled T insertion F D
A L E
Occupancy and amino acid ( % M4 y Ms ——=( =)

frequency at each position in
the alignment are encoded

Profile created

©s)

}\l 4 ‘:.\I 5

Figure from Pfam, a database of protein domains


https://www.ebi.ac.uk/training/online/courses/pfam-creating-protein-families/what-are-profile-hidden-markov-models-hmms/

X
Amino acids form polypeptide chains K

Proteins in human consist of chains of 21 amino acids. Each amino acid has a hydrogen (Glycine)
or a side chain (R group) attached to the alpha carbon, which are connected to both an amino
group and a carboxyl group. The amino group and the carboxyl group of two adjacent amino acids

form a peptide bond.

O Amino acid (1) Amino acid (2)
H H Acidic - -
. / carboxyl . Wt
* group H R E L{\\“! ot E %@
Amino / N-termi | C-t 2
group O @ )
Peptidebond . /tg’/
N\ | - H
N Z
H
R H wod [ @ -
H
R group (side chain) R|] W Water

Dipeptide



The Ramachandran Principle: Alpha helices, beta strands, and
turns are the most likely conformations of a polypeptide chain

CaC NO

The Ramachandran Principle,
explained by Eric Martz on YouTube,
discovered via Proteopedia

180 s

7180

/

Alpha Helix

Antiparallel beta sheet

180


https://www.youtube.com/watch?v=Q1ftYq13XKk
https://www.youtube.com/watch?v=Q1ftYq13XKk
https://proteopedia.org/wiki/index.php/Tutorial:Ramachandran_principle_and_phi_psi_angles

Primary structure l/l
amino acid sequence >_\|
/|

Protein structure is hierarchical

Protein structure is hierarchical;

* Primary amino-acid sequences form secondary structures
(alpha helices, beta sheets, and turns)

» Secondary structures form 3D structures of proteins (tertiary
structures)

» Proteins interact with each other and form complexes s
econdary structure
(q uaterna ry structure ) ) regular sub-structures

Many drugs induce changes in tertiary structure.

. Tertiary structure
three-dimensional structure

Quaternary structure
complex of protein molecules 1 O



Three major experimental approaches to determining protein K

structures

7 i

Single crystal Diffraction pattern Electron density map Protein model

X-ray crystallography

Sample preparation Data acquisition Spectral processing Structural analysis

Nuclear Magnetic Resonance (NMR)

NIX|/
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protein purification negative stain initial model

A

initial model re-projections

orientation
refinement

aligned and averaged defocus determination particle alignment and final structure
frames and CTF correction classification

subframe collection

Cryo-electron microscopy (CryoEM)

Figure sources:
https://www.creative-biostructure.com/comparison-of-crystallography-nmr-and-em_6.htm

11


https://www.creative-biostructure.com/comparison-of-crystallography-nmr-and-em_6.htm

Three major experimental approaches to determining protein

structures
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Underlying physical properties Main mathematical Advantages Limitations
technique used

X-ray
crystallography

Nuclear
Magnetic
Resonance
(NMR)

Cryo-electron
microscopy

The crystalline structure of a molecule
causes a beam of incident X-rays to
diffract into many specific directions.

Nuclei with odd number of protons and/or
neutrons in a strong constant magnetic
field, when perturbed by a weak
oscillating magnetic field, produce an
electromagnetic signal with a frequency
characteristic of the magnetic field at the
nucleus.

An electron microscope using a beam of
accelerated electrons (instead of protons)
as a source of illumination. Samples are
cooled to cryogenic temperatures and
embedded in an environment of vitreous
water (amorphous ice).

Fourier series and Fourier
transform

Distance geometry (the
study of matrices of
distances between pairs of
atoms) of and discrete
differential geometry of
curves

An inverse problem of
reconstruction - the
estimation of randomly
rotated molecule structure
from a projection with
noise; Fourier transform;
iterative refinement

Established
Broad molecular
weight range
High resolution

3D structure in
solution
Dynamic study
possible

Easy sample
preparation
Ntive-state structure
Small sample size

Crystallization
Static model

High sample purity
needed

Molecular weight
limit (~<40-50
kDa)

Sample
preparation and
computational
simulation

Costly EM
equipment
Challenging for
small proteins
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In silico presentation of protein structures: PDB
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: y 157145 Biological
- [-\ :\ 4 Macromolecular Structures
Enabling Breakthroughs in

PROTEIN DATA BAN K ResearchandEducation AT ar

lllllll 1DE > a ‘Worldwide
8 - ool § EMDataResource I‘L:mmmn in o
LS P DB @onaos: [ Demse (G rose

Structure Summary Annotations Sequence Sequence

30G7

B-Raf Kinase V600E oncogenic mutant in complex with PLX4032 4
http://www.rcsb.org/3d-view/30G7

The PyMOL Molecular Graphics System
File Edit Buid Movie Display Setting Scene Mouse Wizard Plugin

Ligand view

Structural view Balls and sticks: protein V60OE and ligand (PLX4032)
Blue dashes: hydrogen bonds (<3.5 Angstrom)

Gray dashes: hydrophobic interactions (<4 Angstrom)

Working with PDB files with PyMol from the command-line
13


http://www.rcsb.org/3d-view/3OG7
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If no structure is available, homology model building and in
silico prediction may help

W296-W303 Nucleic Acids Research, 2018, Vol. 46, Web Server issue Published online 21 May 2018
doi: 10.1093Inarlgky427

Target sequence Template SWISS-MODEL: homology modelling of protein
structures and complexes

Andrew Waterhouse'2, Martino Bertoni'-f, Stefan Bienert'?, Gabriel Studer'2",
Gerardo Tauriello'2, Rafal Gumienny'2, Florian T. Heer'-2, Tjaart A. P. de Beer'+2,
Christine Rempfer'-2, Lorenza Bordoli'-2, Rosalba Lepore'2 and Torsten Schwede'-2"

.pmllhvaaqgiasgmrylat..

1Biozentrum, University of Basel, Klingelbergstrasse 50-70, CH-4056 Basel, Switzerland and 2SIB Swiss Institute of
Bioinformatics, Biozentrum, University of Basel, Klingelbergstrasse 50-70, CH-4056 Basel, Switzerland

l Received February 09, 2018; Revised May 01, 2018; Editorial Decision May 02, 2018; Accepted May 07, 2018

Sequence alignment ] )
* Levinthal's paradox: /t would take a protein the present age of

template sequence ..vvllymofqis;omeylek.. the universe to explore all possible configurations and find the
target sequence  ..pmlilhvaagiasgmrylat.. minimum energy configuration. Yet proteins fold in microseconds.
l  CASP: Critical Assessment of Techniques for Protein Structure
Prediction

Homology model

« Athought-provoking blog from Mohammed AlQuraishi: AlphaFold @
CASP13: “What just happened?”, with an informal but good overview
of history of protein structure prediction, and his indictment (criminal
accusations) of both academia and pharma.

Sliwoski, Gregory, Sandeepkumar Kothiwale, Jens Meiler, und Edward W. By 2021 AlphaFold2 and RoseTTAfold reach experiment-level

Lowe. ,Computational Methods in Drug Discovery*. Pharmacological Reviews accuracy in some predictions of protein static structure
66, Nr. 1 (1. Januar 2014): 334-95. https://doi.org/10.1124/pr.112.007336.



https://moalquraishi.wordpress.com/2018/12/09/alphafold-casp13-what-just-happened/
https://moalquraishi.wordpress.com/2018/12/09/alphafold-casp13-what-just-happened/
https://doi.org/10.1124/pr.112.007336

AlphaFold2 uses co-evolution of residues, determined structures,

and neural networks to achieve the high performance

g »[@fff] 111 ) L 1t14ts ) High
i =S confidence
SrrTALY @ & Big
Genetlc B @7 ? 404 —®—> repr&eentatlon — —_— @
1 database (s,r:c) @
search Q? ) il ¥
MSA
witTees Evoformer Structure
| (48 blocks) e
Input sequence (8 blocks)
Y,
@—> _ | representation| —p — | representation | ——p- structure
c__2 o ero
X »| Structure i)
database - L
|

< Recycling (three times)

« Jumpe et al. “Highly Accurate Protein Structure Prediction with AlphaFold.” Nature 596, no.
7873 (August 2021): 583—-89. htips://doi.org/10.1038/s41586-021-03819-2.
« ADblog post that explains how AlphaFold2 works: blogpig.com



https://doi.org/10.1038/s41586-021-03819-2
https://www.blopig.com/blog/2021/07/alphafold-2-is-here-whats-behind-the-structure-prediction-miracle/

The key idea (beyond using 2D and 3D structure mapping):
learning from evolutionary constraints

R

K E
K E
K E
W v contact in 3D
W vV

coevolution

Marks, Debora S., Lucy J. Colwell, Robert Sheridan, Thomas A. Hopf, Andrea Pagnani, Riccardo
Zecchina, and Chris Sander. “Protein 3D Structure Computed from Evolutionary Sequence Variation.”
PLOS ONE 6, no. 12 (December 7, 2011): €28766. https://doi.org/10.1371/journal.pone.0028766.



https://doi.org/10.1371/journal.pone.0028766

AlphaFold2 & RoseTTAfold extend our understanding of protein
biology, while their impact on drug discovery remains to be seen

A —— _ AF residue

oteins Residues confidence
Homo sapiens . Databank
Mus musculus - i SwissModel
Drosophila melanogaster 9 | L AlphaFold
Caenorhabditis elegans R | B Unresolved
Saccharomyces cerevisiae o :

Confidence

Schizosaccharomyces pombe A
Escherichia coli .
Staphylococcus aureus

Very low (pLDDT = 50)
Low (70 > pLDDT = 50)

Plasmodium falciparum q il Confident (90 > pLDDT > 70)
Mycobacterium tuberculosis B Very high (pLDDT > 90)
Arabidopsis thaliana =i
0.0 20.0 0.0 10.0 0.5 1.0
Count le3 Count leb6 Ratio

Akdel, Mehmet, Douglas EV Pires, Eduard Porta-Pardo, Jurgen Janes, Arthur O. Zalevsky, Balint Meszaros,
Patrick Bryant, et al. “A Structural Biology Community Assessment of AlphaFold 2 Applications,” September
26, 2021. https://doi.org/10.1101/2021.09.26.461876.



https://doi.org/10.1101/2021.09.26.461876

Offline activities: promises and challenges of leveraging
predicted protein structures in drug discovery

Your answers about promising applications of protein structure prediction tools, summarized:

« Target finding

 Design drugs that interact with proteins

« Complement experimental approaches to solve protein structure
« Virtual screening

* Predicting 3D structure changes induced by mutations

Your answers about limitations, summarized:

 Low accuracy of sites in proteins where the drug molecule binds to, either active or
allosteric, because they tend to break the folder rules

« Training based on public data only

« Difficulty in predicting flexible and rare conformations of proteins

« Difficulty in predicting off-target effects

Your question: difference between AlphaFold, AlphaFold2, and RoseTTAFold.



Brief introduction to AlphaFold (2) and RoseTTAFold 4

AlphaFold (available in 2018, relevant research since ~2010s)

— Key assumption: a distance map, created by following the observation that co-evoluting
amino acids have close physical interactions.

— Key algorithm: graph neural networks that predict distances between distances, as well as
¢ (Psi, dihedral angle of the N-Ca bond) and y (Phi, C-Ca bond) angles for each amino
acid. Trained with amino-acid and structural data of 29,000 proteins, with neural network
and gradient descent.

AlphaFold2 (available in 2020)

— Improving drawback of AlphaFold1, which overwrites interactions between nearby residues
over residues further apart.

— Major changes

« Transformers that refine a vector representation of each relationship between two
amino acids in the protein. Attention mechanism is used to learn from data.
« A single differentiable end-to-end model instead of modular models
« Local physicals is applied only at the final refinement step.
RoselT TAFold (Science 2021): a three-track network integrating 1D (sequence), 2D (distance),
and 3D (coordinate) level information. Possible to model protein-protien complexes. Code and
server available.



https://www.science.org/doi/10.1126/science.abj8754
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Antibodies are also proteins Y \ / \ / BL,\

Chimeric antibody Humanized antibody Human antibody

| Immunogenicity,
antigen binding
affinity and specifity

Fab Fab conjugated to PEG scFv sdAb — V,,,, nanobody

Modulate effector
Glycosylation functions and
patterns antibody half-life TNF

PDB 3WD5, Crystal structure
of TNF-alpha in complex with
Adalimumab (Humira) Fab

fragment, PubMed: 23943614

Attwood, Misty M., Jorgen Jonsson, Mathias Humira (heavy Cha'" By,
Rask-Andersen, and Helgi B. Schidth. 2020. A "a
“Soluble Ligands as Drug Targets.” Nature B ,:_:.',I :
Reviews Drug Discovery 19 (10): 695-710. | " 'Humira (light chain)
https://doi.org/10.1038/s41573-020-0078-4.

20



What properties must a drug satisfy?

 Potency

o Selectivity

« Physico-chemical properties

« Administration, Distribution, Metabolism, Excretion (ADME)
- Safety

« Formulation

. Stability

X
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ChEMBL as information source of small molecules

Nomenclature Bioactivity
caffeine Affinity to human
1,3, 7-trimethylxanthine ﬁ proteins and drug
methyltheobromine targets

Hsc\ N/CH3
Chemical data <: O)\Jt[,? :> Database Xrefs

: |
Formula: C,H, N O, &E

I\Cﬂhafqei ?94 . PubChem: CID2519
ass. - % % BindingDB: 1849
Chemical Informatics

Visualisation

InChi=1/C8H10N402/c1-10-4-9-6-5(10)7(13)
12(3)8(14)11(6)2/h4H, 1-3H3

SMILES: CN1C(=0O)N(C)c2ncn(C)c2C1=0

A subset of available information from EBI ChEBI/ChEMBL,
inspired by EBI’s roadshow Small Molecules in Bioinformatics



Representation of small molecules

. <> 3 Ly

O
CH3
HaC / Canonical SMILES: CN1C(=0)N(C)c2ncn(C)c2C1=0
\N N 7
0 N N Standard InChlI: InChI=1S/C8H16N402/c1-18-4-9-6-5(18)7(13)12(3)8(14)11(6)2/h4H, 1-3H3
|

Standard InChI Key: RYYVLZVUVIJVGH-UHFFFAOYSA-N

Simplified Molecular-Input Line-Entry System (SMILES)
IUPAC International Chemical Identifier (InChl)
InChiKey: a 27-character, hash version of InChl

Molfile: a type of chemical table files

118750
11875~
=1.8125=
-2.4167 -
-2.4167 -
~1.8125 =
-0.5000 -
-0.5000 -
-0.1125 -
-3.0250 -
-1.8125 -
-1.8125 -
-3.0250 -
-0.2917 -
2120
312110
4510
5340
6210
7535350
8210
9720
10520
11620
1237120

13410

CHEMBL113

SciTegic12231509382D

14 1500 0 0 999 V2000

9.6542 0.0000C0 0
8.9625 0.0000C0 0
10.0292 0.0000NO O
8.9625 0.0000NO O
9.6542 0.0000C0O0
8.6000 0.0000CO0O0
9.8917 0.0000N O O
8.7625 0.0000N 0O O
9.3042 0.0000C00
10.0375 0.0000000
7.8917 0.0000 000
10.7417 0.0000C 0O
8.6000 0.0000C0O0
8.0750 0.0000C0 O
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https://en.wikipedia.org/wiki/Chemical_table_file

The tragedy of thalidomide and the importance of

A complete sedative and hypnetc
FANES = v @ 5Ngie preparation,
That is ‘Distavat’ | , , . the safe
day-time sedative which is ¢qually safe
i hypnotic doses by night.

‘Distaval’ is especially suiiable for
nfants, the aged, and patients under
severe emotional stress.

‘DISTAVAL......

....... TN

Frances Oldham Kelsey received the President's Award

for Distinguished Federal Civilian Service from

. President John F. Kennedy, 1962

sedative and hypnotic
Canonic SMILES of thalidomide

tabless of 2% g,

C1CC(=O)NC(=0)CTN2C(=0)C3=CC=CC=C3C2=0

12 Tabletten ‘ u (o)
| N
Hypnotikum ‘ \O 0/
-)(S)-thalidomide +)(R)-thalidomide
(1957) e i
_ Isomeric SMILES of (-)(S)-thalidomide Isomeric SMILES of (+)(R)-thalidomide
| thank Manuela Jacklin for C1CC(=0)NC(=0)[C@H]1N2C(=0)C3=CC=CC=C3C2=0 C1CC(=0)NC(=0)[C@@H]1N2C(=0)C3=CC=CC=C3C2=0

her help preparing this slide. 24



Absolute configuration of atoms within a chiral molecule

B
\ /
K Nc
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O H O
Sedative Embryo-toxic
R 11
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Conclusions Bl,\

« A successful drug must possess many properties, among others potency, selectivity,
physico-chemical/ADME properties, and safety profiles. These need to be considered in the
screening process.

 Drug screening means to identify drug candidates (small molecules, antibodies,
oligonucleotides, etc.) to modulate target function. \We need to understand the target
(mostly proteins), the ligand (small molecules, antibodies, oligonucleotides), and the interaction
between them (binding mode, affinity, consequence of modulation, etc.).

* Protein structures can be determined experimentally (X-ray, NMR, CyroEM) or by in
silico prediction (homology modelling, AlphaFold2/RoseTTAfold).

« Small molecules can be presented by symbols and by molecular descriptors.



Offline activities

* Protein structure and protein-ligand interaction

— Watch the YouTube video about the Ramachandran Principal by Prof. Eric Martz, or read

the notes (including slides) on Proteopedia, and finish a Practice Quiz.

* Required reading:

— Selected pages of Evaluation of the Biological Activity of Compounds: Techniques and
Mechanism of Action Studies by Dougall and Unitt and answer questions (see the next
slide). Please submit your results to the Google Form.

* Optional reading based on your interests:
— [Mathematics and structural biology] Mathematical techniques used in biophysics by J. R.

Quine.


https://www.youtube.com/watch?v=Q1ftYq13XKk
https://www.umass.edu/molvis/martz/
https://proteopedia.org/wiki/index.php/Tutorial:Ramachandran_principle_and_phi_psi_angles
https://proteopedia.org/w/User:Eric_Martz/Ramachandran_Principle_Quiz

Backup slides



Molecular descriptors: numeric values that describe chemical

molecules.

In contrast to symbolic representations, molecular

descriptors enable quantification of molecular i
properties. It allows mathematical operations and . /
statistical analysis that associate biophysical/biochemi 0D 1D 2D
. . o _©O
properties with molecule structures. s . Qg”)
o o
.t X .
(l) S8 /N\\ e Z
)
Sy . o>
HN_ //.//
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Lipinski’s Rule of Five of small-molecule drugs

+ HBD<=5: No more than 5 hydrogen-bond donors, e.g. the total
number of nitrogen—hydrogen and oxygen—hydrogen bonds.

« HBA<=10: No more than 10 hydrogen-bond acceptors, e.g. all

nitrogen or oxygen atoms

+ MW=<500: A molecular weight less than 500 Daltons, or 500 g/mol.

Reference: ATP has a molecular mass of ~507.

+ logP<=5: An octanol-water partition coefficient (log P) that does not
exceed 5. (10-based)

. approved marketed drugs

optimal oral drugs

optimal CNS drugs

@ Lipinski's Rule of Five

Source: cheminfoagraphic.com

Table 1. New FDA Approvals (2014 to Present)a of Oral bRo5 Drugs

drug
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the Rule of 5:
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Figure 7: Plot of MW vs cLogD of
FDA approved oral drugs. Red
points: ‘high probability area’
supposed by (questionable) data
analysis. Shultz, Michael D. 2019.
“Two Decades under the Influence

of the Rule of Five and the

Changing Properties of Approved

Oral Drugs.” Journal of Medicinal
Chemistry 62 (4): 1701-14.
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Workflow in a typical drug-discovery program

10.

Compound library construction;

Screening compounds with bioassays, or assays, which
determine potency of a chemical by its effect on biological
entities: proteins, cells, efc;

Hit identification and clustering;

More assays, complementary to the assays used in the
screening, maybe of lower throughput but more biologically
relevant;

Analysis of ligand-target interactions, for instance by getting
the co-structure of both protein (primary target, and
off-targets if necessary) and the hit;

Drug design, namely to modify the structure of the drug
candidate;

Analog synthesis and testing (back to step 4);

Multidimensional Optimization (MDO), with the goal to
optimize potency, selectivity, safety, bioavailability, etc;

Further in vitro, ex vivo, and in vivo testing, and preclinical
development;

Entry into human (Phase 0 or phase 1 clinical trial).
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Drug
design

o

ompound

Improved

structures \q
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— () Screening
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) Hit clusters

() Assays

Ligand-target P/

interaction

|
!

|

|
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|
y@ Entry into Human (EiH)

Multi-dimensional
optimization (MDO)

Further testing in vitro, ex
vivo, and in vivo

A schematic presentation of structure-based drug discovery
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Ligand-based and structure-based drug design g

Target and its protein structure

Not Available Available

Not Available Solving protein structure =) Target-based screening

3 3

Ligand-based drug design,
Available e.g. similarity and QSAR, and
target/MoA identification

A

Phenotypic screening

Structure-based drug design,
e.g. docking

Ligand (chemical starting point)

QSAR= quantitative structure activity relationship; MoA= mechanism of action, or mode of action
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