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What are good drug targets
and how to find them?

Mathematical and Computational Biology in Drug
Discovery (MCBDD), Module |

Dr. Jitao David Zhang, March 2026
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Outline

e A brief introduction to inference.
e Biological foundations of target identification.

e Drugs targeting targets with genetic evidence support are
twice more likely to be successful.
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https://www.quillshadow.com/infographics/genome-sizes
https://doi.org/10.1007/s10337-019-03796-9?urlappend=%3Futm_source%3Dresearchgate.net%26utm_medium%3Darticle

Exercise of inference (l)

The company Fréanzi and Friends
developed a new quick test at home for
seasonal Influenza, which is pending
regulatory agency’s review. The test has
been shown to have a sensitivity of 99%
and a specificity of 99%.

Suppose that Fred uses the test by Frénzi
and Friends and the test was positive.
Assume that 5% of the population is in
fact infected. Was is your guess about the
probability that Fred is indeed infected?

Ground truth

Positive

Negative

a
Positive

True

N

Positive (TP)

4 False )
Positive (FP)

Prediction

Negative

False

\Negative (FN))

True

\Negative (TN))

Sensitivity=TP/(TP+FN)
Specificity=TN/(FP+TN)

Example Hidden truth
» Healthy Disease
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2 | Healthy 45 5
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3 Disease 10 40

Sensitivity=45/(45+10)=81.8%
Specificity=40/(5+40)=88.9%
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Exercise of inference (ll) S o

A

1 %,
. . . . . N 1= €* 0 —> N
S-thalidomide is teratogenic and induces CE? §;>=Mw©:(< §/:>=A

severe malformation . Prinaid g
Among about 20,000 approved drugs, it is B
estimated that 30-140 have known teratogenic
effects in vivo. Let’'s assam that 100 (i.e. 0.5%)

are teratogens.

We have develop a biological assay to predict
teratogenicity before clinical trials in human.
Applying the assay to 30 known teratogens and

50 non-teratogens, we report that the assay

has 95% sensitivity and 98% specificity.

.
Question: Is our assay good enough to be use \‘(& 'gﬁ;@*ﬁgga;ﬂwwv;;mww@
for drug discovery screening? ) grEGTEEENSY

Thalidomide can induce severe phocomelia
(source: Wikipedia)



https://en.wikipedia.org/wiki/Thalidomide_scandal

Exercise of inference (lll) X

| have two pills and two hamsters. The pills are identical. The two hamsters are
optically identical, too, so that | cannot tell the difference between them.

| know that both pills are one of the following three types:

1. Pill Amakes both hamsters sleep.
2. Pill B makes neither animal sleep.
3. Pill C makes one animal sleep but not the other.

Now | pick a pill, feed it to one hamster, and the hamster falls asleep. What’s the
probability that the second pill makes the other animal sleep, too?
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Gene structure and gene expression 4
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https://fantom.gsc.riken.jp/zenbu/gLyphs/#config=1WdYSrcpK1_tOcwyUbb3Z;loc=hg38::chrX:15560104..15603676+

[

agtctaggga aagtcattca gtggatgtga tcttggctca caggggac)
61 ttcctggctc cttctcagecc ttgttgctgt aactgctgct cagtccac®™®
121 ggccaagaca tttttggaca agtttaacca cgaagccgaa gacctgttct atcaaagttc
181 acttgcttct tggaattata acaccaatat tactgaagag aatgtccaaa acatgaataa
241 tgctggggac aaatggtctg cctttttaaa ggaacagtcc acacttgccc aaatgtatcc
301 actacaagaa attcagaatc tcacagtcaa gcttcagctg caggctcttc agcaaaatgg

361 gtcttcagtg ctctcagaag acaagagcaa acggttgaac acaattctaa atacaatgag

421 caccatctac agtactggaa aagtttgtaa cccagataat ccacaagaat gcttattact

m o 481 tgaaccaggt ttgaatgaaa taatggcaaa cagtttagac tacaatgaga ggctctggge

541 ttgggaaagc tggagatctg aggtcggcaa gcagctgagg ccattatatg aagagtatgt

601 ggtcttgaaa aatgagatgg caagagcaaa tcattatgag gactatgggg attattggag

661 aggagactat gaagtaaatg gggtagatgg ctatgactac agccgcggcc agttgattga

721 agatgtggaa catacctttg aagagattaa accattatat gaacatcttc atgcctatgt

781 gagggcaaag ttgatgaatg cctatccttc ctatatcagt ccaattggat gcctccctge

841 tcatttgctt ggtgatatgt ggggtagatt ttggacaaat ctgtactctt tgacagttce

. Refse re CO rd N M OO 1 37 1 4 1 5 1 901 ctttggacag aaaccaaaca tagatgttac tgatgcaatg gtggaccagg cctgggatge
- 961 acagagaata ttcaaggagg ccgagaagtt ctttgtatct gttggtcttc ctaatatgac

1021 tcaaggattc tgggaaaatt ccatgctaac ggacccagga aatgttcaga aagcagtctg
1081 ccatcccaca gcttgggacc tggggaaggg cgacttcagg atccttatgt gcacaaaggt
1141 gacaatggac gacttcctga cagctcatca tgagatgggg catatccagt atgatatggc

. n S re CO r 1201 atatgctgca caaccttttc tgctaagaaa tggagctaat gaaggattcc atgaagctgt
1261 tggggaaatc atgtcacttt ctgcagccac acctaagcat ttaaaatcca ttggtcttct

1321 gtcacccgat tttcaagaag acaatgaaac agaaataaac ttcctgctca aacaagcact

T 1381 cacgattgtt gggactctgc catttactta catgttagag aagtggaggt ggatggtctt
E N 5 5 1441 taaaggggaa attcccaaag accagtggat gaaaaagtgg tgggagatga agcgagagat
u 1501 agttggggtg gtggaacctg tgccccatga tgaaacatac tgtgaccccg catctctgtt

1561 ccatgtttct aatgattact cattcattcg atattacaca aggacccttt accaattcca

1621 gtttcaagaa gcactttgtc aagcagctaa acatgaaggc cctctgcaca aatgtgacat

. 1681 ctcaaactct acagaagctg gacagaaact gttcaatatg ctgaggcttg gaaaatcaga

. Re d a n d b I u e b OXe S Sta rt Cod O n 1741 accctggacc ctagcattgg aaaatgttgt aggagcaaag aacatgaatg taaggccact
- 1801 gctcaactac tttgagccct tatttacctg gctgaaagac cagaacaaga attcttttgt

1861 gggatggagt accgactgga gtccatatgc agaccaaagc atcaaagtga ggataagcct

1921 aaaatcagct cttggagata aagcatatga atggaacgac aatgaaatgt acctgttccg
A I n n I A I h 1981 atcatctgtt gcatatgcta tgaggcagta ctttttaaaa gtaaaaaatc agatgattct
. 2041 ttttggggag gaggatgtgc gagtggctaa tttgaaacca agaatctcct ttaatttctt

2101 tgtcactgca cctaaaaatg tgtctgatat cattcctaga actgaagttg aaaaggccat
2161 caggatgtcc cggagccgta tcaatgatgc tttccgtctg aatgacaaca gocctagagtt
2221 tctggggata cagccaacac ttggacctcc taaccagccc cctgtttcca tatggctgat

region between them is called the s e S e s i

e

Daggaaca

gatcagagat cggaagaaga aaaataaagc aagaagtgga gaaaatcctt atgcctccat
aaaggagaaa ataatccagg attccaaaac actgatgatg ttcagacctc
. aatctatgtt tttcctcttg aggtgatttt gttgtatgta aatgttaatt

gaaaatataa gatgataaag atatcattaa atgtcaaaac tatgactctg

CO dlng Sequen Ce (C D S - 2581 ttcagaaaaa aaattgtcca aagacaacat ggccaaggag agagcatctt cattgacatt
2641 gctttcagta tttatttctg tctctggatt tgacttctgt tctgtttctt aataaggatt

2701 ttgtattaga gtatattagg gaaagtgtgt atttggtctc acaggctgtt cagggataat
2761 ctaaatgtaa atgtctgttg aatttctgaa gttgaaaaca aggatatatc attggagcaa
2821 gtgttggatc ttgtatggaa tatggatgga tcacttgtaa ggacagtgcc tgggaactgg
2881 tgtagctgca aggattgaga atggcatgca ttagctcact ttcatttaat ccattgtcaa
2941 aagatoacata ctttcttcac aagtaactcaa ttcaaatact ataataattt acctacaata
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https://www.ncbi.nlm.nih.gov/nuccore/NM_001371415.1
https://www.ensembl.org/Homo_sapiens/Transcript/Summary?g=ENSG00000130234;r=X:15561033-15600960;t=ENST00000252519
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Variant ID

11=1319011-C"1
17=7579831-C-T
17-7579924-G-A
17-7579932-G-C
17-7578142-C-A
17-7577142-C-A
17-7578188-C-A
17-7578263-G-A
17-7576928-TAGGAA...
17-7578171-C-A
17-1578171-C-T
17-7579934-C-T
17-7565206-T-A
17-1565222-C=1

Cr14+2L0>RA
c.74+8G>A
c-12C>T
c.-20C>G
c.672+35G>T
p.Gly266Ter
p.Glu221Ter
p.Arg196Ter

€.920-14_920-3delTGC...

c.672+6G>T
c.672+6G>A
c-22G>A
c*51A>T 1
c*35G>A T

W IILorn
@ splice region
@ 5' UTR
® 5' UTR
@ intron
@ stop gained
@ stop gained
@ stop gained
@ splice region
@ splice region
@ splice region
@ 5' UTR
® 3'UTR
@ 3'UTR

AGACGCT

LIKElY permyri

Likely benign

Likely benign

Likely benign

not provided
Pathogenic
Pathogenic
Pathogenic

Uncertain significance
Uncertain significance
Uncertain significance

Uncertain significance

Allele Count
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Example of monogenic disease

Z 1A\

Cystic fibrosis

[117,460 K, [117,480 K [117,500 K 117,520 K. 117,540 K [117,560 K [117,580 K, [117,600 K 117,620 K 117,640K 117,660 K 117,680 K

S

nes, MANE Project (release v0.93)

CFTR
NM_000492.4 | > (G e f t >——+— H—>+H—t— } } — ¥ NP_000483.3
iical, dbSNP b154 v2
P e ' v w o ' o ' ' '

A-seq exon coverage, aggregate (filtered), NCBI Homo sapiens Annotation Release 109
5180 5180 5180 5180 5180 5180 m

- (1 8110 — W1 T W - - |
117,559,540 I 117,559,550 l 117,559,560 |117,559,570 | 117,559,580 [ rs113993960 |1 17,559,600 ] 117,559,610 |117,559,620 l‘l 17,559,630 117,559,640

CTGTTCTCAGTTTTCCTGGATTATGCCTGGCACCATTAAAGAAAATATCATCTTTGGTGTTTCCTATGATGAATATAGATACAGAAGCGTCATCAAAGCATGCCAAC
GACAAGAGTCAAAAGGACCTAATACGGACCGTGGTAATTTCTTTTATAGTAGAAACCACAAAGGATACTACTTATATCTATGTCTTCGCAGTAGTTTCGTACGGTTF

e RefSNPs, dbSNP b154 v2
rs397508215 HEEEE TTTT/TT 1225182993 M T/C rs121908745 ATCATC/ATC rs1301983423 I GAATATAGATACAGAA/GAA
B TCT/T rs906983070 B C/T  rs397508219 Bl C/G/T rs1554384407 SN TCATCTTT/T rs121908776 I ATATA/ATA rs768151081 B C/T rs774433839 EEE CC/C
8 TT/T rs1254047854 Bl T/C rs1282142297 Bl T/C  rs768243039 M A/G rs879896183 CATCTTT/AIG rs1562898489 NN AGA/A  rs1360070384 B A/C/T  rs397508227 B C/T
rs121908775 ENIE CA/- rs1562898400 M A/G rs1554384410 m C/- rs1562898472 M T/A rs747504631 Bl T/C rs1279717363 Bl G/A rs368516826 M T/C

I T/G rs1466073638 M T/G rs397508218 Ml G/C  rs397508222 M T/A/C/G rs113993960 TCTT/T rs758745885 Ml G/T rs1562898492 Ml A/T  rs77646904 Hl G/A/T rs1554384440 B G/A
...l T/C rs1584798316 M T/- rs1562898413 Il G/A rs869189980 T/TCTCT rs397508225 M A/G rs1562898496 Ml A/G rs140552874 W C/G
782... 1 G/T rs1554384382 Wl T/C rs774945680 M G/A rs121909001 TTT/- rs1174624989 Wl A/C rs1562898497 Wl A/G rs1483458563 W A/G
121909017 =& C/T rs397508216 B G/A rs762619288 Wl C/A/T rs1554384417 TTT/TT rs781680305 M A/C rs757736710 B C/T rs121908754 B C/A

rs77101217 B C/T rs200626971 B G/A/C rs397508221 W A/G rs1800091 Hl A/C/G rs1562898471 B TTT/T  rs778175128 W T/C rs1562898510 Il T/A

rs397508214 B A/C/G rs1584798328 W C/T rs397508223 Ml G/C/T  rs753920616 Bl T/C/G rs1048256995 Ml A/G  rs397508226 Bl A/G

rs1554384373 Il G/C rs397508224 W T/G/G rs1554384431 W A/G

rs1800092 B8 G/A/G
rs1801178 Wl A/G/T
rs745¢1530 B® T/A/C/G
rs1400451895 TIC
rs1562898465 W G/C
rs752955846 W G/A

The CFTR gene (Chr 7), and rs113993960 (F508del), the most common cause of cystic fibrosis (CF). Read
more about CETR modulator therapies (CF Foundation), and a deep coverage by Sarah Zhang (Atlantic).



https://www.ncbi.nlm.nih.gov/gtr/genes/1080/
https://www.ncbi.nlm.nih.gov/snp/rs113993960
https://www.theatlantic.com/magazine/archive/2024/04/cystic-fibrosis-trikafta-breakthrough-treatment/677471/
https://www.theatlantic.com/magazine/archive/2024/04/cystic-fibrosis-trikafta-breakthrough-treatment/677471/
https://www.theatlantic.com/magazine/archive/2024/04/cystic-fibrosis-trikafta-breakthrough-treatment/677471/

Example of complex disease

Coronary artery disease
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Expression quantitative Splicing quantitative
trait loci (eQTLs) trait loci (sQTLs)

Lung (515)@ @ Minor salivary gland (144) cis-eQTLs cis-sQTLs
@ Thyroid (574)
@ Aorta (387)

——— @ Atrial appendage (372)

™

Breast mammary tissue (396)@

Pancreas (305)@ —— \ \
Liver (208)@
Adrenal gland (233)@

© Coronary artery (213)
Kidney cortex (73)@ @ Left ventricle (386)

Kidney medulla (4) @ ———/ @ Esophagus mucosa (497)

Visceral omentum (469) @ - - b NN ey @© Esophagus muscularis (465)
Small intestine terminal ileumn (174) @ — /| “@JE \ \ \\¥ @ Gastroesophageal junction (330)
Fallopian tube (8)© —— — @ Spleen (227)
© Stomach (324)

trans-eQTLs trans-sQTLs

Ovary (167) @ ——

Uterus (129)@ ! @ Transverse colon (368)
Not sun-exposed skin (suprapubic) (517) @ Z / W\ @ Sigmoid colon (318)
Endocervix (10)@ / :/t,/ \ \\ j S— @ Bladder (21
Ectocervix (9) © 4”/ ¢ ) O Prostate (221) oy
Vagina (141)@ © Testis (322) oz

Sun-exposed skin (lower leg) (605) @ N \‘\\\ @ Whole blood (670) r: N b 'Tm“ T
Cultured fibroblasts (483)0 ——— = \\\ | S @ EBV-transformed lymphocytes (147) (. C
Subcutaneous adipose (581) @ // \\\ N\ @ Tibial artery (584) o ¢
Skeletal muscle (706)@ / © Tibial nerve (532) National Human Genome

G T E X V 8 Research Institute




Cost per Human Genome
$100,000,000

$10,000,000

Moore’s Law

$1,000,000

$100,000

$10,000

N I H National Human Genome
Research Institute .
$1,000 \‘\-

genome.gov/sequencingcosts

$100
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Haemophilia in the descendants of Queen Victoria
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Life-threatening influenza infection in human IRF7
deficiency detected by trio sequencing
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Genetics helps to find drug targets o

Drug discovery
and development

The hypothesis: genes that are Target » Indication
associated with *
disease-associated traits are | Simiarity
more likely to be a valid drug 7

target for an indication with Genetic studies _
similar phenotypes than genes Gene Trait
that are not associated. The *

more causal the association, | Genome-wide association

. studies (GWAS)
the more likely. SNP



lllustration of the definition of genetic support for drug target

drug programs

similarity
=1.0

human genetic associations

gene indication indication phase
MeSH ID MeSH term

ABCC8 | D000070642 | Brain injury, traumatic Phase Il

ABCC8 | D003924 Diabetes Mellitus, Type 2 | Launched

FFAR1 | D003924 Diabetes Mellitus, Type 2 | Phase llI

IL1R1 D003924 Diabetes Mellitus, Type 2 | Phase Il

MeSH: Medical Subject Headings (NIH)

gene association | association source
MeSH ID MeSH term

ABCC8 | D003924 Diabetes Mellitus, Type 2 oTG

ABCC8 | D003924 Diabetes Mellitus, Type 2 OMIM

ABCC8 | D007003 Hypoglycemia OMIM

ABCC8 | D000428 Alcohol Drinking Genebass

IL1R1 D015212 Inflammatory Bowel Diseases | OTG

OTG: Open Targets Genetics, with an example of ABCC8
OMIM: Online Mendelian Inheritance in Man
Genebass: Gene(exome)-based association studies, with an example of ABCC8

Minikel, Eric Vallabh, Jeffery L. Painter, Coco Chengliang Dong, and Matthew R. Nelson. 2024. “Refining the Impact of Genetic Evidence on Clinical

Success.” Nature 629 (8012): 624-29. https://doi.org/10.1038/s41586-024-07316-0.

19


https://www.nlm.nih.gov/mesh/meshhome.html
https://platform.opentargets.org/
https://platform.opentargets.org/target/ENSG00000006071/associations
https://www.omim.org/
https://app.genebass.org/
https://app.genebass.org/gene/ENSG00000006071?burdenSet=pLoF&phewasOpts=1&resultLayout=full
https://doi.org/10.1038/s41586-024-07316-0

GWASdb
Associations: 242,393
Sources: 8,014
Traits: 1,431
Exclude
PharmGKB, GAD
P>107°
SNV-trait duplicates
Merge MeSH Associations: 26,208
Sources: 1,007
Traits: 694
Merge variant- '\ MeSH: 468
gene mappings
Exclude
SNVs without genes:
XMHC genes  “associations: 18,566
MeSH: 434
Genes: 6,120
Top genes: 2,702
Associated genes: 69,693
Unique gene-
MeSH pairs
Gene-MeSH: 13,855
MeSH:
Genes:
Gene-MeSH:

OMIM Pharmaprojects
Entries: 4,775 Driing:
Traits: 4,089 Tugs:
Genes: 2,965 Exclude
Missing targets
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Drugs:
Indications:
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Merge MeSH
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Drugs:
Indications:
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Targets:
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Gene-MeSH: 2,627
Direct overlap
2,531 MeSH: 207
7,253 Genes: 1,036
16,459 Gene-MeSH: 217

Disease «— Gene < Drug

Impact of genetics on target identification: a
factor of ~2 estimated by Nelson et al.

61,104

23,482
914
1,856

22,270
841
705

1,824

19,085
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GWASdb: a database for human
genetic variants identified by
genome-wide association studies
(Li etal., 2012, now almost
obsolete). Alternatives include the
GWAS Catalog (NHGRI-EBI).

Pharmaprojects: commercial tool
to track and analyse global drug
R&D landscape (the CITELINE

company).

Nelson, Matthew R. et al. 2015. “The
Support of Human Genetic Evidence for
Approved Drug Indications.” Nature

Genetics 47 (8): 856—-60.
https://doi.org/10.1038/ng.3314. 20
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Nelson et al. inferred that genetic support offers

an likelihood ratio ~2

Table 1 The relative value of genetic support for the probability

\/|\/
NN
0N

X

X

that a target-indication pair progresses along the drug development
pipeline, based on historical drug trial information

p(progress|genetic support)/(progressino genetic support)

Progression GWASdb and OMIM GWASdb OMIM

Phase | to phase Il 1.2(1.1-1.3) 1.2 (1.1-1.3) 1.2 (1.1-1.3)
Phase Il to phase Il 1.5 (1.3-1.7) 1.4 (1.2-1.7) 1.6 (1.3-1.9)
Phase Il to approval 1.1 (1.0-1.2) 1.0 (0.8-1.2) 1.1 (0.9-1.3)
Phase | to phase IlI 1.8 (1.5-2.1) 1.8 (1.4-2.1) 1.9 (1.5-2.3)
Phase | to approval 2.0(1.6-2.4) 1.8 (1.3-2.3) 2.2 (1.6-2.8)

Values give the ratio of the probability of a target-indication pair progressing
given genetic support to the probability of progressing without genetic support;
95% confidence intervals are given in parentheses.
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Follow-up study by King et al., 2019: benefits more >|

\/|>/\/
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than 2 fold when causal evidences are strong

A

Number of Target-MeSH Pairs

20000 -

10000 -

Subset Type

Unlabeled

Unknown Date
123

Unknown Phase
4426

GWAS

OMIM Pharmaprojects

Current Progression Risk Ratio

Full
Data

2

>

= »
0.5 1
4.0 4
2.0
1.0 1
0.5 1

1 2 1 2 1 2 1 2
Nelson et al. 2015 Progression Risk Ratio

s Phase | to Phase Il to Phase | to
Phase I ﬁproved Approved
_. Phasellto Phase | to
Phase Il Phase Il

King, Emily A., J. Wade
Davis, and Jacob F. Degner.
2019. “Are Drug Targets
with Genetic Support Twice
as Likely to Be Approved?
Revised Estimates of the
Impact of Genetic Support
for Drug Mechanisms on the
Probability of Drug
Approval.” PLOS Genetics
15 (12): €1008489.
https://doi.org/10.1371/journ

al.pgen.1008489.
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Fig 2. Estimated odds ratio of gene target-indication pair attaining approval, as a function of similarity between drug indication and the most
similar trait associated with the target. A: Left: All genetic associations. Right: Only genetic associations reported after 2013 download. B: Effect of LD 23

expansion threshold R* on the estimated approval odds ratio of a drug gene target-indication pair supported by a GWAS high-moderate deleterious

variant. Posterior median and pointwise 95% credible interval from Bayesian l()msm regr

ssion.



Follow-follow-up study Minikel et al. 2024 N

Target

N=29,476

» Indication

* Similarity of I 2166 T-| pairs with
I MeSHterm genetic support (~7%)

V >=0.8

Trait

Genome-wide association
studies (GWAS)

Minikel, Eric Vallabh, Jeffery L. Painter, Coco Chengliang
Dong, and Matthew R. Nelson. 2024. “Refining the
Impact of Genetic Evidence on Clinical Success.” Nature
629 (8012): 624—29.
https://doi.org/10.1038/s41586-024-07316-0

The dataset and source that is sufficient to reproduce all
figures and statistics are available at GitHub, and the
data repository is archived at Zenodo. Source data of
the paper is available at nature.com.
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https://www.nature.com/articles/s41586-024-07316-0#Sec20

Data processing schematic
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Human genetic associations
(all counts are gene-trait links
unless otherwise specified)
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PICCOLO: a GWAS-hits
database with gene
considering putative
causality (GSK).

intOgen: somatic
mutations, genes and
pathways involved in
tumor formation
(tumorigenesis).
(Barcelona Biomedical
Genomics Lab)
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Follow-follow-up study Minikel et al. 2024
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Accumulation of genetic data leads to more targets with genetic
support, though only 5-10% target-indication pairs with genetic
evidence are exploited. RS=relative success.



The probability of success for drug mechanisms with

genetic support is estimated 2.6 times greater than
those without
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MAE: minor allele
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All areas

Haematology
Metabolic
Respiratory
Endocrine
Infection
Congenital
Neurology
Cardiovascular
Oncology
Digestive
Psychiatry
Immune
Signs/symptoms
Dermatology
Ophthalmology
Musculoskeletal

Other

Genetically supported T-l pairs across
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Much genetic support nowadays is found retrospectively

Year of first approval
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Discussions o4

e \What practical consequences do the findings that genetics
increase target-indication success rates by about two fold?

e \What other evidences can we use to increase the likelihood that
a gene is a good drug target?

e \What are the challenges?
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Challenge #1: little knowledge on much of the genome

Proteins (1.5%)

, |
Targeted by Disease-
existing drugs

related

0.05%

Difficult to drug
as protein —
druggable

as mRNA?

Druggable
non-coding
RNAs?

Human genome

M@ GPCrR

M Nuclear receptor
M lon channel

B Enzyme

[ Transporter
M Kinase

[ Transcription factor
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Protein, RNA, or DNA as target? 4

Protein-coding genes

~2x10° transcripts

Known drug targets

~3x10° DNA bases from maternal and paternal each 33



Challenge #2: Lack of reproducibility

a 47 (70%)
8(12%)

12 (18%)

b
14 (21)%

45 (67%)

6 (9%)
2(3)%

c 3 (4%)
5(7%)

43 (65%)

14 (21%)

2(3%)

B Oncology
Women'’s health
[O] Cardiovascular

In-house data in line with published results

Inconsistencies that led to project termination

B Model adapted to internal needs

[] Literature data transferred to another
indication

B Not applicable

B Model reproduced 1:1

B Inconsistencies

B Not applicable

[] Literature data are in line with in-house data
B Main data set was reproducible

B Some results were reproducible

Model Model adapted to internal
reproduced 1:1 needs (cell line, assays)
1(7%) 12 (86%)

11(26%) 26 (60%)

Literature data transferred Not

to another indication applicable
0 1(7%)

2 (5%) 4 (9%)
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Challenge #3: The Target Ladder

3.

[Real-world test] What would happen if we inhibit the
activity of the kinase domain in the WKN3 gene in
patients with Alzheimer’s Disease?

[Intervention] What would happen to human cells or
to a rat model if we inhibit the activity of the kinase
domain in the WKN3 gene?

[Association] What are the evolutionary conservation,
sequence, expression profile, expression regulation
patterns, ... of the WKN3 gene?
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Effort required
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Conclusions KT

e Genomics and genetics offer unprecedented opportunities
and challenges for target identification and assessment;

e Drugs targeting targets with genetic evidence support are
twice more likely to be successful.

e C(Central tasks of mathematical and computational biology in
drug discovery include (1) performing inference to reduce
uncertainty, and (2) identifying causal factors that can be
modulated pharmacologically.

36



Offline activity of Module |: submission link

(submission deadline: March 19th, 2026)

BBBBB
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https://forms.gle/RsyAdR8ZF8ffTw6t9

Offline activity of Module | (Part 1) 4

Read Refining the Impact of Genetic Evidence on Clinical Success by Minikel et
al. Report what surprises you most, and submit any questions you may have
about the analysis.
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https://doi.org/10.1038/s41586-024-07316-0

Offline activity of Module | (Part 2)

Task 1: The company Franzi and Friends developed a 2nd-generation quick test at home for
Influenza, which is pending regulatory agency’s review. The test has been shown to have a
sensitivity of 99.5% and a specificity of 99.5%. Suppose that Fred uses the test by Franzi and
Friends and the test was positive. Assume that 5% of the population is in fact infected. Was is
your guess about the probability that Fred is indeed infected?

Task 2: Please share a piece of code that visualizes the probability that Fred is indeed infected
as the dependent variable, with the infection prevalence (5% in the example above, which takes
any real-number value between 0.001% to 50%) and the specificity (99% in the example above,
which takes values 99%, 99.9%,99.99%, and 99.999%) as independent variables. For simplicity,
we fix the sensitivity at 99%. Visualize the results if possible, and use integers to check and
explain your results. Use any programming language that you prefer. Please put your code in
GitHub or GitLab or other code-hosting service and paste the link below.

Task 3: What are your interpretations of the results?
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Backup slides
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Compare drug-induced teratogenicity and liver o
injury (DILI)

The DILIrank dataset comprises 1336 FDA-approved drugs. Each drug is assigned to one of four
categories based on its potential to cause drug-induced liver injury (DILI):

Most DILI concern (217)

Less DILI concern (351)

No DILI concern (414)

Undetermined causality/Ambiguous DILI concern (354)

The classification is derived from a comprehensive review of hepatotoxicity descriptions in FDA-approved
labeling and causality evidence from the literature.

Assume that we have an assay with 90% sensitivity and 85% specificity. How useful is it for drug
discovery? Comparing this with the example of teratogenicity, what’s your conclusion?

Chen et al., Drug Discovery Today, 2016 45



https://www.fda.gov/science-research/liver-toxicity-knowledge-base-ltkb/drug-induced-liver-injury-rank-dilirank-20-dataset
https://www.sciencedirect.com/science/article/pii/S1359644616300411?via%3Dihub#fig0005

An example of complementary views

We want to work on hepatocarcinoma (liver cancer) and have the following
information about a potential target X:

X is a receptor expressing on the surface of most cell types;

Upon binding ligands, X activates innate immune response;

Gene sequence of X is conserved in primates but not in rodents;
Protein X interacts with protein Y, which is essential, namely Y knockout
causes lethal embryos;

e Asian population has a unique genetic variant in the non-coding region
of X:

Discussion: what are the consequences of having these information?



Questions from courses 4

e \Why | recommended the GOT-IT paper? How can academia and industry
work together towards good targets?

e Did sequencing cost always follow the Moore’s law?

e \What happens if there are ATGs (AUGs in RNA) in 5’-untranslated region?

o In some cases, there are alternative start codons;

o However, in most cases, the ATGs in 5’-untranslated region seem to be always ignored by the
translational machinery. A study (Rogozin, Bioinformatics, 2001) suggested that those AUGs
may ensure low basal expression and generate regulatory elements.

e \Which target level (gene or protein) is more useful for the target identification?
In the lecture, gene-level approach seems not so promising.
e [s blue eyeness a marker of Neanderthalian origin? The story of OAC2
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https://academic.oup.com/bioinformatics/article/17/10/890/251525

Why autoimmune diseases are more prevalent in
females, though one X chromosome is randomly
inactivated?

« Sex hormone signaling plays an important role in immune functions, especially
estrogens. The hormone signalling apparently explains a lot, but not all, sex
differences in autoimmune diseases.

« Mutations of genes on the X-chromosome, as expected, cause many primary
immunodeficiencies only in males, because they have only one copy of the X
chromosome.

« One of the two X chromosomes in females indeed get inactivated during the embryo
stage. However, about 15-20% genes regularly escape the inactivation, among
others important genes involved in innate and adaptive immune response, including
TLR7 and CD40L.

- There are a few other hypotheses besides X-inactivation escaping, including loss of
mosaicism, reactivation, and haploinsufficiency.
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Much of the genome is junk, some is regulatory

UNI
BASEL
Chromatin
loop
A enetic evidence?
— RNA (§enerates phenotype)
e
Histone
Molec(fl;r Methylated  DNA-binding
modification site protein 1 utionary evidence
(mgmmalian conservation)
main components of the human genome
LTR retrotransposons 8%
DNA transposons 3% SINEs 13%
simple sequence repeats 3%
segmental
duplications 5% o
1. Gregory, T. R. Synergy between sequence and size in Large-scale
miscellaneous LINEs 20% genomics. Nat Rev Genet 6, 699-708 (2005).
heterochromatin 8% ; i 2. Kellis, M. et al. Defining functional DNA elements in the human genome.
miscellaneous protein coding Proceedings of the National Academy of Sciences 111, 6131-6138 (2014).
unique sequences 12% genes 1.5%
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Transcription factors induce gene expression o4

Can regulate TF activity
e.g. ligand binding domains

:s
N
.~

Can mediate protein-protein interactions
e.g. BTB domain

-------------------
-
~

Effector Domain(s)

Can have enzymatic activities

e.g. 5 C2H2 zinc fingers &5, SET domaln

DNA-binding domain(s)

Recognize specific DNA
sequences and sites
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GOT-IT recommendations for target-disease linkage:

Assessment blocks
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AB1: target-disease linkage (human targets)

Is the target perturbation a cause or consequence of the human
disease process?

Is the therapeutic relevance (such as human connection) of models
used sufficiently high for decision-making?

. Isthe target expression pattern known (that is, within the anticipated

patient population)?

Is the target manipulation process clinically relevant?

5. Isthe read-out used to detect target-dependent processes

Disease L
linkage

2z
Target-related
safety 3
Microbial 4
targets '
Strategic
issues 6.
Technical 74
feasibility

disease-relevant?

Is the stimulus used to activate or influence target-dependent
processes disease-relevant?

Are the biological consequences of an observed effect size known?
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Public resources for target assessment 4
e OpenTargets

AB1: target—-disease linkage (human targets) e Online Mendelian
1. Isthe target perturbation a cause or consequence of the human . .
O e i Inheritance in Man (OMIM)
2. lsthe therapeutic relevance (such as human connection) of models
O used sufficiently high for decision-making? P Scatte red in diverse
3. lIsthe target expression pattern known (that is, within the anticipated . .
O patient population)? information sources such as
. . . . 7 " [l L] .
4. s the target manipulation process clinically relevant? WIkIDedIa and literature

5. Isthe read-out used to detect target-dependent processes
disease-relevant?

6. Isthe stimulus used to activate or influence target-dependent e Health: GTEX, The Human
processes disease-relevant? .
Protein Atlas
e Disease: Gene Expression
Atlas, scattered

7. Are the biological consequences of an observed effect size known?



https://www.targetvalidation.org/disease/EFO_0002508/associations
https://www.omim.org/entry/168600?search=parkinson%20disease&highlight=disease%20parkinson
https://www.omim.org/entry/168600?search=parkinson%20disease&highlight=disease%20parkinson
https://en.wikipedia.org/wiki/Animal_models_of_Parkinson%27s_disease
https://www.gtexportal.org/home/gene/PARK2
https://www.proteinatlas.org/ENSG00000185345-PRKN
https://www.proteinatlas.org/ENSG00000185345-PRKN
https://www.ebi.ac.uk/gxa/search?geneQuery=%5B%7B%22value%22%3A%22PARK2%22%7D%5D&species=&conditionQuery=%5B%5D&bs=%7B%22danio%20rerio%22%3A%5B%22DEVELOPMENTAL_STAGE%22%5D%2C%22mus%20musculus%22%3A%5B%22ORGANISM_PART%22%5D%2C%22sus%20scrofa%22%3A%5B%22ORGANISM_PART%22%5D%2C%22homo%20sapiens%22%3A%5B%22ORGANISM_PART%22%5D%7D#baseline
https://www.ebi.ac.uk/gxa/search?geneQuery=%5B%7B%22value%22%3A%22PARK2%22%7D%5D&species=&conditionQuery=%5B%5D&bs=%7B%22danio%20rerio%22%3A%5B%22DEVELOPMENTAL_STAGE%22%5D%2C%22mus%20musculus%22%3A%5B%22ORGANISM_PART%22%5D%2C%22sus%20scrofa%22%3A%5B%22ORGANISM_PART%22%5D%2C%22homo%20sapiens%22%3A%5B%22ORGANISM_PART%22%5D%7D#baseline
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Public resources for target safety assessment o3

AB2: target-related safety (human targets) [ Com Darative
QS. Is the target selective and not genetically linked to other diseases . .
(or phenotypes or organ systems)? TOXI cogenomics Data base

9. lIsthere prior knowledge on safety of the target or reported evidence (CTD)
O for the role of the target in a known pathway and/or physiological
process that may be harmful if disrupted?

O 10. Are in vitro or pharmacologically relevant animal models available for o D r'ug B dn k, D rug Ce ntl’a|
safety testing?
11. Domodels used for safety testing translate well to humans? o FDA Adve rse Event
12. Are safety biomarkers available and can adverse effects be monitored Re DO I’tl nqg Svste m (FAE RS)

and/or predicted by safety biomarkers?

13. Is there sufficient confidence that a necessary safety window has

lbeel"nc;rcanbeestz;blished? o . i °® NCBI HomOIOGene
14.Is the disease life-threatening (at what stage of the disease is the
target of relevance)? ® ENSEM BL ComDaraGenom

15. Is the tissue distribution of the target known (in humans or in animals)? P Mouse Genome |nf0rmatiCS

(MGI)



https://ctdbase.org/
https://ctdbase.org/
https://go.drugbank.com/
https://drugcentral.org/
https://open.fda.gov/data/faers/
https://open.fda.gov/data/faers/
https://www.ncbi.nlm.nih.gov/gene/11315/ortholog/?scope=89593&term=PARK7
https://www.ensembl.org/Homo_sapiens/Gene/Compara_Ortholog?db=core;g=ENSG00000116288;r=1:7954291-7985505
http://www.informatics.jax.org/
http://www.informatics.jax.org/

Linkage Disequilibrium in human genome

Particular alleles (single
gene copies) at
neighbouring loci tend to be
co-inherited. For tightly
linked loci, this might lead to
associations between
alleles in the population.
This property is known as
linkage disequilibrium (LD).
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A Low-frequency Indel
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Is FTO a good target for obesity?

—_

BMI association (-log,,(P)

FTO: fat mass and obesity-associated gene, which hosts rs9930506
IRX3: Iroquois-class homeodomain protein IRX-3
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Smemo, S. et al. Obesity-associated variants within FTO form long-range functional connections
with IRX3. Nature 507, 371-375 (2014).
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https://www.ncbi.nlm.nih.gov/snp/rs9930506
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Other important information resources Sk

e Genomic variations: gnomAD, dbSNP, and TCGA for
oncology;

e Protein domain and static structure: InterPro, Pfam, and
PDB;

e Interaction network and pathway: BioGRID, IntAct,
Reactome, and KEGG:

e Gene expression profiles associated with the target:
NCBI GEO (Gene Expression Omnibus), ARCHS4
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https://gnomad.broadinstitute.org/
https://www.ncbi.nlm.nih.gov/snp/
https://portal.gdc.cancer.gov/
https://www.ebi.ac.uk/interpro/
https://pfam.xfam.org/
https://www.rcsb.org/
https://thebiogrid.org/
https://www.ebi.ac.uk/intact/
https://reactome.org/
https://www.genome.jp/kegg/pathway.html
https://www.ncbi.nlm.nih.gov/geo/
https://maayanlab.cloud/archs4/

