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Outline of Lecture 9 K

e Understanding pharmacology and toxicology with in vitro, in vivo, and in silico
models

e Cell-type specific response to drugs

e Single-cell RNA sequencing for disease understanding and drug discovery



Where are we now o4
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Goal: we want to select one compound from a few
(~102-10°) for entry in human.




Factors that affect efficacy and safety profiles
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Classical workflow of efficacy and toxicity

assessment
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Stem cells and organoids empower efficacy and

Enteroendocrine cell .

toxicity assessment
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Computational methods and novel biological N
models empower efficacy and toxicity assessment "
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Complexity Increases Through a System

Cells: basic

Epithelial ~ Epidermis: Skin: Integumentary System
Tissue Organ (Hair, Skin, Nails):

Organ System

Tissues: groups Organ: group

building blocks, of specialized of tissues to

variable
morphologies
and functions

cells that perform
communicate specific
and collaborate functions

Organ
systems:
group of
organs and
tissues



Organization of the Body
— —

Integumentary
System

Epithelial Cell

Nervous tissue

Osteocyte Brain
s Spinal cord !
Nerves Muscle tissue
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Lining of Gl tract organs
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What's in a drop of blood? Ask a doctor or a
biologist!

Multipotential hematopoietic
stem cell
(Hemocytoblast)

+

Common myeloid progenitor

Plasma:
- Water, proteins,
nutrients, hormones,

¥

Common lymphoid progenitor

etc. ~B5% 1 | 1 + l

00 © ‘ @
. Erythrocyte Mast cell

Buffy coat: ——8 ™ | Natural killer cell
- White blood cells, [ Myelinblast

platelets  «qoz
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Neutrophil  Eosinophil
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Thrombocytes

°
Megakaryocyte

Hematocrit:
- Red blood cells

Basophil

Normal Blood:
Q@ 37%—47% hematocrit
Q" 42%—52% hematocrit

Macrophage

|

Small lymphocyte

(Large granular lymphocyte)

T lymphocyte B lymphocyte

Plasma cell
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What's in a drop of blood? Count the genes!

X
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| Data celltype
analysis :E-[;:jl'll'-ce”

e CD8 T-cell

e DC

o NK cell

e monocyte CD14+

e monocyte CD16+
naive CD4 T-cell

® naive CD8 T-cell
pDC
unknown

Genes

UMAP2

Cells

UMAP1

Low High
B __SEF

Expressmn



Single-cell sequencing (scSeq) workflow

Tissue dissociation

Single cell capture and
transcriptome sequencing
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A linearized workflow of scSeq data analysis "~
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Overview of the computational workflow

Normalization
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https://doi.org/10.1038/s41596-020-00409-w
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Single-cell biology benefits both disease e
understanding and drug discovery
Bulk analysis Single cell transcriptome analysis
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BESCA: An open-source Python package for
single-cell gene expression analysis

An automatized standard workflow

From FAIR format Quality Control Dimensionality UMAP Cell type
Filtering, reduction characterisation
Normalization Clustering

| genes | . .

counts annotation

cells
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How to represent voxels with pixels?

The elephant bull Tusker at Zolli Basel plays with a tree trunk on a post (2022)
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http://www.youtube.com/watch?v=b-c3DNswVog

Uniform Manifold Approximation and
Projection (UMAP) for dimension reduc

Original 3D Data 2D UMAP Projection

tion

UMAP2

Understanding UMAP by A. Coenen and A. Pearce
UMAP by Leland Mclnnes on SciPy 2018 (YouTube)

UMAP1

20


https://www.youtube.com/watch?v=nq6iPZVUxZU
https://pair-code.github.io/understanding-umap/
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The Leiden Algorithm for Community Detection
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Biological knowledge and visual inspection

iIs used to annotate cell types

Heatmap
of gene X
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Cell type annotation with machine learning

Training data

New data
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An intern project: Cell type annotation

From unsupervised clustering and cluster based annotation

louvain o0 celltype

1 z i ¢
4 e B-cell .
: 2
: o CD4 T-cell Luis WySS
o e CD8 T-cell .
o4
s . 5C RAAN intern 2019
o~ I e NK cell
o 6 <> < e monocyte CD14+
> AR | o7 >
= B | L5 S ® monocyte CD16+ Genel |Gene2 |Gene3 |Gene4 |Gene5 |Label
Ko 9 o naive CD4 T-cell  |Training Cell 1 10 50 0 12 4|Celltype A
10 ® naive CD8 T-cell  |Training Cell 2 8 45 78 3 23|Celltype B
11 pDC Training Cell 3 14 55 78 65 55|Celltype B
° 12 unknown Training Cell 4 78 12 13 9 58|Celltype A
UMAP1 13 UMAPL Training Cell 5 45 23 65 98 11|Celltype C

To supervised annotation at single-cell level: F’

Genel |(Gene2 |[Gene3 |Gened4 |Gene5 Genel |Gene2 [Gene3 |Gened4 [Gene5 |Prediction
Cell1 45 45 8 56 3 Cell1 45 45 8 56 3|Celltype A
Cell 2 65 120 78 45 12 > Cell 2 65 120 78 45 12|Celltype B
Cell 3 79 12 34 65 88 Cell 3 79 12 34 65 88|Celltype C
Cell4 74 59 32 47 62 Cell4 7 59 32 47 62|Celltype B

Advantages: (1) automation, (2) annotation independent from
clustering, and (3) we can estimate the confidence of prediction 24



A PBMC example of cell type annotation

UMAP2

. Tc8Cytox

NKNai 7
NKCyt .~

NK

T cells(Tc)

Tc4Nai

Normalized confusion matrix

B cells (B¢

L4

ipapnzi S R :
Teatga Teal§ldx! e

True label

UMAP1

Predicted label

0.8

0.6

0.4

0.2

|\/
NN
Z0N

X
N/

X

Normalized confusion matrix

True label

. 0.6

I 0.4

i) 0.2

Predicted label

e Broad level cell types, including B cells (Bc), Myeloid (My), NK cells (NK)

and T cells (Tc), are successfully predicted.

e Missing and highly similar cell types cause challenges with increased
granularity. Essential: reference data quality and knowledge of cell types. .-
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Computational biologists work with R
experlmentallsts to empower drug discovery

,,,,, Single-cell biology

% S| e .@ Target cell type(s)
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Patient

Molecular Phenotypic

#i|Phenotyping screening
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We are living ecosystems
human cells bacteria
A A
[ | )
cells
[(x10%] _Z _
mass 0.2 M erythrocytes [ others M bacteria
[kel @ adipocytes B muscle cells
Table 3. B/H ratio for different population. See Table B in S1 Appendix for full references.
population body weight | age [y] blood RBC count colon bac. conc.[10""/ | total human cells | total bacteria | B:H
segment [kg] volume [L] [10"2/L] content [g] g wet] " [10'3 @ [10'?]
ref. man 70 20-30 4.9 5.0 420 0.92 30 38 1.3
ref. woman 63 3.9 4.5 480 0.92 21 44 2.2
young infant 4.4 4 weeks 0.4 3.8 48 0.92 1.9 4.4 2.3
infant 9.6 1 0.8 45 80 0.92 4 7 1.7
elder 70 66 3.8® 4.8 420 0.92 22 38 1.8
obese 140 6.7 5.0% 610® 0.92 40 56 1.4




Gut microbiome can metabolize drugs differently

High-throughput incubation LC-MS

76 bacterial gut
isolates

271 clinical drugs
(21 pools)
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The Tabula Sapiens and other community projects

offer reference expression data in healthy donors
2 al
L sLmte,

® Mo/M® FCGR3A"°
© CD14* monocyte
@ CD16* monocyte
© Mo LYVE1N
@ Proliferating M®
© Inflammatory M®
4. . ©®DCi
"}'.": . ,A_,_'\\::f:i;‘{.‘;:' ® DC2

“ 2% @ Langerhans
O Mature DC

\ Single-cell  .7_*
| transcriptomics

Left: the Tabula Sapiens. Right: Myeloid
(M¢=macrophages, Mo/monocytes,
LAM=lipid-associated macrophages,
DC=dendritic cells) gene expression



Conclusions KT

e Single-cell biology can identify rare cell populations
associated with diseases, and investigate
cell-type-specific perturbations caused by drug
candidates.

e Algorithms for dimensionality reduction, clustering, and
semi-automated cell type annotation allow us interpret
and integrate single-cell datasets.



Offline activities of Module IV (optional) A2

Perform your own single-cell data analysis to get first-hand
experience working with high-dimensional biological data.

e If you are new to the topic, please use the PBMC
tutorial of Scanpy (python) or the PBMC tutorial of
Seurat (R).

e If you have experience with such data already, checkout
the NBIS workshop on single-cell sequencing data
analysis to cover advanced topics such as spatial
transcriptomics and trajectory inference.



https://scanpy-tutorials.readthedocs.io/en/latest/pbmc3k.html
https://scanpy-tutorials.readthedocs.io/en/latest/pbmc3k.html
https://satijalab.org/seurat/articles/pbmc3k_tutorial.html
https://satijalab.org/seurat/articles/pbmc3k_tutorial.html
https://nbisweden.github.io/workshop-scRNAseq/exercises.html
https://nbisweden.github.io/workshop-scRNAseq/exercises.html

Disease understanding.

disease-specific cell types <€—

and states

Target identification:
expression pattern in
health and disease across
cell types

A/

>/| |\/
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Single-cell biology is important in drug discovery:..

N
N\

Biomarker and patient
stratification: which
genes should we measure
in which cell type(s)?

MoA and safety
modelling: perturbation
effect at single-cell level

32



Outline of Lecture 10

e We predict efficacy and safety profiles of drugs by studying the mechanism
and mode of action (MoA).

e Molecular modelling and (single-cell) RNA sequencing analysis are essential
tools for understanding MoA of nucleotide-based modalities.

e Molecular modelling and proteomics based on mass spectrometry (MS) are
essential tools for understanding MoA of small molecules and antibodies.



Mechanism of Action at the molecular level and
Mode of Action at cellular and system levels &

Mechanism of Action: The biochemical
iInteractions through which a drug exerts
Its pharmacology and toxicity.

Mechanism of Action

Many to many

Mode of Action

Many to many

Phenotype

Mode of Action: Functional or
anatomical changes of cells, or organ
and tissue systems resulting from the
exposure to a drug.
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Host genetics, non-genetic factors, MoA, and
ADME together influence efficacy and safety o

In this lecture, MoA
refers to both

Non-genetic
factors

. e.g. food
MeChanlsm and Exposure consumption,

H (space, , co-medication,
MOde Of aCtlon’ time, )/ microbiome
because we need to abundance) /
understand both to /

/

-
-
-
-
-
-
-

make a good drug. Host

genetics

Efficacy &
Safety




Four approaches for MoA understanding S,

\

e Imaging-based methods

e Direct biochemical methods )

e Computer-assisted inference )
methods, e.g. sequence analysis
and molecular modelling

e Omics based methods, e.g.
transcriptomics (RNA-seq) and
proteomics (mass spectrometry) |

~ Covered before

~ Focus today




Challenge #1: Many Causes, Same Effect X

Different
Mechanisms of
Action may or may
not lead to the
same Mode of
Action.
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Challenge #2: Multiple MoAs are possible X

photo-naproxen

photo- S photo-
celecoxib indomethacin

Non-steroid anti-inflammatory drugs (NSAIDs)

are thought to work by inhibiting proteins
Cox-1 and Cox-2.

A recent study (Gao et al. 2018) reports that
they bind to a surprisingly high number of
proteins in cells.

Methotrexate

O  COOH

NH-> /@*N/I
N H
NZ | X rTl COOH
)% = CHs
H,N N N

[As chemotherapy agent] Inhibiting
dihydrofolate reductase (DHFR) and
consequently DNA synthesis.

[As immunosuppressant] Multiple
mechanisms, e.g. (1) inhibiting purine
metabolism, (2) inhibiting methyltransferase,
and (3) inhibiting IL-1b binding to its receptor.



Challenge #2: Multiple MoAs are possible 4

Thalidomide, lenalidomide,
SALL4 target

pomalidomide
'_, gene transcription = /
Coven{_cran )
ol o/ » -
) CRBN E3
A N 1,// ubiquitin ligase
P 9
Bioiascimne 11" Normal Limb

® Ub ) T

et —
p \R” Development l Transcription factor W

destruction ~

Direct outcome Collateral effects ‘

— of drug
Teratogenicity { IRF4 4 IL-2
and embryopathy + Myc + TNF

Thalidomide employs the same |
ubiquitination system to degrade
different targets in teratogenicity (left)
and in leukemia (right).

Multiple myeloma
cytotoxicity
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Challenge #3: Genetics may affect MoA KT
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Computational biology contributes to MoA
understanding by data analysis and integration

e MoA can be inferred either with the
information of the compound alone in
silico, or with the data generated in
vitro or in vivo.

e Prior knowledge encoded in databases
is often of great help.

e The process is always iterative with
hypothesis-testing cycles.

Bioinformatics

e Below we illustrate modality-specific
approaches

42



Understanding MoA of antisense
oligonucleotides

BBBBB



|
Sequence-dependent binding of oligonucleotides i}
induces both on- and off-target effects 4

Antisense Oligonucleotides (ASOs) work by
binding to mMRNA transcripts in a
sequence-dependent way.

ASO-mRNA binding is a chemical reaction
with a spectrum of affinities. For simplification
(), we often use the following classification:

o On-target, usually of one mRNA
species.

o Off-targets potentially of many
undesired mRNA species.

o Non-targets, hardly bound by the ASO,
though they can be potentially regulated
by secondary effects.

K
O
NN
NI
SEL
97 ...AT66CCTGGACTTTCA... 3 Sensestrand of DNA
3 ..TACCGGACCTGARAGT... 5 Antisensestrand of DNA

Transcription {(in the nucleus)
of antisense strand

5 ...AUGGCCUGGACULUTCRA... 3”mBNA(=sense){in cytoplasm)

TACCGGACCTGAAGT 95’ «4—— fAntisense

w T
1

mwﬁﬁﬁm fgr‘ -— Peé’(@de

ol igodeoxynucleotide

n of

Human mRNAs

AUGGCCUGGACUUCA  On target
My silver-bulletoligo  aAyGECCUGGUCUUCA  Off target

J_ J,
T ACCGG(Acsc.':)['GAAGT AUGGCCUGCucCuuca Off ta rget
AUGGCCACCACUUCA
UACGUCGUAGUCUUC

44



X
[ [ ] [ ] [ ] >_<|>_<|>_<
The binding affinity between RNA and ASO can &
UNI
L BASEL
be measured by the melting temperature T _
e Binding affinity between RNA and ASOs e The higheris the T , the stronger is the binding,
can be measured by the duplex melting when other conditions are constant.
temperature (T ), the temperature at which
half of the ASOs are duplexed with RNA. Name Target Sequence(5'to3)’ Length(nt) Tp (°C)
147  _—DNADNA
Tede =P T1 Tradd GctcatactcgtaggcCA 18 66.8
1.2 4
<O( 194 T2 Tradd GCtcatactcgtaggcCA 18 69.7
<
1 T3 Tradd GCtcatactcgtaggCCA 18 72:1
0.9 -1
T4 Tradd GCTcatactcgtaggcCA 18 73.3
08 ) ) 1 1 1 1
20 30 40 50 60 70 80 IH Tradd GCTcatactcgtaggCCA 18 76.3
Temperature (Celsius)
Question: when other conditions are constant, which ASO
45

binds strongest to the target gene Tradd?



Predicting melting temperature (i.e. binding U
affinity) of ASO-mRNA pairs with free energy B

It is possible to predict T using the
nucleotide sequences and the

inci i i Free Energy
principles of nu_clelc acid Human mRNAS Praderiont
thermodynamics. e <tverbullet ofice MUGGCCUGGACUUCA 32.8
The meli . ated Ve gy C'9°  AUGGCCUGGUCUUCA 28.5

e melting temperature is correlate TCAAGTOORGGCCAT  AUGGCCUGCUCUUCA 237
with the free energy of the duplex AUGGCCACCACUUCA
(AG®), which can be predicted by .
dynamic-programming algorithms. UACGUCGUAGUCUUC

The more negative the free energy
is (i.e. the larger the absolute value
is), the higher is T _,namely the
ASO-mRNA pair is more likely to be
stable .

Question: Other conditions held
constant, which mRNA has the
highest predicted T  given the data?
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Transcriptomics profiling allows simultaneous
investigation of on- and off-target effects

e RNA-sequencing is able to quantify o T
both on- and off-target effects of
ASOs by measuring gene
expression changes.

e Differential gene expression analysis
can be used together with
ASO-mRNA binding-affinity
prediction to reveal off-target |
potentials of the tested ASOs.

Differential gene expression [logFC]

45 10 5 0 5 -20 -15 -10 -5
Free energy [kcal/mol]
e Atthe same time, RNA-sequencing A declining trend at the left end (red dashed circle) is a

can review pathway- and warning sign: mRNAs that are predicted bound to the ASO
are down-regulated, revealing potential off-target effects.

network-level changes induced by
ASOs for efficacy and safety studies. 47
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Understanding MoA of small molecules
and antibodies with proteomics



Mass-spectrometry based Proteomics

e SDS-PAGE: Sodium Dodecyl
Sulphate-Polyacrylamide Gel
Electrophoresis

e ESI: Electrospray ionization

e (1/g2: selection/collision/separation
cells

e MS: Mass spectrometry

e MS/MS: tandem mass spectrometry

Intensity (arbitrary units)

NX~
\/l\/|\/
NN
ZTXIN
UNI
: 3 ; BASEL
(1) Sample SDS- Excised (2) Trypsin Peptide
fractionation PAGE proteins digestion mixture
i ~
6 2R & M~
= — ) —
[\, aT Nahy
¢y CB
—_—
i .......I.L_T.[.._ | | ,j
|[:]L J ) :
(3) Peptide ql q2 .
chromatography «
and ESI <
(4) MS (5) MS/MS
200
LLEAAAQSTK
400, 516.27 (2+)
y? |y8
100182 soAAlE|L L
200 516.27 {2+)
N 7
i 1 b2 4
3 ‘ yo
0. i 0l M'Al A I :
400 600 800 200 600 1000
m/z m/z



Mass-spectrometry based proteomics

a Mass spectrometry
Q C-trap

Data analysis and
interpretation

ﬁ lon
Peptide separation DDA trajectory

.= MaxQuant
. . < Perseus
Protein Peptide and ionization —ma i
Orbitrap mass
Ty o TS~——" analyser
(Y = .
» - Skyline

o AR
Ve N\
= / — 1

MOD ™. wg ]

Q  collision Time-of-flight
cell mass analyser

Sample preparation

b  Peptide quantification

MS? level ) MS?2 |evel
Comparison of runs

/\ MS!
| —

Intensity
Intensity
L X N

— Retention JF Retention
E time time

m/z m/z m/z vz

Y

» OpenSWATH

MS?

il

L I L I
Reporter ions Peptide fragments

Intensity




3 13

Thermo Fisher Scies Bruker O-TOF AB Sciex Q-TOF Agilent Q-TOF

We use mature software to = //
handle MS data “”*

z
Group A Group B L._. 5
5 Viewer tab of MaxQuant.exe E
&2 é;f'_ﬁ Experimenta miz
-0, & ?' o, i design New protease
&= &2 Optional as xt file X
. -/
e~
— Andromeda configuration tab of MaxQuant.exe o
N FASTA| Search database  —
File in fasta format First search Main search

Additional work needs to be done: o

e Experiment design
e Statistical modelling e o
®
®

Second peptids (SP) search Protein group 1
Applying FDR Applying FDR (SP)

Pathway and network analysis =,

b's '

Matching between runs"*

Integration with other data e

Writing tables

/\

a Downstream bicinformatics Result inspection

Viewer tab of MaxQuant.exe

~~~~~~~~~~~~~

Map view MS/MS view




Proteomics enables the elucidation of protein
relations in the protein communities

Input Proteome Proteomics Protein communities
Genotype Physical
VAVAYA \ O_%‘Q'O
Cell type (O Functional 8«

Y Y}\Y}\
o T ek
/\I\/\ —_—
~p
Environment __— \ Spatial & OO
o - o
. O Q Q ® olo

Pertubation

L

Co-regulatory
o

(@)
L@
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Prot i hes for d di R0204
roteomics approacnes 1or arug discovery 0N
& . 5 : = Peptide BL.‘J\ Ig‘ IIE L
ancer ce! rotein mixtures mmunoaffinity resin mixtures
Affinity purification @ . . ”””
@9 @
Label
0.
< Affinity resin
Proximity labelling <> Sk — —»'u
200 »
Fractionatiol Fractions \
g \ @ Digestion HUHH
Organelle proteome profiling — —& — 1 —
/ @3 il I g9 #
| . & | ek
Post-translational modification = — e N =
S Lysis e — s) Digestion
(PTM) profiling P = ﬁ _’
,__D.sg v Inhibitor resin
_ . r 0 O - il
Chemoaffinity enrichment \/ﬂ s QOO _, o
& = I I|]|
l! ] @ fsmgtple il
. B R S e
Thermal proteome profiling @ remperstoe W 1l
@ O curve 1]
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Example 1: Chemoproteomics for target ID

. ' stringent M specific tryptic in- gel
washin elutnon digest

Chemoproteomics methods are based on two
principles: (1) bait/prey and (2) competition.

Commonly used methods include affinity-based

profiling (shown below), activity-based profiling,
SILAC, efc.
if

heatlng

SDS-PAGE

stringent specific
washin elution
g’ » » ——P mass spectrometry
or =
heating > 54

SDS-PAGE




Example 2: Confirmation of selective degradation

A

of protein target in vivo

N

S ! )
\ | \g'
_N o>»N|\»1_\_\
0
Al

(o]
Cl
(o]
Or
(0] N
H
O1Bu \
=
.\ R

(o]
=N Y
) O N~ Dm0
N darg) U
N4 0 0
S-._, & \- thalidomide: Y=0, R=H
/ N\ ! N lenalidomide:  Y=CH,, R=NH,
\=( pomalidomide: ~ Y=O, R=NH,

s
\ \ 0o
) &

Cw&m
structure of

dBET1 binding dBET1-BRD4 to

to its target
BRD4

Docking of

DDB1-CRBN
structure

relative abundance

7429 quantified proteins

2
JQt
MYC PIM1
0.25
= 0.125
T T 0.0625
E & ® 3§
S Q (=)
S = p-value

7429 quantified proteins

L 025
BRD4
@® BRD2 . 0.125
@3R3

' y 0.0625
= 5 5 = 0.1
: § 8 3
2 S p-value



Example 3: thermal proteome profiling
identifies drug binding targets o

DON’T EAT, NOT

A -~ DHFR Lysate/100uM Methotrexate
M -=- DHFR Lysate/Control
The death cap ~ DHFR Intact cell/10uM Methotrexate

contains amatoxin, —— DHFR Intact cell/Control

s a thermal stable
5 @ toxin.

100+ -

504
Proteins are usually stabilized

by ligands binding to them.
. . . 40 44 48 52 56 60 64
This principle can be used to Temperature °C

|.dent|fy p.)roteln targ.e.ts (?f a Results of Cellular Thermal Shift
ligand without modification of Assay (CETSA) to verify DHFR as a
the ligand (label-free) target of methotrexate.

Relative band intensity, %
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Example 4: photoaffinity labelling confirmed HBV
capsid binding and mapped the small molecule *
binding pocket

+Cp150, UV, MS

B Mass reconstruction of +TOF MS Max. 3,865 ops B Mass reconstruction of + TOF MS Max. 4.68e5 ops.
. Inactive HAP
16832.000 Actlve.HAP 48e5 16833.000 el
3565 4 +capsid
4065 4
’ o | ~ 3.0e5
o Y 2991 Mw +477, 3.0e5 4 In contrast, the inactive HAP

2.0e5 one active HAP can not be detected.

Intensity, cps
Intensity, cps

| 1s
\ /\ :[ .
0 3 | R* 1 G modifies one Cp150 2.0e5 4
N
\ N

{0
| =

1.0e5 168#0.000

Q )\\(\) ﬁ)\\/ 168H40.000 1.065 1 r

N N N 5.0e4 4 \ 17309.000 |

HO P b ; . 00'] i e . .

N HO 1.68e4 1.70e4 1.72¢4 1.74e4 168e4 1.70e4 1.72¢4 1.74¢4
N// /N Mass, Da Mass, Da

N/

RO-A RO-B Proteolytic digestion/LC-MS/MS identified

SOy DO 1100 labelling site Y118 (Y=Tyrosine) of HBV capsid
protein. More photoaffinity probes identified
labelling sites at R127 (R=Arginine) and Y38. %

~o
)
\




Conclusions

BBBBB

e \We predict efficacy and safety profiles of drugs by
studying the mechanism and mode of action (MoA).

e Molecular modelling and (single-cell) RNA sequencing
analysis are essential tools for understanding MoA of
nucleotide-based modalities.

e Molecular modelling, RNA sequencing, and proteomics
based on mass spectrometry (MS) are essential tools for
understanding MoA of small molecules and antibodies.
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The road towards MoA can be 120-year long

O OH
Dai et al, Cell, 2019

O\"/ Acetylation blocks cGAS
O activity and inhibits
self-DNA-induced autoimmunity

e Acetylation suppresses cGAS
activity
e Aspirin directly acetylates cGAS
Aspirin inhibits cGAS-mediated
interferon production
o e Aspirin alleviates DNA-induced
Aspirin autoimmunity in AGS mouse models

trademarked and patient cells
in 1899

MoA understanding can be a long process full of surprises
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WHEN YOV SEE A CLAIM THAT A
COMMON DRUG OR VITAMIN “KILLS
CANCER CELLS IN A PETRI DISH,

KEEP IN MIND:

4

S0 DOES A HANDGUN.
It is often easy to see what a compound does to cells or to animals.

It takes time and effort and luck to understand why it does so.
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Computational and physical models of human

biology
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Embryonic origins of
tissues

Germ Layer Gives rise to:
Ectoderm Epidermis, glands on skin, some cranial bones, pituitary and adrenal medulla, the nervous
system, the mouth between cheek and gums, the anus
Skin cells Neurons Pigment cell
Mesoderm Connective tissues proper, bone, cartilage, blood, endothelium of blood vessels, muscle,
synovial membranes, serous membranes lining body cavities, kidneys, lining of gonads
Cardiac Skeletal Tubule cell Red blood Smooth
muscle muscle of kidney cells muscle
Endoderm Lining of airways and digestive system except the mouth and distal part of digestive system

(rectum and anal canal); glands (digestive glands, endocrine glands, adrenal cortex)
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Abundance of immune cells in tumor
microenvironments affect outcome 5
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TLS: tertiary lymphoid structures; Treg: regulatory T cells; M: macrophages; M1/M2: subtypes of macrophages
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An example of Inflammatory Bowel Disease

(IBD)
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We observed Inconsistent cell type nomenclature a

Machine learning allows us compare and integrate multiple studies.

cross studies.
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