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I Transcriptional regulation

— Introduction
— Gene Regulation
Prokaryotes
Eukaryotes
— Genome analysis
Hidden Markov Models
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History

1995

— Two bacterial genomes decoded (TIGR)
Mycoplasma genitalium (580.070 bp)
Haemophilus influenza (1,830.137 bp, 1.740 genes)

— First DNA microarray studies published

* 1996

— Saccharomyces cerevisiae (bakers yeast) decoded
(12,000.000 bp, 6.000 genes)

¢ 1998

— Caenorhabditis elegans (worm) genome decoded
(97,000.000bp, 19.000 genes)

¢ 2000

— Genome of Drosophila melanogaster (fruit fly)
(180,000.000bp, 14.000 genes)

Human genome project

2000

— Draft version of the human genome
(>10 years, >3 billion $, 20 labs)
2003
— completed (high quality reference sequence)
(3,000,000.000bp, 25.000 genes)
2007

— J Craig Venter genome sequence
— James Watson genome sequence
(2 months, 454 sequencing, 1 million S)

2012

— >150 eukaryotic genomes sequenced
— >20 mammals
— Hundreds of sequenced bacteria

and viruses




Neandertal genome sequence

* Department of Evolutionary Genetics,
Max-Planck Institute for Evolutionary
Anthropology

» Draft sequence 2010 (Science) using
454 pyro-sequencing (Roche)

* Comparison with human and
chimpanzee (e.g. speech-related gene
FOXP2 with the same mutations as in
human in contrast to chimp)

* Neanderthal admixture in modern
human DNA?

Large scale genomics projects

1000 Genomes Project (=> 100.000 genomes project)
— Study human genetic variation of >1.000 human genomes

Genomel0k

— whole genome sequencing of 10.000 vertebrates

International Cancer Genome Consortium (ICGC) and The Cancer
Genome Atlas (TCGA)

— To obtain a comprehensive description of genomic, transcriptomic and
epigenomic changes in 50 different tumor types and/or subtypes.




TCGA (The Cancer Genome Atlas)

https://tcga-data.nci.nih.gov

NATIONAL CANCER INSTITUTE
THE CANCER GENOME ATLAS

TCGA BY THE NUMBERS

e

@Q:?’S 1@ * Copy number
Saflar ik * Methylation
B * Gene expression
* MicroRNA expression
* Somatic mutations
* Clinical data

Pan-Cancer Analysis of Whole Genomes Consortium

>2600 whole cancer genomes
38 tumor types
750 affiliations
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Human pangenome reference

47 phased, diploid assemblies from a cohort of genetically
diverse individuals

cover more than 99% of the expected sequence in each
genome and are more than 99% accurate at the structural
and base pair levels

.......... ATTGGGCATCGGGTGAGAGTGACCCTTT GGCAGG
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ENCODE (Encyclopedia of DNA Elements)

32 institutes http://www.nature.com/encode
442 consortium members http://genome.ucsc.edu/ENCODE/
1640 data sets http://www.genome.gov/10005107
30 papers (Sept 2012)

The vast majority (80.4%) of the human genome participates in at
least one biochemical RNA- and/or chromatin-associated event in at
least one cell type.

Cost per genome

Moore's Law

"““li\lll\ﬂl”‘ Il National Human

i Genome Research
Institute

genome.gov/sequencingcosts
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Nomenclature of nucleic acids

Base Symbol Occurrence
Adenin A DNA, RNA
Guanin G DNA, RNA
Cytosin C DNA, RNA
Thymin T DNA
Uracil U RNA
Symbol Meaning Description
R AorG puRine
Y CorT pYrimidine
w AorT Weak hydrogen bonds
S GorC Strong hydrogen bonds
M AorC aMino groups
K GorT Keto groups
H A, C,orT (U) not G, (H follows G)
B G,C,orT(U) not A, (B follows A)
\Y, GAorC not T (U), (V follows U)
D G,A orT (V) not C, (D follows C)
N G,A CorT(U) [ aNy nucleotide

Nomenclature
DNA sequences are always from 5‘ to 3°
+ strand 5" -ACGGTCGCTGTCGGTAGC-3
- strand 3" -TGCCAGCGACAGCCATCG-5"
e.g. in fasta format : >gene sequence|gil2345|chrl7|-
GCTACCGACAGCGACCGT

Positions in the genome (genome assembly) are chromosome wise

e.g. human GRCh37/hg19

chr11:1-100  chr11:49,686, 77Z—49,689, 777
P

B ipisa SN 404 R 11p12 BESl 0 0 [ EETEE S oo Bl EIEEEN | [0z 220 gz |

Positions in the chromosome start for both!! strands from position 1

Chrll:.i 2523 2529

v
+ strand 5" -ACGGTCGCTG........... TCGGTAGC-3"
- strand 37- ;FGCCAGCGAC ............ AGCCATCG-5"

/ i
chr11:1 2523 2529




We have the genome sequence, so do we know everything?
No

The genome (transcriptome) is dynamic, the activity of the
genes is changing over time and according to the environment
or signals.

How is this regulated?

—Gene regulation in prokaryotes
—Gene regulation in eukaryotes

Gene regulation in prokaryotes

10



Prokaryotic transcriptional regulation
Lead to rapid increases and decreases in the expression of
genes in response to environmental stimuli
— Plasticity to respond to ever changing environment

2. Those that involve pre-programmed or cascades of gene
expression

—Set A > SetB > Set C......
— Usually expressed in order

Response to environmental stimuli

— Gene expression (protein production) energetically
expensive

— Extensive and sophisticated systems to regulate gene
expression to conserve precious metabolic energy

— Transcriptional regulation has largest effect on phenotype

11



Example lack of glucose but abundance of lactose

— Turn on or induce expression of Lactose catabolism genes
— Induces transcription of gene for lactose utilization
— Catabolic (degradative) pathways often are inducible

Activity of

enzymes

involved in Lactose
lactose added
utilization

0 5 10 15 20 25
Minutes

Prokaryotic transcriptional regulation

* lac operon as example for inducible system (E. coli)

regulatory promoter operator
gene —— —— lac operon
——r A "
ona 7 TN DA e T ey meA, TR
7
RNA
3 polymerase
P e
mANA 5_&:9 mRNA 5' E_,j——l - l l

Permease

Transacetylase ‘

Protein H\ —_— ” IB-GuIaclnsidassl

Allolactose o Irgaite':seor
(inducer) P

— If lactose is not present (resting state) repressor binding to promoter
prevents binding of polymerase => no mRNA expression

— If lactose is present repressor is inactivated by
conformational changes => mRNA expression of structural genes
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Prokaryotic transcriptional regulation

Glucose and the lac operon

{a) Glucose absent

Lactose is metabolised into

glucose so what happens if g cuoie compeios | WA pormersabinds
glucose is present. e = =
As CAMP levels increase CARbinding | Pojymariss

CAMP binds to CAP, s : Lo ST T

saus::l\g:ni\l;::ﬁsmr-t Promater region
Catabolite-activation - i

Teeg—
protein (CAP): CAP must be o cap camot Jpcl e
[ Y ¢ -! bind efficiently
present to make RNA o — L7 o st
polymerase binding CAPinaing  Pobymersse H
efficiently Promotarrogion ol
Translation diminished

In the presence of glucose the CAP is altered and prevents RNA
polymerase binding to the promoter region and so prevents transcription.

Response to environmental stimuli

Example tryptophan (essential amino acid)

— E.coli can synthesize most molecules needed to growth
(Amino acids, purines, pyrimidines, and vitamins)

— When Trp is present in the environment biosynthesis should be
turned off

— Anabolic (biosynthetic) pathways often are repressible

Tryptophan
added

!

Activity of
tryptophan
biosynthetic
enzymes

0 5 10 15 20 25
Minutes
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Prokaryotic transcriptional regulation

trp operon as an example for a repressible system

leader region attenuator region

\ —
Tryptophan present e Y
R P O LA E D [ B A
— — - - I I [ (R——
o
Repressor-tryptophan Transcription
complex binds blocked

T to operator

L

Repressor binds to tryptophan,
causing allosteric transition

If tryptophan is present the repressor-tryptophan complex binds to
operator => no mRNA expression of structural genes.

Translation and transcription are coupled (regulation by leader sequence
and attenuation)

Translational Control of Gene Expression

Prokaryotes regulate at Transcription

Translational control used for fine tuning

Transcription, Translation, mRNA degradation are coupled
Three general mechanisms

1. Unequal efficiencies of translational initiation
2. Altered efficiencies of ribosome movement
3. Differential rates of mRNA degradation
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Gene regulation in eukaryotes

Gene expression in eukaryotes

Nuclear
« Two cellular compartments: 5
— Transcription in nucleus AN ZaNYZANS AN A\
— Translation in cytoplasm lD"A
( VWV oV o O
Pre-
. [RNA PROCESSING lmnm\
+ RNA processing NN
, . mRNA
— 5’capping
— RNA splicing )
— 3’polyadenylation " Ribosome
-

"ﬁ{‘l-ﬂolypeptide
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MRNA processing

. 31 32 105 106 147
B-Globin
genomic ¢
DNA g :
Start site for RNA synthesis Poly(A)
| site
J
Primary §' 3
RNA 7 3' cleavage and
transcript m’Gppp addition of Exon
poly(A) tail Intron I
W
(Al
kiR (3" poly(A)
tail)
A4 n
N | .
-
&/ Splicing
\vd
B-Globin (A),
MRNA 1 31 105 147

Spliceosome assembly

+~200 non-snRNP
proteins

L S—
hnRNP
SR proteins
kinases and phosphatases

RNA helicases

Cyclophilins
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Alternative splicing

(a) Alternative selection of promoters (e.g., myosin primary transcript)
P P > E———
(b) Alternative selection of cleavage/polyadenylation sites (e.g., tropomyosin transcript)

G 3 ; \_\ _» EEEEE.
™ Polyadenylation = S EEEE

sites

(¢) Intron retaining mode (e.g., fransposase primary transcript)
G e N - Em——
S Emes— .
(d) Exon cassette mode (e.g., froponin primary transcript)
I
%%@- S E———
— Dependent on RNA/Spliceosome interaction

— Economizes on genetic information
— Create numerous related yet different proteins

Translation, genetic code and reading frames

AGA UUA AGC

AGG uuG AGU
GCA CGA GGA CUA CCA UCA ACA GUA
GCC CGC GGC AUA  CuC CCC ucC ACC GuC UAA
GCG CGG GAC AAC UGC GAA CAA GGG CAC AUC CUG AAA UUC CCG UCG ACG UAC GUG UAG
GCU CGU GAU AAU UGU GAG CAG GGU CAU AUU CUU AAG AUG UUU CCU UCU ACU UGG UAL Guu UGA
Ala Arg Asp Asn Cys Glu Gin Gly His flle Leu Lys Met Phe Pro Ser The Trp Tyr Val stop
A R D N e E a G H | L K M P P s T LWL Y v

Ribosome 5
@ {RNA + protein}
Growing @@ ! CUC |AGC, GUU, ACC AU

polypeptide i
;

chain

“

tRNA
TRNA, C UCA, GCG, UUA CCA U
Ieavm‘g “‘C le-!\}; = R g
mANA CCV-.‘,__m /ﬂﬁrlRNAi — 5S¢ Ala - Pr
arriving
LW T Y | I )
5 + + 3
LUl
W vafﬁé’oms‘é."“‘c CU, CAG, CGU,  UAC CAU

Coden Codon Coden Codon Codon Codon Codon

aa,

aay e  Bay Ay adg | ady Gir Arg Ty His
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Peptid chain, amino acid sequence, proteins

H o H
| |

0
|
|

H O
[

11 | |
*HsN— C,—~C—N—C,—~C—N—C,—C—N—C,—C—N—-(,—C—0"
|
H R,

Ry

Amino end
(N-terminus)

1
R, O

sidechains

|
R, H

o R

— backbone

Carboxyl end
[C-terminus)

Protein sequences are always form N-terminal end to C-terminal end

E.g.. SCD sequence in fasta format

>gi| 53759151 | ref|NP_005054.3|

acyl-Col desaturase [Homo sapiens]

MPAHLLODDISSSYTTTTTITAPPSEVLONGGDELETHPLYLEDDIRPD IKDDIYDPTYEDEEGPSPEVE
TVWENIILMSLLHLGALYGITLIPTCEF Y TULWGVF ¥ YFVE AL GITAGAHRL WSHRSYEKARLPLELFLII
ANTHAFCONDVYEWTARDHEAHHEF SETHADPHNSRRGFFF3HVGILLVEKHP AVEEEGS TLDLSDLEAEEL
VHFORREYTYEPGLLMMCF ILP TLVPWYFWGETF QNS FVATF LEYAVVLN ATW LV S ALHLFGYRPYDEN I
SPRENILVILGAVGEGFHNYHHIFPYD Y3 ASEYRVHINFTTFF IDCMAALGLAVDREKVEKALILARIKER

TGDGHYESG
Different levels of regulation
NUCLEUS CYTOSOL y
mRNA
degradation 5
control
RNA
m transcript mRNA A% mRNA
Y
1 2 3
transcriptional RNA RNA
control processing transport translational protein
control and control activity
localization control
control 6

Transcriptional regulation has largest effect on phenotype!
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Regulation of eukaryotic transcription

' g ~ activator
~~ activation mediator
domain \

Basal transcription factors

TFID — rFyE

TFIIF /
TFIIA

\ TAFs
DNA s
L)

L
] TFIIB
cTD TFIIH

Start site

Cis elements: sequences on DNA that affects the level of transcription.

Trans elements: DNA-binding proteins that change the level of
transcription by basal transcription machinery.
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Cis-regulatory elements of transcription

Promoter (proximal regulation elements)
Region that is located immediately upstream of a protein-coding gene
and binds to RNA polymerase IlI; where transcription is initiated; (TATA
box) (H3K4me3)

LCR (locus control region)
Super-enhancer sequences in eukaryotic cells that control the
expression of distant gene families (e.g. beta-globin)
Enhancers (distal regulation elements)
Eukaryotic DNA sequences that are necessary to activate gene
transcription (p300, H3K4me1l)
Insulators
Separates active from inactive chromatin domains and interferes
with enhancer activity when placed between an enhancer and a
promoter (CTCF)
Repressor/silencer
Negative regulators of gene expression (REST,SUZ12)

Locus Control Regions (LCR)

— Example B-globin locus (5 genes in human)

CR
&\\X —
A an " au ‘e

HS.. DNAsel hypersensitive sites

— strong, transcription-enhancing activity

— establishment and maintenance of an open
chromatin domain

Li et al. Blood

— Temporal regulation of hemoglobin (tetramer 2xa +2xp)

= Yoyapo a2 al 0 Key:
Chromosome 16 | o> 110 » ] ccluster | Time of expression:
O Embryo
L B A
Chromosome 11 [ &> > 1 > » | B cluster B Unknown
M Pseudogene
0 10 20 30 40 50 kb
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Transcription factor combinations

Most genes are regulated by multiple transcription
factors

C/EBP ‘. 1.7 kb loop
Oo

of DNA
"
HMNF1 /

HNF3

O

,\_@c&r

HNF4 D/ —— DNA- blndmg
Promoter- v D"‘a'“
ap1 “x@_g\ proximal {
e region
Activators S Activation
domain

Liver cell-specific
expression of the
TTR gene

Classification of TF by DNA binding

A. Zinc fingers B. Helix-turn-helix

C. Leucine zipper D. Helix-loop-helix

DNA-binding
helix

http://www.gene-regulation.com/pub/databases/transfac/cl.html
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Transcription factor dimerization

Leucine zippers

* homo dimerization

* hetero dimerization

Family 1
Consensug BB BN L gabedof f

CREB El AARKREVRLMKNREAARECRRKKKEYVKCLEN [GRENNEN E
ATF-1 QLKREIRLMKNREAARECRRKKKEYVKCLEN RVAVLEQ B

CREM ATRKRELRLMKNREAAKECRRRKKEYVKCLES RVAVLEMN E

icREM-1 ATRAKRELRLMKNREAARECRRKKKEYVKCLEN GRERESIN E

PAR TEP KEDEKYWTRRKKNNVAAKRSRDARRLKENQ I T RAAFLEQS T
DARP KDEKYWSRRYKNNEAAKRSRDARRLKENQ | SV BRSNS K 2l Q

HLF EDDKYWARRRKNNMAAKRSRDARRLKENQI| A RASFLELS il o

Signaling

Induction of transcription by environmental factors are less
common in eukaryotes

Intercellular communication mediated by hormones

* Steroid Hormones

—cholesterol derivatives

— Easy pass through cell membrane

— Ex. Estrogen, progesterone, testosterone, glucocorticoids, ecdysone
* Peptide Hormones

— Peptides

—Don’t pass through membrane

—Ex. Insulin, growth hormone, prolactin
* Other non-hormone proteins

—Nerve growth factor

—Epidermal growth factor

23



Classification of TF by function

POSITIVE-ACTING TRANSCRIPTION FACTORS

CONSTITUTIVE REGULATORY
Spt (CONDITIONAL)
CCAAT
A NF1 B
| 1
DEVELOPMENTAL SIGNAL DEPENDENT
"CELL SPECIFIC" | .
GATA | i 1
HiFs STEROID INTERNAL CELL SURFACE
Yo RECEPTOR SIGNALS RECEPTOR-LIGAND
Myts SUPERFAMILY D
o GR p
B::;d ER _STEROID i D
g scr R ORPHANS"  REsIDENT LATENT
(eiii=ad) e NUCLEAR FACTORS  CYTOPLASMIC
RXRs ETS FACTORS
PPARs CREBs STATs
ATMs SMADs
SRF (MADS box) NFKB/Rel
FOS~JUN CUGLI (HH)
MEF-2* NOTCH (NICD)
CATEN INS (Wnt)
TUBBY
NFAT

Brivanlou AH, Darnell Jr JE.

Science. 295: 813-818 (2002)

Regulation by phosphorylation

Hormone activates

Extracellular space Cytoplasm

JAK

IFNYy receptor linactive)
klnase Nt dar Nucleus
IFNy pore
Kinase 5 .
P ==,
phosphorylates P swtiadme

transcription factor

Transcription factor is
activated

(3 {active)
|

Response
element

K
(active}

Statiu
(inactive)
membrane
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Principles of TF regulation

1 TF can target promoter of many genes

>1 TF regulate expression of 1 gene (modules)

Cascade of TF possible

Positive feedback loop (autoregulation)

Feed forward loop

[

Chromosomes

{4 » X

10 11 12

M 3 1

16 17 1

s " 5‘

2 22 oy

25



DNA

Chromatin

Chromatin fibre;

packed
nucleosomes

Selection of

chromosome

Condensed
chromosome

Whole mitotic
chromosome

"Beads on a string"” EJO/ 1 m

DNA packing

MAPTHPVPTPD: = LOW

Level of DNA condensation

x
|.
A7
\

% GO ;
> &S
\, Centromere
/
1,400 nm
v

HIGH

The solenoid model of condensed chromatin

/¢ als
S A : -

Octameric histone core

Eﬁ e s i hi
‘_&\ \ = ;: 10 nm
B

€, % @

. >
o> "
.

i ) DNA
74 8
L ‘—/// \H'I histone

Nucleosome
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Activators: histone acetylation

——— e, Hyperacetylation
™, of histone

o Gcm f_ GenB thermmaHalEs

e d il wsd ‘W’

Ac -Ac Ac
ﬁ:\ﬁ Ac /F:f ﬁ:{ } Ac Ac
Ac C C Ac
Ac Ac Ac Ac Ac e

«  Some activators recruit histone acetylase, which adds acetyl
groups to histones

» Allows transcriptional machinery access to less condensed
template DNA (euchromatin)

Repressors: histone deacetylation

Sin3 E of histone

f/ Rpdd "~ ™, Deacetylation
)
w ~ N-terminal tails

Umeb j

k ‘f‘.: DED \ / g / \Aﬂ e p\m rénc

i 7 —
T fmer Ry, e BN e

+ Some repressors recruit histone deacetylase, which removes
acetyl groups from histones

« Prevents transcriptional machinery access by condensing
template DNA (heterochromatin)
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Histone modification and histone code

10-nm filament ] | i} 1)) Chromatin

] fibre P acetylation S methylation
7 k\ Q phosphorylation 1'1‘23 unknown

Nucleosome core particle
\ N termini Modification Associated ~ Function
/ Residiie: state protein/module

N—@ 14 07014 1823 28
H3 U ifi Sir3/Sird/Tupl  Silencing
N-terminal 'tail Globular domain :
N Acetylated  Bromodomain  Transcription

I
Voditied onifor N Acetylated 7 Histone deposition?
histone H3 ? r Q :?‘J Jjﬁar: NM Phosphorylated Cm?mﬁginw Mitosis/meiosis
Q r Phos/acetyl o Transcription
NI Methylated ) Transcription?
L R IE O LR S LR R K R A kS el QP 22 LlliErals 7 ?
H4 NL Acetylated ? Transcription

8 16

H4  N-SGRGKGGKGLGKGGAKRHRKVLRDNIQGIT. ..
1 5 8 12 16 20 N Acetylated RCAF? Histone deposition
CENP-A N % Phosphorylated 7 Mitosis
7 27

17

2
CENP-A N fMGPRRR§RI§DEADRRR1S7DS P

Strahl BD, Allis CD. Nature 2000. 403:41-45

Chromatin states

K © - =
E E E 3 9 28 g Coverage E §
§ 885 5555 S @ &s e 8
g 2 €232 2 ¢ W5 ow B S ¢ Candidate
m o T O Lm0 [ Qc o .
r £ =R E N X = = T 85=8 S F state annotation
2 o & 2 |[ 06 05 12|10
2 g g 1]l 05 12 1.3) 04
0 9 1| 02 40 1.0) 086
3 1 e 4 |07 01 1.1 06| 28 Strong enhancer
I 0 1 3 5 25 1| 12 02 07 06| 3 Strong enhancer
{2 i 1 3 8 6 5 109 13 1.0(02| 17 (Weak/poised enhancer
£ 1 020 1 0 6 2 119 12 1104 4 Weak/poised enhancer
g 20 i I 0 0 1 1] 05 14 1004 3
5 043 43 2 0 4 1|07 13 1008 4
= o [4z| 3 0 0 0 1| 43 06 1230 1
o 0. EFE 0 0 0 0]12513 0826 2
2l 0 2 0 0 0 0]l 41 030728]| 5
0 0 0 0 0 0 0] 71410 1.0|[100| 1 Heterochrom; low signal
28 19 5 131187 0.1 09 12| 06| 3 0 Repetitive/CNV
01 08 1.0]o2| 1 o i Tl o Repetitive/CNV

Chromatin mark observation frequency (%) (%) (fold) (kb) (%)

Ernst et al. Nature 2011.




DNA methylation

4"\\\ A

A }--
i

Cytosine 5-Methylcytosine

CHz CHa CHz

OO0 C-O8-_0 o-O-@
C13 CHI3
OO0 8.0, 8.0, @@

OO S0, S0 S-O-&

CHa CHa CHa
(OO0 CO-O-@-C0 0.0

DNA methylation

Once differential expression patterns have been set up
epigenetic mechanisms can ensure that differential
expression patterns are stably inherited when cells divide

Methylation does not alter base pairing
3% of cytosines in human DNA are methylated
~76% - 100% of cytosines in CpG islands are methylated

DNA methyltransferases (DNMT1, DNMT3A, DNMT3b),
for maintenance and de novo methylation of DNA

CpG methylation is regulated tightly during development
and is associated with gene silencing, X-inactivation, and
allele specific
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Aberrant methylation patterns

‘Normal’

I_WTTTTT?T

Promoter . . Exon of
Intergenic region

|

Cancer CpGlsland growth regulating gene
I_w f vy 7 7 H I
‘Normal’aged
it BRI L B B IR
I
Nuclear receptors
mPPaRG2 [12 [A/B | C DN E/F
. o X X Pl
Ligand-independent DNABD  Hinge Ligand binding domain

activation function

Ligands © O 0]
o mhf

Phosphorylation

AACTAGGTCAAAGGTCA
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Functional compartmentalization of the nucleus

Compartments

domain

nucleolus
\ ,_nuclear pore
T lear
j L nuc
speckle_£—— < membrane

_—= PMLbody

interchromatin —= \
space ; - chromosome

/ SR territory
Cajal '

body

Timothy P. O'Brien et al.
Genome Res. 2003. 13: 1029-1041

Transcription factories

RNA polymerase
Chromatin loop

RNA transcript
Transcription factors
RNA processing factors
Iranscription factory
Nascent RNA site

Iborra et al.
J Cell Sci 1996

RNA binding proteins for mRNA stability

HuR =
)

cDS Cr——mu.um

Cox-2

IL-18
IL-2
IL-4
IL-8

TMFox

WA

La 1

_) mRNA

AU rich elements (ARE)

UAUUAALUUAALUALUUAAUAAUAUUUALALIUAAA
UAUUUALUUALLUAUUUGUUUGUUUGUUUUALIL
UAUUUAUUUAAAUALUUUAAAUUUUAUAULUALL
AUAUUUUAAUUUAUGAGUUUUUG AUAGCUUUAUUUUUUAAG
UAUUUAUUAUUUALUGUAUUUAL UUAA
AUUAUUUALUALUUAULUALUALUUAULUAUULA
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microRNA and siRNA

—— miRNA

& 7 - N
— EN000000000 \
/ Pn—mlRNAE E E % \
[

| IS

Pre-miRNA /
. >
~~_Nucleus L

Cytoplasm . C:"—‘Dr dsRNA
/j g
miRNA: siRNA
miRNA* I mmmr ST duplex
duplex 1 Unwind 1

el o
iy S,
Asymmetric RISC /7 Some
assembly <’“’L“"> mMiRNA 6""
/ RISC \ lRISC
Ribosome \/_\
\\ ) & \ Target
o il 9N 4 \ -7 mRNA
\ RISC RISC RISC /
R Translational repression

mRNA cleavage

He L., Hannon GJ. Nature Reviews Genetics. 2004. 5:522-531

miRNA-mRNA targeting

Target cleavage

—
Extensive Limited miANA 3 5 miRNA
complementarity complementarity UTR S 3 UTR
(plants) Translational inhibition (animals)
(b) _—RISC/mIRNP L
MIRNA 3
3 g UTRS
3" 5 ¥ 5
5" z  g—llNN- 5 g 3
5" pairing strong 5’ pairing broken 5’ pairing weak
&' pairing weak @ pairing strong 3 pairing strong ©
MIANA 3 CA 5 miANA
.
(C) uthRs (E/u FUTR
4
T il 1
fee]

One 'near-perfect’ site
for one miRNA

(D

One 'strong’ site
for one MIRNA

Multiple ‘modest’ sites
for one miRNA

Multiple 'madest’ sites
for different mIRNAS
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Conservation of microRNA target sequences

Percent conserved ()
in 5 vertebrates
IS
]

Percent conserved

in § vertebrates

A

Human  5-AAAAAAGGARAAGUAGGCA! ATGUGARAAUAGUUUCAAUAUAUC-3'

Mouse - -CARAAGAAAARUAGGCA" AUGUGARAACAGUUUUAGCAUAUY
Rat - - CARAACAAAARUAGG UGUGAAA CAUAUT
Dog - - AAGARCCAAAGUAGGAA " AUGUGARAARUAGUUUCAGUGUAUG
Chicken - -AGRAU UGUGAAA AGUA-ARG

[
3'CCUUUAGGEACCCCUUACACUAS  miR-23a

@ 2
8

838 3

)

10 20 30 40
Distance from seed match (nf)

Naggsa
o333 8

Genome analyses
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Human Genome

2.95 Gbases of 3.2 Gbases is euchromatin
— >90% of euchromatin sequenced
— ~1% of sequence encodes protein sequences
23,000 genes
— Small # considering:
¢ Yeast - 6,000 genes
* Drosophila - 13,000 genes
e C. elegans - 19,000 genes
e A. thaliana - 26,000 genes

Organization of the human genome

Human Genome
3200 Mb

Genes and gene-related Intergenic DNA
sequences 1200 Mb 2000 Mb
,—I_| |
Related

Gene Introns,
Pseudogenes fragments UTRs
1-6b (5-50x)
~6kb
> 1 mio. copies of Alu-repeats
~75-500 bp
— NERNAN
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Transposons

a b
Class | — retrotransposons Abundance Active elements
eRv DR Gag | Pl Enwv LR 2 7o
na 4 \ N
- R N LINE: LINE
Copi W SINE: Alu, SVA
Gypsy UR Gag Pol [LIR 1
o 1
DIRS TR1  Gag RIRH YRR
A\Y‘ LINE: LINE
LINE-1 4 SINE: B1,B2
ey M. musculus
L — A R —
— BN — a4
S
™® RT BN IR D:maelong
SINE
L tRNA 55-d —
\ R
/“[ DNA Tc1, T
Class Il — DNA transposons & it
TR — TPase —

D CINT H AP - - CYP K POLE —4 ONA IUTR [NSINE [N LINE

Deniz et al. Nat Rev Genet. 2019

Bioinformatics challenges in genome analysis

— Gene finding

— Start codon

— Exon-intron borders

— CpG-islands

— Repetitive sequences (Repeat Masker)
— Regulatory sequences

Solution:Hidden Markov Models (HMM)
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Markov chains

Markov chains: a sequence of events that occur one after
another. The main restriction on a Markov chain is that the
probability assigned to an event at any location in the chain
can depend on only a fixed number of previous events.

Scoring sequences (e.g. start codon ATG)
3 states (S1, S2, S3), p(A)=p(C)=p(G)=p(T)=0.25

S1
@ 52@ 53@ Markov chain 0t order
p(ATG)=0.913=0.752

p(A)=0.91 p(A)=0.03 p(A)=0.03
p(C)=0.03 p(C)=0.03 p(C)=0.03
p(6)=0.03 p(G)=0.03  p(@)=091 | Markov chain 1% order
p(T)=0.03 p(T)=0.91 p(T)=0.03

P(ATG)=p(A)*p(T|A)*p(G|T)

Hidden Markov Model (HMM)

- Example exon-intron border
- 3 states: exon(E), 5SS (5), intron (1)

1=}
&

Emission probabilites ——>

—0O0>
nmuiumn
—HOO0>
nnun

o000
oo
[t

oooo
Pt

I=3-1-1-}
©o
o

—-00>

HMM parameters (0)

GVeN (8) —> sequence: CTTCATGTGAAAGCAGACGTAAGTCA
Hidden, want to infer(n)—> State path EEEEEEEEEEEEEEEEEES I 1 1 | 11| legP
(hidden Markov chain) : - 1 —41.22

[:
Parsing : —= — - : :ﬁggf Find best state path

[ 1030 > 1 —42.58 (highest score)

[ = = -41.71

46%
Posterior P 2’3%I
deceding: o m_—_m —B_ .
G T A A G T C A

log P(S,t|HMM,©)=log(1*0.25'%%0.9'7%0.1*0.95*1.0*0.4*0.9*0.4*0.9*0.4%0.9%0.1*0.9%0.4*0.9%0.1*0.9*0.4%0.1)

Eddy SR, Nat Biotech 2004
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Profile Hidden Markov Model

- For multiple alignments (e.g. DNA sequences)

ACA---ATG
TCAACTATC
ACAC--AGC
AGA---ATC
ACCG--ATC

P(a)=0.2 Regular Expressions

oz | [ATICG]IACIIACGTI*A[TG][GC]

P(T)=0.2

insertion state

0.
% 1.0 0.4 1.0 1.0 1.0
P(A)=0.8 P(A)=0.0 P(A)=0.8  P(A)=1.0  P(A)=0.0  P(A)=0.0
P(C)=0.0 P(C)=0.8 P(C)=0.2  P(C)=0.0  P(C)=0.0  P(C)=0.8
P(G)=0.0 P(G)=0.2 P(G)=0.0  P(G)=0.0  P(G)=0.2  P(G)=0.2
P(T)=0.2 P(T)=0.0 P(T)=0.0  P(T)=0.0  P(T)=0.8  P(T)=0.0

p(ACACATC)=0.8*1*0.8*1*0.8*0.6 *0.4*0.6*1*1*0.8*%1*0.8=0.047
log-odds=log(p(S)/0.25')=log(0.047/0.257)

Il Biological sequence analyses

— Mapping algorithms for NGS data

— Sequence alighnment of 2 sequences

— Multiple sequence alignment

— Predictive models using protein sequences

— Regulatory sequences
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Mapping algorithms for NGS data

Next generation sequencing (NGS)

Extraction Library Generation Sequence, Quality measures
DNA Adapter Adapter FASTQ file
\ AC.GT GCCTACGAC..GGTCCAT TG..GA
[> AC.GT AGCTGCAAC...GATGCAA TG..GA
E> [> AC.GT CCCCACCAC..GGGCCAT TG..GA
RNA cDNA AC.GT TCATACGAC..GGGTCAT T6.GA
RT <

1. Fragmentation d . .
2. Adapter ligation Adapter trimming

3. Amplification (PCR) Quality filtering
28

Mio. reads
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Read alighment

Mio. reads

Read alignment (mapping) Reference genome
-
Point mutations, indels ~—————— Sequencing errors
.. Introns — |
" DNAse RNAse
Mapped reads — — q . q
Reference genome — - =
Sequences, Mutations Normalization, Quantification

Exact string matching

Problem

10 mio. short sequence reads (100 bp)

Reference genome (hg38) (3*10° bp) g’f:rj
r.

$ String matching problem in text processing

1 Naive approach

T '[ClolRIEM1 [P [s [UIMIE [L V1S [ATL [T [VIE [pJo[t o[RS [1 [T [A]'
[ [ [ [

1 m
P lE[LIvIiIsTa[L1]v]E] ELIvi]s[a[L[1]V]E]
[EJLIvi[s[AJL[i]VIE] ElLIvii[s|AlL]I|VIE
[EJfviIs AL ]v]E] E[L]v]I]s

O[(n-m+1)*m]

$s=107 m=102 n=3*10° E> 107*(3*10°-99)*102= max. 3*10'8 comparisons

Desktop PC: 102 floating point operations/s
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Exact string matching algorithms

Z-box algorithm

Z(k)=longest substring starting at k which is also prefix of the string

1 n
T lGla[T[a[T]a[T[T[Tc[Alc[a[T]A[T]A]A]T]

PATIAT[T[TIGIAICAIT[AlT[ATA[T]"
Z 002000010403 0120

l=m+4 r=m+n+1
l=m+2 r=m+6
| — —
s [PlslcalT[alT]alT]T[T]c[Aalc]A]T]AT]A]A]T O[n+m]
0o mm+l ———— m+n

[ |
Z(m+1)=0 | Zz(m+4)=m
Z(m+2)=4

- There are a number of improvements and other string matching
algorithms such as Boyer-Moore or Knutt-Morris-Pratt

Suffix trees (ordered tree data structure)

Sequence

Suffix tree C A O[m+occ*] search time

Suffix array

ACACGTS$
CACGTS$ " .
ACGTS O[m+log n+occ*] search time

g$;$ *occ =number of

TS occurences of Pin T

$

Ok WN-O0

40



Burrows-Wheeler transform

PwWNE

ACACGTS
CACGTSA
ACGTSAC
CGTSACA
GTSACAC
TSACACG
SACACGT

o bk WwWwNBE O

Append character (not part of alphabet)
Cyclic permutations

Sort lexicographic

Last column is Burrows-Wheeler transform (BWT, BJi])

Index of suffix array =

sort lexicographic

S(i)

}
6
0
2
1
3
4
5

Last-to-first column mapping
LF(i)=C(B[i])+Occ(B[il,i)
)

i=5 C(A)=1 Rank (A,5)=2 LF=3

F L
{
SACACGT
ACACGTS
ACGTSAC
CATsTSAY|.
CETSACA? |«
GTSACAC?
TSACACG
{
BIi]
}
TSCAACG

Y

Backward search algorithm (FM index)

BWT Matrix

BhcaceT
[AFACGTS
[AEGTSAC
(@YCIED
CGTSACA)
GTSACAC

Iy

"TSACACG

C(c)

$|A|©
o0|1(B]s

REnE

SP=1, EP=n
fori=mto 1do

end
return (SP,EP)

SP=C(P[i])+Occ(P[i],SP-1)+1
EP=C(P[i])+Occ(P[i],EP)
if SP>EP then return @

FM ...Full-text index in Minute space

Occ(c,i) (=rank)

$

0
1
1
1
1
1
1

r|lojlo|jlo|lo|lo|o | O
RlRr|Rr[(R|Rr[R|[RL]|A

NNN@OOO>
N[(N|Rr[R|Rr|[O|O

O[m]
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Backward search algorithm for exact string matching

i=3 CAC i=2 CAC i=1 CAC
$ T Sp=2 $ T $ T
A $ —>{ AC' (18 speg | $
sp=a |A c —> AC c = A c
—>C A $ EP=3 | ¢ A §> —3ICAC A
—>C A C A Ep=4 |C A
EP=5 |G c G c G c
T G T G T G

- FM-index can be also used for approximate string matching (k-
mismatch search) by backtracking.

- BWT s compressible (run length encoding, move-to-front)

- In the original Bowtie implementation of the BWT-based FM-index
for the human genome requires only 1.3 GB of memory.

Hash index based methods

Hashing

— Using k-mer seeds

T_ hash index P
1 A —
2 [T 6,12 %
+ [ L7 AlT[T[6 ]« [T]
5[] u \%
6 A 1

— A
7 |A] 10 A
8 T EX
9 1] 4 [T
10 16 ° [alT]Te] [cIAlA[T]
11 [c] 3
12 [A] 3 1 11 ho match
13 [A] 2 7 1 match
14 |71 ]
15 [T

— An extension step may account for errors or mismatches (spaced seeds)
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M a q 410 e MG o

Examples

a Spaced seeds b

Reference genome Short read
(>3 gigabases)

Burrows-Wheeler

Reference genome  Short read
(> 3 gigabases)

ACTCCCGTACTCTAAT

Concatenate into
Extract seeds single string

Position N

Position 2
560 GGTA ARCT ANTG

Burrows-Wheeler
transform and indexing
Bowtie index

_ (~2 gigabytes) H
ACTC CGT ACTC TAAT Ay
1

Position 1
ACTG COGT AAAC TAAT

ACTCCCGTACTCTART

ssss coar e aar | | Six seed L2 Look up thy
ACTG avex e TaaT || AIFS pOr 3 ‘suffixes” "
wems aeee anac r [ read/ 1 ofread i P
TG CoeT e wwe | fragment L6l H 4
RS 06 e 2 rcrccamerciar
Index seed pairs Hits identify
positions in 2
Seed index genome whera JigF”
(tens of gigabytes) Look up each pair read is found =2

of seeds in index

CTG ree AAAC wren
. Hits identify positions

in genome where

spaced seed pair

2 is found

wees cooT e a1

ACTG =wes e ar | | Confirm hits
2xex COGT ARAC roax by checking
“wens” pOSitions
() E— =
T Report alignment to user €

Convert each
hit back to
genome location

Trapnell C, Salzberg S. Nature Biotech. 2009

Tophat

Sequence alignment of 2 sequences
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Genomes change over time

Begin ACGTCATCA

. 8 Mutation
ACGTGATCA
c 8 Deletion
5 A-GTG-TCA
i o
AGTGTTCA
2 Insertion

End TAGTGTCA

Align biological sequences

DNA (4 letter alphabet « We can align:
+
gap) — Two sequences at a time
TTGACAC (pair-wise sequence
1 alignment)
TTTACAC — Many sequences

simultaneously (multiple

Proteins (20 letter alignment)

alphabet + gap)
RKVA - -GMAKPNM

I ||
RK1AVAAASKPAV
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Statement of the problem

Given

e 2 sequences

¢ Scoring system for evaluating match (or mismatch) of two
characters

¢ Penalty function for gaps in sequences

Produce:

Optimal pairing of sequences that

¢ Retains the order of the sequences
¢ Introduces gaps
e Maximizes total score

Enumeration of all possible alighments

* Number of possible alighments of 2 sequences with
length nand m

{n+m}_ (m+n)! 2mn
T omy? Jmem

* For 2 sequences of length n

m

n enumeration
10 184,756
20 1.40E+11

100 9.00E+58




Dot matrix

S E Q@ U E N C E A N A L Y s 1 S

Z cm

o m 6o ZmcC o mn

E N

Biology of gaps

AGKLAVRSTM' = STRVILTWRKW
AGKLAVRS- - | E--RVILTWRKW
VS .

AGKLAVRSTM ' ST--RVILTWRKW
AGKLAVRS------ | ERVILTWRKW
VS.

Many others..
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Gap penalties

We expect to penalize gaps - the standard cost associated

with a gap of length g:

e Linear gap penalty function

Y (8) =-g*d

Y(9)

«Q

e Convex gap penalty function (more realistic)

Affine score:

Y (g)=-d—(g-1)*e

gap open gap extend
penalty penalty

Y(9)
d

=

Distance scoring (DNA sequnces)

¢ Hamming distance:

Number of letters in which sequences differ (not valid if the

sequences have different length)

S AAT |AGCAA | AGCACACA
t TAA | ACATA | A-CACACTA
HD(s,t) | 2 3 2
¢ Levenshtein distance: deletion insertion
w(a,a)=0 S AGCACAQ-A
w(a,b)=1 for azb t A-CACACTA
w(-,a)=w(b,-)=1 d(s,t) 2

For two sequences, the distance is unique, but the optimal
alignment (the one with minimal cost or distance) is not unique
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Substitutions matrices (protein sequences)

* Unrelated or random model assumes that letter a occurs
independently with some frequency qa.

P(x,y|R) = I1gxiI1gx

* The alternative match model of aligned pairs of residues
occurs with a joint probability pab.

P(x,y|M) = Ipxiyi

* Odds ratio
P(x,y|M) — prfyi - Pxi yi
Pixy[R)  Ilgxillgy qxi Gy

Substitution matrices

* Log-odds ratio (score matrix or substitution matrix)

pab . .
Iogw for aligned pair(a,b)
>0 ... more likely than random, s<0 ... less likely than random

S=2s(xi,yi) where s(a,b)=

¢ Physical properties of amino acids (e.g. hydrophob vs.
hydrophil) are the reason that there are differences in the
substitution scores

e Manually align protein structures (or, more risky,
sequences)

¢ Look for frequency of amino acid substitutions at
structurally nearly constant sites.
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PAM matrices

e Margaret Dayhoff, 1978

e Point Accepted Mutation (PAM)
- Look at patterns of substitutions in related proteins

- The new side chain must function the same way as
the old one (“acceptance”)

- On average, 1 PAM corresponds to 1 amino acid
change per 100 residues

-1 PAM ~ 1% divergence

- Extrapolate to predict patterns at longer distances

BLOSUM matrices

¢ Henikoff and Henikoff, 1992
¢ Blocks Substitution Matrix (BLOSUM n)

- Look only for differences in conserved, ungapped
regions of a protein family

- More sensitive to structural or functional substitutions

- Contribution of sequences > n% identical weighted to 1
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BLOSUM®62

Z X *

J
0 -2 -1 -1 -1 -4

F P &5 T W X Vv B
1 0 -3 =2

K M

E G H I L
0 =2 =1 =1 =1 =1 =2 =1

Q
0 -1 =1

0 =2 =3

[
l

A R N D C
A 4 =1 =2 =2

R
N

0 -1 -4
0 -1 -4
1 -1 -4
=3 =1 -4
4 -1 -4
4 -1 -4

2 =1 =3 =2 =1 =1 =3 =2 =3 =1 =2

0 -3 =2

0 =2
0

1
0
0

5
o

=1
=2

4 =3
4 =3

1 0 -4 -2 -3
-3 -1
0

0 =2 -3 =2

1 -3 -3

1]

1 -3
6 =3

0 -1 -4 =3 =3

2 =1 =1 =3 =4 =1 =3 =3 =1

D =2 =2

-2
1 -3

0 -2 -2 -3 -3 -1 -4 -2 -1 -4

0 -1 -2 -1 -2
0 -1 -3 -2 -2

0 -3 -1
l -2 -3 -1

A I S T e, S
1

0 -3 -2

0 -3 -3
6 -2 -4 -4 -2 -3 -3 -2

9 -3 -4 -3 -3 -1 -1
5 2 =2
2 5 =2
0 -2

cC 0 -3 -3 -3

Q-1 1 0 0 =3

E-1 0 0 2 -4

G 0-2 0 -1 -3 -2 -2
H 1 -1 -3

0 -1 -4

0 -3
=3
1 -4

2 =3

0 =3 =2 =1 =3 =1

8§ -3 -3 -1 -2 -1 -2 -1 =2 =2

[1]

1}

=2

3 =3 -1 =4

3

4 2 =3 1
2 2

1 =2 =1 =3 =2

I =1 =3 =3 =3 =1 =3 =3 =4 =3

L

3 =3 -1 -4

0 =3 =2 =1 =2 =1

4 =2

=1 =2 =3 =4 =1 =2 =3 =4 =3

1 -1 -4

0 =3

0 =1 =3 =2 =2

5 =1 =3 =1

2 0=1=3 1

K =1

o A e
I R I I Y I O R A A |
e R e R S R R |
LI I R R O I I R A O A |
HM A S A NN NS M
T I R R F Rl TREES| R A
MNOMO AN DN MMM e
S R R B S AT S R ¢
Mm@ m oMo e s
| ] e A N (i o Fac| Bt A
L L L e ]
| S Bl (N R SRR A R ¢
I R e ks R |
- L I I A I |
e ke Rl R R R ]
| FRE O B T SRR G e e S R |
s e R R R N = R R
LI I | {555 L SN M A R
Es B R R K =R =N ]
LI I | { 155) RET PRt Lt R
e e R R e R |
| 5t XS R A T R TR BT R A R |
WA NN AT A MO
LI I | [ | LI I |
R =R e R N K R |
|2 RO R 5 et PACRE Feal R |
R E=R R R R =T R
| ET I e ) it IRE PRt It R
=R B R R R R R R
Ll oS e ok
=R R Kl e it R K B R
{ R R R o IRt PRIy R R |
I e e R R Rl =T =N e
| P I e R M IR Rt Rt R |
R R R R R R R R R |
| T Il W Y W IRt i st IR vt R
R =T R R K e K = R ]
| AT I, e S Il [t TR ISt R |
SRR =T R R =R R ]
I R (] 1 I Tl [ S R
ey R R R R R R R R R
| o S K R ) i K Tl et JSRl Kl R
e O e e
| JT I, TR Y e Kt i IRl R
R R R R =R N R R =)
{ J I 1] Rt PR et R |
ey R R R R R R R R= )
|t Il s R () I R ! Rl Bl R
AN A O M NSO N
LI | | ] Bl T N, e R |
EE OB E DMk

Summary of substitutions matrices

Triple-PAM strategy (Altschul, 1991)

— PAM 40 short alignments, highly similar

- PAM 120

— PAM 250 longer, weaker local alignments

BLOSUM (Henikoff, 1993)

— BLOSUM 90 short alignments, highly similar

members of a protein family (Standard in BLAST)

— BLOSUM 62 most effective in detecting known
— BLOSUM 30 longer, weaker local alignments

No single matrix is the complete answer for all sequence

comparisons
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Dynamic programing for sequence alignment

= Previous Best + Local Best

New Best Alignment

Score of Best Previous Alignment

N T e = o g

Sequence alignment
* Global alignment

Needleman-Wunsch algorithm

* Local alignment

Smith-Waterman algorithm

Mike Waterman Temple Smith
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Global alignment: Needleman-Wunsch algorithm

e Construct a matrix F(i,j) where i is index from sequence 1
and j is the index from sequence 2

e Starting with F(0,0)=0
substitution matrix
F(i-1,j-1)+s(x,y;)
F(i,j)= max F(i-1,j)-d
F(i,j-1)-d
\gap penalty

F(i-1,j-1) ‘ F(i,j-1)

S(Xi’yj|\4_ l-d -

)
F(-14) = F(ij)

Global sequence alignment

Example with S=BLOSUM50 and d=8

start H E A G A W G H E E

(0)e -8 16+ 24+~ -32+ 40+~ 48 56+~ -64 + 72+ -80
NN NN

P| -8 2 -9 A7+<25 .33« 42«49«57 -65 -73

-6 -10 -3 4« -12  -20+-28+ -36 +-44+ -52 «-60

LA U N NI N
-7 15 5« 13+ 21+ -29«-37

PN NONOXN NN
H | -32 -14\-18 13 -g 9 13 7 3+ -11+-19

= >
‘
NS
N
'
AN
®
'
AN
=
.
&

t ot NN N
E|-40 -22 8«-16 -16 -9 -12 15 -7 3 5
toot NN N totN
A| 48 30 16 3«-11 -11 -12 -12 15 -5_ 2
L/ S S N N N NN N
E|-56 38 24 11 -6 -12 -14 -15 -12 -9 @
Time O(n*m) HEAGAWGHE-E best score
Space O(n*m) --P-AW-HEAE
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Local alignment: Smith-Waterman algorithm

* Look for best alighnments between subsequences

e E.g. two proteins sharing a common domain

e Algorithm is similar to global alignment

F(0,j) = F(i,0)=0

0
F(i-1,j-1)+s(x,y;)
F(i-1,j)-d
F(i,j-1)-d

F(i,j) = max

Local alignment

0 0 0 0 0 0 0 0 0 0 0
stop
Pl o o o o @ 0o 0 0 0 o0 0
N N
Al o o o 5 0o 5 0 0 0 0 0
“\ N
W| 0o 0 0 0 2 0 20«12+ 4 0 0
N N
Hl o 10 2 0 0 0 12 18 22+ 14« 6
N bOEN NN best
E|l 0 2 16«8 0 0 4 10 18 28 20 score
NN S AN
Al o 0. 8 21«13 5 0 4 10 20 27
N NN NN
E|l o0 o0 6 13 18 12«4 0 4 16 26
AWGHE
AW-HE
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Database search

+ Database:
ATKWQPRSTW...
| KMQRH | KW...
HDLFWHLWH...

* Query:
RG IKW

* Output: sequences similar to query

How to answer the query

We could just scan the whole database

e But:

— Query must be very fast
— Most sequences will be completely unrelated to query
— Individual alignment needs not be perfect. Can finetune

¢ Exploit nature of the problem

— If you’re going to reject any match with idperc < 90%,
then why bother even looking at sequences which

don’t have a fairly long stretch of matching a.a. in a row.
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W-mer indexing

e Preprocessing:

For every W-mer (e.g., W=3) store every location in the
database where it occurs (can use hashing if W is large)

Query:

— Generate W-mers and look them up in the database.
— Process the results

Running time benefit:

— For W=3, if the sequences are “random”, then roughly
one W-mer in 233 will match, i.e., one in a ten thousand
— We hit only a small fraction of all sequences

FASTA

* Use hash table of short words of the database (DB) sequence and
query sequence (2-6 chars)

* For words in query sequence, find similar words in DB using (fast)
hash table lookup, and compute

R = position(query) — position (DB).
Areas of long match will show same R for many words.

* Score matching segments based on content of these matches.
Extend the good matches empirically.

Seq 0 Seq 1 Seq 2 Seq 3 Seq 4 Seq 5 Seq 6 Seq N-1 Seq N Query
Word 0 | ] | |
word 1 | [N | |
Word 2 | - ] ] ]
wora 3 | NN | NN | [ [ [
| | ==
. .
Word N . . L
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BLAST

Finds inexact, ungapped “seeds” using a hashing technique
(like FASTA) and then extends the seed to maximum length
possible.

Based on strong statistical/significance framework “What is a
significantly high score of two segments of length N and M?”

Most commonly used for fast searches and alignments. New
versions now do gapped segments.

Stephen Altschul Samuel Karlin

High-scoring segment pairs

query word (W= 3)
Query: GSVEDTTGSQSLAALLNKCKTPQGQRLVNQUIKQPLUDKNRIEERLNLVE AFVEDAELRQTLQEDL

PQG 18
PEG 1S5
PRG 14
neighborhood PKG 14
—_— WG 13

words PG 13

PHG 13

?siﬁ 1:3«1 neighborhood
“far 1z Score threshold

PON 12 (T=13)

efe..

Query: 325 SLAALLNKCKTPQGQRLVNQUIRQPLMDENRIEERINLVEA 365

+LA++L+ TP G Rt+ +i+ P+ D + ER + A
Sbjct: 250 TLASVLDCTVTEMGSRMLKRULHMPVRDTRVLLERQOTIGA 330

High-scoring Segment Pair (HSP)
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High-scoring segment pairs

* Receive query

— Split query into overlapping words of length W

— Find neighborhood words for each word until threshold T

— Look into the table where these neighbor words occur: seeds
— Extend seeds until score drops off under X

5

Length of HSP
[ x
5
/ \ T

Length

Cumuliaiive Score

Alignment Length

¢ Evaluate statistical significance of score
e Report scores and alignments

Significance of scores

The number of unrelated matches with score greater than S is
approximately Poisson distributed with mean

E(S)=Kmne™s

where A is a scaling factor m and n are the length of the sequences

The probability that there is a match of score greater than S
follows a extreme value distribution:

P(x>S)=1-eE0)

Alignments

expected number
of random hits

Score

’

Karlin S, Altschul S. Proc Natl Acad Sci (1990)
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NCBI Blast

Program

Query sequence

Subject sequence

BLASTN

Nucleotide

Nucleotide

BLASTP

Protein

Protein

BLASTX

Nucleotide
six-frame translation

Protein

TBLASTN

Protein

Nucleotide
six-frame tran

slation

TBLASTX

Nucleotide
six-frame translation

Nucleotide
six-frame tran

slation

blastn | blastp | blastx | tblastn | thlastx |

BLASTP programs search protein databases using a protein query. more...

Enter Query Sequence

NCBI Blast Example

[7] Align two or mere sequences &

Choose Search Set

Enter a descriptive fitle for your BLAST search @&

Enter i ber(s), gi(s), or FASTA (s} @ Clear  Querysubrange ©

>gi|106049295 | re£|NP_000911.2| pyruvate carboxylase, =

mitochondrial precursor [Homo sapiens] — From

MLEERT TST IAT] = |

RIVAIYSEQ Te
GRELAPVQAYLHIPDIIRVAKENN RADFAQAC T a

QDRGVRFIG

9t Hpinadiie Durchsuch Keine Datei ahit. ©

Job Title il 106049295 ref|NP_00091 2| pyruvate carboxylase,

MNon-redundant protemn se

ence proteins 2
UniProtKB/Swiss-Prot{swissprof)
Patented protein sequences{pat)
Protein Data Bank proteins{pdb)

Metagenomic proteins(env_nr)

elavee +[Reference proteins (refseq_protein) e Transcriptome Shotgun Assembk
‘Organism
optionat Mus musculus (taxid-10090) [ Exclude -+
Enter organism common name, binomial, or tax id. Only 20 top taxa will be shown. & (©Algorithm parameters
General Parameters
Exclude [T Models (xM/XP) [C] Uncultured/environmental sample sequences
Optional Max target 00 v
g"'_'El‘Q“EW YoulfED) Create custom sequences Select the madimum number of aligni
ptiona S .
Enter an Entrez query ta limit search @ Shatijieras Automatically adjust parameters|
Expect threshold | 1o )
Program Selection
3 N Word size 3 v@
Algorithm @ blastp (protein-protein BLAST)
. . iches |
© PSIBLAST (Position-Specific lterated BLAST) . I e
7 PHI-BLAST (Pattem Hit Initiated BLAST)
- Scoring Parameters
*) DELTA-BLAST (Domain Enhanced Lookup Ti Eelerated BLAST) 9
Matr =
Choose a BLAST algorithm @ atrix BLOSUME2 - @
) Gap Costs Existence: 11 Extension: 1 v |
(#)Algorithm parameters
C it Conditional score

adjustments
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Best hi

Blast Results

Putative conserved domains have boen detected, click on the image bolow for detailed resuls.

Query sea.
Specific hits CPGase L chain
Superfanilies CPsase.L_chain superfanily | <

~ AtPgrasp.4 swperfamily

Distrbution of 33 Blast Hits on the Query Sequence &

[Mouse-over to shaw define and scores. click to show alignments

Color key for alignment scores

Description Max | Total Query| B g accession
arg score cover | yakig
] pyruvate carboxvlase, mitochondrial isoform 1 (Mus musculus! e 781 mn%
7 pimuvate carborase, mitochondrial isoform 2 Mus musculusl »refP 00553174111 PREDICT 80" VBU—+60% U0 96% NP 03787
F] PREDICTED: pinuvate carboxtase, mitochondrialisoform X1 fHus musculus! 780 780 100% 00 96% X UmEs
] methvicrotonov-CoA cart Subunitalpha, mitochondrial (Mus musculus 330 330 90% 5105 48% NP 0T
] PREDICTED: iony\-CoA carbonylase alpha chain, mitochondrial isoform X4 Mus musculus 322 322 93% 1e-103 47% X

pyruvate carboxylase, mitochondrial isoform 1 [Mus musculus]
sequence ID: [efiNP_001156418 1| Length: 1179 Number of Matches: 1

Range 1: 2 to 389 GenPaot Graphics

Score Expect Method Identities. Positives Gaps R
Commga ol 379/385{96%)384/388{00Y O{IBA0IE)
MLKERTVHGGLRLLGIRRIST EYKPL IAIRVERACIELG 60
MLKF+TV GGLRLLG+RR:S £ TATRVFRACTELG
MLKFQTVRGGLRLL ¥R IATRVFRACTELG 61

Query 361 GLRQENIRINGCAIQCRVITEDEARSEQ 388
GLRQENIRINGCAIQCRVITEDPERSEQ
Sbjct 362 GLRQENIRINGCAIQCRVITEDEARSFQ 389

conserved domain
database (CDD)

graphical
visualization

description

E-value
Score (S)

alignment

Multiple sequence alignment
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Multiple sequence alignment

Often simple extension of pairwise alignhment:
e Given:

— Set of sequences

— Match matrix

— Gap penalties

¢ Find:

— Alignment of sequences such that optimal score
is achieved.

Goals of multiple sequence alignment

e Determine Consensus Sequences
— Prosite, eMOTIF
— ClustalW, MACAW, Pileup, T-Coffee

¢ Building Gene Families
— Blocks, Prints, ProDom, pFAM, DOMO, eBLOCKs

¢ Develop Relationships & Phylogenies
— Clusters
— Relationships
— Evolutionary Models
— Phylip, GrowTree, MACAW, PAUP

e Model Protein Structures for Threading and Fold Prediction
— Profiles, Templates, HSSP, FSSP
— Hidden Markov Models, pFAM, SAM
— Network Models, Neural Nets, Belief Nets
— Statistical Models, Generalized Linear Models
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Exhaustive search using dynamic programming

Why not just use same technique as for pairwise
alignment?

¢ Instead of 2-dimensional SCORE matrix, use N
dimensional. Fill from one corner to diagonal corner in
N dimensions.

e Complexity increases with number of sequences
O(MN), so only N < 10 and lengths (M)~ 200 can be
accommodated.

Dynamic Programming

S
A
¥V S N _ §
5 / _ S N A _
Al _ _ _ASs
f‘fl
N ra
\‘..-’V
#
/’ e rd
S )., -’k.r Fi
/"‘f .r‘lf .r/

Start
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Dynamic Programming

L2

,
L4
cd
% Li

N 7
V4 o
v £ N
L3
MSA Algorithm

Based on dynamic programming concept:

1. Compute optimal pairwise alignments to get
upperbound on any pair of alignments. (MA can’t do any
better than sum of optimal pairwise alignments.)

2. Create heuristic multiple alignment in ad hoc fashion
to create lowerbound on MA score (e.g. align all
sequences to the first).

3. Search N-dimensional scoring matrix (as in pairwise
case) for optimal path, where S[i,j,k...] is the best score
including ith element of sequence 1, jth of sequence 2,
kth of sequence 3, etc...
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Progressive tree alignment (ClustalW)

Hbb_Human |
2
3
Hba_Horse 4
Pairwise alignment: a:g'::: :
Calculate distance matrix Lgh2 Luply 7

Unrooted Neighbot-Joining b

EEERE TR
ECERE N
wRAIET
By

£

Y

and sequence weights

Progressive

Align
the guide tree

Predictive methods using protein sequences
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Homology searches

[ Protein Sequence }

1
[ Comparative Methods J [ Predictive Methods ]
1 1 1 1 1
‘ Profile ‘ Physical Structural
Analysis Properties Properties
Sequence alignment
BLAST, FASTA
Profile Analysis
[ Protein Sequence J
1 1 1
[ Comparative Methods ] [ Predictive Methods ]
1 | | 1 1
Homology ‘ Physical Structural
Searches Properties Properties

Uses collective characteristics of a family of proteins
Position specific score matrix (PSSM)
Profile HMM

ProfileScan, Pfam, CDD, Prosite, BLOCKS
PSI-Blast
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Profile Construction

APHIIVATPG

GCEIVIATPG

GVEICIATPG - . _
GVDILIGTTE * Which residues are seen at each position?
RPHIIVATPG ; . . - 7 g
et * What is the frequency of observed residues?

KVQLIIATEG * Which positions are conserved?
RPDIVIATPG

APHITVGTPG * Where can gaps be introduced?
APHIIV PG
GCHVVIATRG

avawdsHmuaf
H
4

Position-Specific Scoring Table

f(p,b) =

20
PSSM(p,a) = ) f(p,b)*s(a,b)

b=1

frequency of amino acid b in position p

s(a,b) is the score of (a,b) (from, e.g., BLOSUM or PAM)

PSI-BLAST

* Position-Specific Iterated BLAST search

* Used to identify distantly related sequences that are
possibly missed during a standard BLAST search

* Easy-to-use version of a profile-based search

Perform BLAST search against protein database
Use results to calculate a position-specific scoring
matrix

PSSM replaces query for next round of searches
May be iterated until no new significant alignments
are found

Altschul et al., Nucleic Acids Res. 25: 3389-3402, 1997
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Profile Hidden Markov Model

— Allows position dependent gap penalties
— Can be obtained from a multiple alignment (DNA or Protein)
— Can be used for searching a database for other members

of the family Insert states
dy . ggkka
y ne t ger
C n n b r
X « » d @ g 31
s . t g qe
% s g q t
1 . x g x
0

Delete (silent, null) states —_—>

Insert states to model highly
variable regions in the alignemnt

Main states (gray)

Protein Sequence Analysis

[ Protein Sequence J

1 1
[ Comparative Methods ] [ Predictive Methods ]
1 1 1 1
Homology ’ ‘ Profile Structural
Searches Analysis Properties

Amino Acid Composition
Hydrophobicity
Charge
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Amino Acids

Positive Negative

Histidine Lysine Mspartic Acd. Glutamic Acd
) ) 1Ba

o ey =
. A Mo Ao
o o o o o
o i L e b
. =k
ol e ® o ~
N'in * e

B Armino Acs with Polor Uncharged Side Chains. €. Spedal Cases
Serine paragine Cysteine  Selenocysteine
" Bea

Threonine Glutarnine
g LY thant o Gy @ o

Asy
(N}
ah s S T R
o: i O e & wan
NH, N, N,
HO:

OH 0

KH,

D, Arning Acids with Hydrophobic Side Chain

X nionine
Ny g @ @

[of

O i Oy 2990

ProtParam

e Computes physicochemical parameters

— Molecular weight

— Theoretical pl

— Amino acid composition
— Extinction coefficient

http://web.expasy.org/protparam
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Protein Sequence Analysis

[ Protein Sequence ]

[ Comparative Methods J [ Predictive Methods ]
1

|

Homology ’ ( Profile ‘ Physical
Searches Analysis Properties

Secondary structure
Specialized structures

Tertiary structure

e Corkscrew

¢ Main chain forms backbone, side

e Hydrogen bonds between CO group

e Helix-formers: Ala, Glu, Leu, Met

e Helix-breaker: Pro

Alpha-helix

chains project out

at nand NH group at n+4
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Beta-strand

e Extended structure (“pleated”)

e Peptide bonds point in opposite
directions

¢ Side chains point in opposite
directions

¢ No hydrogen bonding within strand

Beta-sheet

¢ Stabilization through hydrogen
bonding

¢ Parallel or antiparallel

¢ Variant: beta-turn
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Neuronal network for secondary structure prediction

Input Input Hidden Output Predicted
sequence layer layer layer secondary
window = structure

0
L 0
S 10|
w o] "
T 10| — > 10

K 1]
o
Y 0

Ao | 0
Vo 10|
S ‘\\ 10|

G '\ 10 —_— 0
A \ 10|
B \\ L0
Y19
\ [0
\ [o]
Yolo

\\ 0] S; Sjx Wiy
3

Protein secondary structure prediction (Jpred)

T I P
jp_aBtUFUSM-1ZIMQVWP | EGIKKFETLSY LPPLTVEDLLKQI EYLLRSKWVPCLEFSKVGFVYRENHRSPGYYD
T
[ET - R T i T
(R B T eI
jnetpred ————r
JNETCONF
BB535586 5232117777762 7E8009000098 7458726677436 7778545867777777
JNETSOL2E - - - - - - - - - - - BBEEBEBBEEEB-B----B-- BB- BBB- - - BEBEEEBB- - - - BEB- B- B- B- - B- -
JNETSOLS - - ---=-------- BB--B------- B---8--BB---B-BBB-- - - - -« - - B- -
JMETSOLO - - - = = = - s s s o s e e e e e B--B-------- o
JNETHMM ——r
JNETPSSM ——r
JMETJURY  ===es
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SignalP

¢ Neural network trained based on phylogeny
— Gram-negative prokaryotic
— Gram-positive prokaryotic
— Eukaryotic

* Predicts secretory signal peptides

¢ http://www.cbs.dtu.dk/services/SignalP/

|
% Signal peptide score (S)]
- !
|
gu vs”/( Cleavage site score (C) ]

O

MALMMRLLPLLALLALMGPOPAAAFYNQHLCGSHLVEALYLYCGERGF FYTPKTRRERAED!

| Combined Score (Y)

0 10 20 30 @ 50

PredictProtein

e Multi-step predictive algorithm (Rost et al., 1994)
— Protein sequence queried against SWISS-PROT
— MaxHom used to generate iterative, profile-based
multiple sequence alignment (Sander and Schneider,1991)
— Multiple alignment fed into neural network (PHDsec)

e Accuracy: Average > 70%, Best-case > 90%

e http://www.predictprotein.org/
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Protein folding from sequence (AlphaFold2)

Templates J

A\r\;,‘ < Recycling (three times)

Jumper et al. Nature 2021

Regulatory sequences

— Transcription factor binding sites
Experimental methods
Computational methods

Matrix based methods
Motif discovery

— MicroRNA target prediction
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Transcription factor binding sites

Experimental methods

Reporter gene assays (luciferase)
Electro mobility shift assays (EMSA)
DNase | and Exonulease Footprinting
SELEX

Chromatin immuno precipitation (ChIP)
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Luciferase reporter assays

0% Reporter Gene Activity 100%

[CLuciFerase ] ]
E!W\ ]
E:

| (oo ] !
_E:
" (e ] !
_E:

—

S i 5
I+

Identify functional regulatory region within a sequence and delineate
specific TFBS through mutagenesis

Evidence that TF binding has an effect on transcription (not only binding

to DNA)
Electromobility/Gel Shift Assays
TF specific antibody
g i k mmm| — Supershift
Q. A8
1| =~ mm | TF+DNA
\j
~ '~ |IMmmm__ DNA (free probe)
+
\

Electrophoretic gel separation Detection of labeled probes
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DNase | and Exonuclease footprinting

Genomic DNA Labeled template DNA
5 & containing protein binding site

2 usr1
Low [l High la
{

DNase| dleavage /€

DNase | cleavage
(per nucleotide)
S 4 opow &
o o o o o

loeeo .

Neph et al., Nature, 2012

- } Protected *footprint” E> DnaSG-Seq
= FAIRE-seq

LA

ATACseq
Assay for Transposase-Accessible Chromatin with sequencing

Ve 20 s

ﬂ a £ a a ,:E 150k- nucleosome free

5 1 |
Chromatin S 100k
ﬂ.ndex‘_,@,- isindex 4 - mono-nucleosomal
Tns \ £ 50k
Ok
0 500 100
Fragment size (bp)
2 kbp——————— 1938 Scale
| 27,470,000 27,475,000 chr16
‘ i & +
S e — . B
CTR -
I I~ >
) ‘ TR2 A A
Amplify and Sequence e A
=
L
GENEHANCER |
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SELEX

Systematic evolution of ligands by exponential enrichment

Random DNA pool

~ M
\ DNA pool for next
K cycle selection
® \L. \ -~ ~r
Target protein A. ~ several cycles

@ o T
z & PCR amplification

~ A
SR NN
Flowthrough Eluhon of bound DNAs

Most position weight matrices (PWMs) in the databases
are derived by SELEX

ChIP procedure

-

Isolate chromatin l

Y/ N /N,
Sonicate = = o
> g
(size -500 bp) .’/ > / b ,
LA -
Immunoprecipitate
with antibody S;ve 10% of the
e chromatin as
/ , reference sample
l Reverse crosslinks, solate DNA
// 4 - / VYA
Amplify the samples, \
Labeiw ith fluorescertt
- P
) 5'
Prepare library,
sequence tags

actcatgcatgaaacctgacgeagg
cegtatcgatgaggagteteteagga
getagtegatgaccaagtgeagteag

ChiP—seq

Farnham, Nature Rev Genetics, 2009
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ChIP-seq analysis

Check depth

Sequencing Image analysis 35-50 bp Genome Peak
{plarform }’[(basecanmg) | sequences | | alignment || caling | ™

Qu
* Filter on QC score

rim reads

Map tags

« Filter mapping

« Remove tags mapping
to multiple locations

« Filter for unique tags

/ \ ChiP-seq example

Convert data to Peak-finding

analysis browser-viewable format « Input DNA of similar tag count
« GFF, WIG, BED file formats should be used as background

Relationship ere oot + Check data quality by eye « MACS can also call SNPs

f o analysis

discovery.

—
structure g l'
Known motif analysis

= » CisGenome (can also call peaks)
Intersect (UCSC Browser) o join (Galaxy) « CEAS website

* RefSeq TSSs can be used to + The MEME Suite

define promaters (e.g. —2.5 kb/+500 bp)
« Select all promoters or
filter based on gene expression

» Cross-reference known SNPs to predict Gene Ontology analysis
regulatory SNPs = |+ DAVID is an easy web tool

Hawkins et al., Nature Rev Genetics, 2010

ChIP-seq (Peak calling)

Generate signal profile Define background
along each chromosome (model or data)

—>e—i Tools:
Tag shift Control
d

ata * CisGenome
* ERANGE
v * FindPeaks
:éa:_%‘?_ . . Pl * F-Seq
Position (bp) l Position (bp) . G LITR

* MACS

Tag count
Tag count

Identify —

i peskregen * PeakSeq
ChiP

signal Enrichment relative ° QUEST

to background

Tag count

* SICER
¢ SiSSRs
Postion 1) * Spp

l ¢ Useq

Filter artifacts

Assess significance

P(s)

Tags

/slhresh

s Posiion (op)

Pepke, Nature Methods, 2009




Chromatin state and TF localization

L Ppargi i sl | P =1
-k l do |
H3K4me3 |.. T time series
el FI v AR lL:J.l i o
H3KAMED | e e e
= ab . L i
e valliba Lot by b Tk da o it
H3KAme1 |it~bituli Ml 1 s
e b " et 14, o i
= wo lli. i i Lol 1
- e L " i
H3K27ac|.. 1k o) Lhui " lLLuL .
o JTy L L L L
PPARy [~ o | i | ;
o T
H3K36me3|-. — pci b
- ik
by 7Y [Ty o™
H3K27me3 |- sbskhuses -
"': 1 i il n
CTCF |2, i
i L {0 1| Y1
! (T

Mikkelsen et al., Cell, 2010

Computational methods

Problem: sequences are short (e.g. 6-10 bp) and
degenerated, many false positives

Matrix based methods (knowledge about TF)
Position weight matrix (PWM), HMM

Motif discovery
Word counting, EM

— MicroRNA target prediction
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Experimental verified binding sites

Gene Organism  5°-3° Sequence Ref
CYP4AG/P450 IV rabbit AACT AGGGCA A AGTTGA [1]
CYP4AL/P450 IV rat BACT BGGGTA A AGTTCA 2]
L-fatty acid binding protein rat ATAT AGGCCA T AGGTCA* [3]
3-hydroxy-3-methyl-glutaryl-CoA-synthase rat ARCT GGGCCA A AGGTCT* [4]
Enoyl-CoA-hydratase rat ATGT AGGTAA T AGTTCA* [1]
Malic enzyme rat TTCT GGGTCA A AGTTGA [5]
Phosphoenolpyruvate carboxikinase rat AACT GGGATA A AGGTCT [6]
Phosphoenolpyruvate carboxikinase) rat CCCA CGGCCA A AGGTCA™ [6]
"
Uncoupling protein 1 mouse AGTG TGGTCA A GGGTGA™ [12]
Apolopoprotein C-I11 human  GCGC TGGGCA A AGGTCA* [1]
Acyl-CoA oxidase human TAGA AGGTCA G CTGTCA [13]
Lipoprotein lipase human ~ GTCT GCCCTT T CCCCCT™ [14]
Muscle type carnitine palmitoyltransferase I human ~ CCTT TTCCCT A CATTTG [15]
Consensus AWCT AGGNCA A AGGTCA [16]

Position frequency matrix

* Position frequency matrix

1|2 45|67 |8 (9 (1011 (12|13 (14|15|16 |17
A|10( 8 3 (1Mo | 1|1 19 | 15| 17 0 16
ol
4 111|511 6 |15 1 111 2|17
G|3 |2 2|7 |20(19]| 6 112 (117151 1
T/[6 |8 12| 3 | 1 7142|410 1913

* Position weight matrix (PWM),
position specific scoring matrix (PSSM)

13 |14 | 15 [ 16 | 17

A [0.86|0.54(-0.46(-0.87| 1.00 |-1.32|-2.46

-2.32|-1.46| 1.79

1.45|1.63 (-1.46(-1.32|-1.32|-1.32| 1.54

-0.87(-0.46| 1.00 (-0.14(-2.46|-2.46(-1.46

0.26 ( 1.45|-1.32

-2.46(-0.46|-2.46(-2.46(-1.46| 1.63 [-1.46

G |-0.87|-1.46(-0.46(-1.46( 0.35 [ 1.86 | 1.79

0.26 (-2.46|-2.46

-1.46(-2.46| 1.63 | 1.45 (-2.46|-0.46(-2.46

T [0.13(0.54|-0.87|1.13|-0.87|-2.46(-1.32

0.49(-0.46(-1.46

-0.46|-1.32(-1.46)| 0.13  1.79 (-2.46|-0.87
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Position weight matrix (PWM)

Probability of base b at position i

_ fb,i + s(b) N .. number of sites
p(b,i) =———=——— | s(b).. pseudo counts
N + 2 s(b) Fy; - frequency of base b
b’e {A.CiG.T} in position i
PWM
p(b’i) p(b)... background probability
W, =logy —+ of base b
! p(b)
Evaluation of sequences
w W .. width of PWM
S= Z Wbi b nucleotide in position i
i=1 ’ S .. PWMscore of a sequence
1 2 3 4 5 6
A 1.00 | -1.32|-2.46 | -2.32 | -1.46 | 1.79
[
C |-2.46|-2.46 |-1.46 | 0.26 | 1.45 | -1.32
G | 035 1.86 | 1.79 | 0.26 | -2.46 | -2.46
T |[-0.87(-2.46|-1.32| 0.49 |-0.46 | -1.46

.ACGTAGGTCATAGAGTA..
..ACGTAGGITCATAGAGTA..

S=1+1.86+1.79+0.49+1.45+1.79=8.38

S$=-0.87-2.46-2.46+0.49-1.46-2.46=-9.22

Optimized similarity score to minimize false predictions
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bits

From Frequency to Sequence Logo

21ETEGCEARACOTCA

N

2 |
|, .oxall chaao]Ca

Information content in position i

D, = 2+ D p(b,i)log,p(b,i) -e(n)
b

e(n) ... correction factor if only few samples n
D, ... information content at position i

b .. baseACG,or,T

All bases with equal probabilities at position i
D;=2+4*0.25*log,0.25=0 bits

Only one base is present at position i
D=2+1*log,1+3*0.001*l0g,0.001=1.97 bits

!

from pseudocounts (log,0 is not defined!!)
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Using a set of background sequences

Foreground sequences

Background sequences

@ - - - s
— = i
S - - - -
= . .
> : Y L —
——4 3
e = = =
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- =
— =3 — — -
: *s = T
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e - = I3
— = =
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T —
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Profile hidden markov models (HMM)

Al promoter regions _ Backgroundstates

. 0000

PWM (TRANSFAC)
2

A'C‘]Gl" |c|s|~
[t [ \M|n,|n.|m|

Levkovitz et al. PLoS One. 2010

82



Phylogenetic footprinting
— Functional regulatory sites are conserved between species

Rat > <> |

>—m <>—

Mouse
TFBS2’

chimpanzes — {83 <> —

Human > . . <>

TFBS1 TFBS2  TFBS3 TFBS4 Gene

— Multiz alignment of UCSC genome browser

Conserved sites Non-conserved sites

Conservation profile

Phylogenetic footprinting

chrig: 50518000 | sostas0a | sa510000 |
UCSC Known Genes Based on UniProt, RefSeq, and GenBank mAMNA

CHM st ecscicscscesccccmm
RefSeq Genss
RefSeq Genes—————————————
Vertebrate Muliiz Alignment & Conservation (17 Species)
Conservation l l l I ‘ [ | I I
ull o d - - - LI o
MIM wull H“WWWW" nm kel

mouse H I |
rai

chicken

#_tropicals

tetracdon

Conserved sites Neon-censerved sites

Conservation profile
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Motif discovery

5 T —
Common subsequence e
Group of co-regulated genes

Word counting

Table of words.
and their occurrences

AAAAA 521
AAAAC 534
AAMAG 243 Apply statistics to counts
AAMAT 847
AAACA 388
| 50+

For each word of width k:
count number of occurrences

current word
GAGTC

'*1122’
GAGTA 718
GAGTGC | 777 it il 5 Ty -
GAGTG AACTCTACATEGAGTCR TEGTTTATTGRACCTTOCACARA CTTARAACCATGARACA TCTATTATTCE IR I TETTA
TAMTMAWN.M;«MAGMAWTAMMcwcwsccrmmmcmwasm«sm \GTCACICCCEA
AGGAGCOGCACCTTCACCOT COGGCCTCAGDCOATEAGEOTECANCCETTTO GG CoTaecTolRYE B cTacccoTe
GEACCH GORGCGGRGGATOTE0E0C0RGCTTARRARRANGACAGOCRCACORIGA G LCTAGCRAT CAGGGCACE
GOCACECCECCETCAGCECHAGAAM CATAGGOTA GEARTCGCT CAORT STAGAAGCGTCCRGETGRCRGAGECCRTA
AGAAGGOTACOCTATOCTAABACTOGLTTTTECAGCCACTEARA TS TR LT CTGCRETATOCTTTATACTOATRACARCO

TTTTA A GSCGTFCCONGCWGA.CTFTMAGCSTAGTGATHGG GGGLOCCAAGGTTTATTTTCCTTTCRCATAGCTTCRE
TTT1C TETETCCTCETTCTICTCTCCTCAGCETETT TCTCATCOTRGAACA TEAR G TATAF TCCOCCAGCGCCATAGCECAGTS
TG GOETRGAETTAGEACGAM CCCTTAT CTETRECCRATEGCCCTCORTTG GAGTC TA TTAMAACTCTGAGAM CTE CTAT

AACACCCTCAGAAGCAAATCTTTAATTTITTTITE S TRAS ceeAGCASEY AT ECCCCAGECTACAGTCCAATTAG
COTCOAATCTCRE CIAL TECAACCTCCC COTCURAC TCCRAG COAT TCTCCTCCOTCACCCTCCCOAGTAGCTRGTTA
AGTAGAGACTEGAGTCARCATETTGRCCAGG CTRd U A AACTCOTRACCCCAAGT SATCCACCTG GCT CAGCCTCTT
AACTCTACATCA R A TGO TITCTTRGAGCTTCCACA A CTTAAAAA TGGATTCAACATCTATTATTGCTACTATTGT

TITTT

JoIcCes “4GOAGGGCCLCAGCGGTACCATGTCTATGEATTCCEGAGTCACCETGECCCTGLT RO " an
ARATOR R S
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Expectation maximum

* Problem: Don’t know what the motif looks like or
where the starting positions are

i

i

- Use expectation maximum (EM)
* EM is a family of algorithms for learning probabilistic
models in problems that involve hidden state

e In our problem, the hidden state is where the motif
starts in each training sequence

Basic EM-approach
p y4

A motif is represented by a matrix
of probabilities: P,

represents the probability of
character cin column k

The element Z; of the matrix Z

represents the probability that the
motif starts in position j in sequence i.

0 1 2 3 1 2 3
s
G 0.25 0.3 0.1 0.6 Z= seq2 0.4 0.2 0.1

T 0.25 0.2 0.2 0.1 seq3 0.3 0.1 0.5
Pi(X,|Z,=1p)= segd 0.1 0.5 0.1

Do X Pco X P11 * Poa X P13 X Pap* Peo =

0.25x%0.25x0.2x0.1x0.1x0.25x0.25

(=i ==l

W W o

— The basic EM approach has been enhanced by MEME (ChIP-MEME)

85



MicroRNA target prediction

microRNA biogenesis

r_niB NA gene

Pri-miRNA

Cytoplasm Nucleus o Drosha/: Microprocessor
Pasha * complex

Pre-miRNA

il
\."|/_ Dicer

g
T T mifiNA duplex (miRNA-miRNA")

Unwind
One strand is
incorporated into RISC
RISC
T ”f_'\ ki 26 AISC
Target gene
mRNA cleavage Translational repression

Drug Discovery Todsy
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microRNA/mRNA pairing

miANA S U-U-A-G-U-C-G-A-A-A-G-U  "U-U-A-C-U-A G-A-G-G 5 miANA
« & 2 ® @ % & & 2 ® 8 @ a & & & & & & 8 2 @9
UTR & A—A—U—U—ﬁ.—G—U—U--U—U—C—ﬁ..ﬂCJ_.ﬂ—A—U—G—ﬁ.—U—C—U—C—U ¥ UTRH
Bulge Seed region
(b} G-
ptu, u U 5 mifNA
miRMA 3 G-A-U-A UG-G-A" G-A-U-G-G-A-G
" e e @ e e 8 0 e @ 8 0 0 0 @
UTRS C—-U—G-U A—C-U-U C—U-AC—C-U-C.
¢ o U ~C ¥ UTR
= Bulge Seed region
(e
U-G.
o A G
miANA ¥ G-U—-G—A-C U-G-G C-—C—A-G-A— GG A5 miANA
* e 0 0 @ LI ] e e 8 & 8 8 @ e
UTRS C—A—C—U—G-,-A—C—C G-G-U-C-U-C-C_ U FUTR
n b '/ -\G-
gL
Sead ragion
Bulge

Principles of microRNA target prediction

Sequence complementarity
Conservation

. Thermodynamics

. Site accessibility

. UTR Context

. Anticorrelation of expression profiles

ouhwWwN R
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Sequence complementarity

Canonical sites

Atypical sites
A Tmer-A1 site Seed mateh + F 3"supplementary site
A at position 1 (stypical elaboration of the 6mer, 7mer and 8mer sites)
Supplementary
INNNNNNNNNNNNNNNNNNNNN-5 miRNA | paiing
87654321 ‘EM
Seed .NNh‘Irl\ﬁnirll
NNNNNNNNNN,
B 7mer-m8 site Seed match + SRITE!
match at posi

NNNNNNNNNNNNNNNNNNNNN-5' miRNA 0" "sead
87654321

- .- .Iiﬂ]ltldthlwlil..“...j;wm
NNNANNNNKNANNNNNNNNNA-5 miRNA G 3-compensatory site
87654321 Compensatory
“oeed pairing
Seed (24-5 pairs) ko
C smersite Seed mach + NNNNNNNN NNNNNNNA. .. Poly(A)
ki ol by e
R o oo Poly(A) “oemeisu el 87684321

Seed
Marginal sites
D smersite
Seed matc!

NNNNNNNNNNNNNNNNNNNNN-5° mRNA
87654321

Seed

OffsetBmer
E Ofset 5mer site 286

Bartel, Cell,2009

-compensatory
4

Conservation

A CH W W ISy )
Human S AARAAA ATEUR; AAUAUAUC-3
Mouse ~-CARA CAUAUY
Rat - CARARGAAAAAD] AVGUGA UATY
Dog - -nAGA vGUs, ACUGUAU
Chicken  --AGAAU AVGUG, AGUA-RAG
Y
3-CCUUUACGGACCCGUUACACUA-S"  miR-23a

3 100
P

28 e0

3 i)

2% 60

8d

98
I

82 20

B o

10 20 30 40
Distance from seed match (nt)

2
8

Percent conserved
in § vertebrates
oB8388

/

19 anchor

Lewis BP et al., Cell, 2003
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Thermodynamics

1. Minimum free energy mfe: -25.3 keal/mol
p-value: 0.010068
" : e Target 5' A uc A 3'
'/y" b CACAG UUG UCUGCAGGG

Mfold (Zuker et al.) GUGUU AGC AGAUGUCCC
RNAfold (Hofacker et al.) miRNA  3' UA CA 5

2. Account for different sequence length

3. Extreme value distribution of MFE

Rehmsmeier M et al. RNA (2004)

Site accessibility

AGopen

MRNA : : AGduplex
AAG =
AGduplex = AGopen
miRNA

Leitner A, 2009




lll Gene expression analyses

— Microarrays

— RNA sequencing

— Gene expression profiling
— Clustering and classification

— Gene ontology

Gene expression analyes

Northern bloting

- semi-quantitative
- few genes

Real time RT-PCR (gPCR)

- medium throughput
-96/384 per run

Microarray analysis

- high throughput
- 10.000-500.000 elements per chip

RNA seq

- high throughput
- deep sequencing (short reads 25bp)

£
agouti oY L
mRNA . ase

-
Gapd r“.
mRNA
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One color microarrays (Affymetrix)

"~ Ganathip”

Human Gonome.
U133 Plus 20

Affymetrix chips

/ mRNA reference
v Vi

= z< % e e
Reference sequence //

- TGTGATGGTGGGAATGGGTCAGAAGGACTCCTATGTGGGTGACGAGGCC:-
AATGGGTCAGAAGGACTCCTATGTG Perfect Match Otigo
AATGGGTCAGAACGACTCCTATGTG Mismaten Otigo

Fluorescence Intensily Image /

N

kIl -

DNA probe pairs

Perfect match probe cells

Mismatch probe cells
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Processing of Affymetrix chips

Robust Microarray Averaging (R/Bioconductor pkg. RMA)

— Background modeling (PM vs. MM)
— Quantile normalization across all arrays

< .
= After quantile
3 normalization
>
2 o
3 3
C
[T
o o
o
o
o
o
4 6 8 10 12 14
log2(PM)

— Probe summarization (median polish)
— Log2-transformation (log2-intensities)

16134 probesets

Differentially expressed genes

test
ID GENE | KO1 i KO2 i KO3 | WT1: WT2: WT3 | logFC |AveExpr t PValue | adj.P.val
10386473 | Srebfl | 5.72 i 5.58 | 6.06 | 4.91:4.88:5.09| 0.83 533 7.66 | 3.7E-09 | 4.6E-05
10463355 | Scd2 6.63 {6.26 6.92 |5.13:4.77:5.01| 164 5.59 7.52 | 5.6E-09 | 4.6E-05
10548105 | Ccnd2 |5.56 : 5.48 i 5.49 | 5.05 | 5.11 { 5.02| 0.45 5.23 5.21 | 7.3E-06 | 3.9E-02
10587284 | Elovl5 |5.81 :5.67 i 5.97 | 5.05 : 5.06 ; 5.35| 0.66 5.44 4.87 | 2.1E-05 | 8.4E-02
10540122 | Slc6ab |7.27 {7.16 1 7.35|6.75:6.81{6.71| 0.50 7.04 4.80 | 2.6E-05 | 8.5E-02
10605437 | Pls3 5.50{5.63 {5.41(4.88:4.93:4.87 | 0.62 5.20 4.63 | 4.3E-05 | 9.7E-02
10543791 | Podxl |7.30:7.03{7.08|6.31:6.52:6.33| 0.75 6.59 4.61 | 4.6E-05 | 9.7E-02
10356084 | Irs1 830i8.76:7.61(662:733:7.19| 1.18 7.60 4.57 | 5.2E-05 | 9.7E-02
10346164 | Sdpr 5.68 {5.37 1 5.43 [ 5.00:5.03:4.95| 0.50 5.17 4.54 | 5.7E-05 | 9.7E-02
10387625 | Chrnbl | 6.31 { 6.08 { 6.06 | 5.73 { 5.59 { 5.81 | 0.44 6.01 4.52 | 6.0E-05 | 9.7E-02
10407390 | Ptbpl |4.84 | 5.26 {5.07 | 4.22 13.98 :4.64| 0.77 4.88 4.43 | 8.0E-05 | 1.1E-01
10507539 | Elovil |5.08 i 4.58 { 4.89 | 4.33 14.34{455| 0.44 4.61 4.40 | 8.7E-05 | 1.1E-01
10585988 | Myo9a | 4.05 : 4.00 ; 4.01 | 3.50 i 3.64 { 3.79 | 0.38 3.93 439 | 9.1E-05 | 1.1E-01
10371959 | Elk3 5.94 585578 (528544546 | 0.47 5.66 438 | 9.3E-05 | 1.1E-01

condition KO vs. condition WT
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Differentially expressed genes

Moderated t-test (R/Bioconductor package limma)

__ M
(%1+S)/\/;

estimated from all genes

t => p-value

— At a significance level of 0.05 in the case of 10000 tests 500
might be wrong.

— Account for this by correction for multiple hypothesis testing
— Bonferroni correction (multiply p with number of tests)
— Benjamini-Hochberg correction (based on the FDR)

— adjusted p-value<0.05 (<0.1) significantly differentially
expressed

Methods to correct p-values for multiple testing

Ranked p Bonferroni Benjamini-Hochberg (FDR)

smallestp — P P *n P *n
Pe) P *n P *n/2
P Po *n Py *n/i
Pin-1) Py *N Py *1/(n-1) keep
N smaller
largestp —» P(n) PN Pin) one

p;}H: min {jn;i’_n {py*nlj}.1}
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P-value distribution

1000 genes affected by treatment 1000
=> measurem. come from 2 different distributions 800 -
600 -
I:> 400 -
=
VR "o 0z Gs o5 05 7
0.0 0.2 04 06 08 1.0

9000 remaining genes not affected by treatment 1000

=> measurem. come from the same distribution 800 - +
600
E> 400+
2004
o_

00 02 04 06 08 10

~450 genes with p<0.05 affected by -
treatment (skewed distribution) -
1000 7, Genes with FDR<0.05 in the box
Ll 800 : only 5% of modified p-values are FP

600
~450 genes with p<0.05 not affected by 40041
treatment (uniform distribution)
200
e — 0
0.00 001 002 003 004 0.05 00 02 04 06 08 10

Josh Starmer (StatQuest)

Deep (next generation) sequencing technologies

— Sanger (Thermo Fisher Scientific) 15t gen.

— 454 (Roche)

— Solexa (lllumina)

— Solid (Thermo Fisher Scientific) 27 gen.
— lon Torrent (Thermo Fisher Scientific) (ampl)

— HeliScope (Helicos)
— Pacific Biosciences SMRT
— Oxford Nanopore Sequencing (MinlON)

3rd gen.
(no ampl)

94



Solexa (lllumina)

1 % in
1)
o \- l /j:;\srlse lawn
\, : =
{ Adaprers \ Vi?dlplar / :
& % \‘(/‘)nl \\l U ¥
7 # W, %)(:/ﬂ i; :‘;II "/ /
2 11 "I L
## R : '
= T b e
4{ ?/ ‘t N 6/!/ i N
low i \ i) | ;Lizi U
LA A LV
i om0 "™ ; \/
S LOREA ) il
‘ Wb 1
"l‘ll i ‘I“;A#; ‘cwu:‘avs
;’ 1

=

P wnN

\n

Prepare genomic DNA sample
Attach DNA to surface
Bridge amplification

Fragments become double
stranded

Denature double stranded DNA

Complete amplification

Solexa (lllumina)

First chemistry cycle:

sequencing cycle, add

allfour labeled reversible (3
terminators, primers, and

DNA polymerase enzyme

to the flow cell.

® ® ® G

G ->. -‘-. -a-G
® e ® c ® o

determine first base .
To initiate the first

Image of first chemistry cycle

After laser excitation, capture the image The blocked 3' terminus
of emitted fluorescence from each
cluster on the flow cell. Record the
identity of the first base for each cluster.  base are removed.

>

Before initiating the
next chemistry cycle

and the fluorophore
from each incorporated

®
® —> GCTGA..
@ &

Sequence read over multiple chemistry cycles

Repeat cycles of sequencing to determine the sequence
of bases in a given fragment a single base at a time.
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Base calling (Phred score)

Base-calling error probabilities: P

Phred Quality Score Probability of incorrect base call Base call accuracy

10 1in 10 90%
20 1in 100 99%
Q=-10* Iog P 30 1in 1000 99.9%
40 1in 10,000 99.99%
50 1in 100,000 99.999%
60 1in 1,000,000 99.9999%

Quality of -
Sequencing :
(FASTQC) g

1234567809 1519 3034 4549 6064 7579 9094 105100 120124 135139 150
Postion in read (bp)

Base calling (FastQ format)
Definition: <fastq> := <block>+
<block> := @<seqname> \n <seg> \n \+<segname>? \n <qual>\n
<seqname> :=[A-Za-z0-9_.:-]+

<seq> := [A-Za-z\n\.~]+

<qual> :=[l-~\n]+
@EAS54_6 R1 2 1 413 324
CCCTTCTTGTCTTCAGCGTTTCTCC Quality scores are
+ encoded in ASCII

o v IITITIIITITIIIIIIITIILIITIIIIIIIIIIIICIINIL. .
................................. JITIITITIIIITTIIIISIITITIISIIITTITIIIIIS

LLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLLL ¢« s s s aees e snmassmnnnsssnnnnssnnnnsesnnnnnnnnnnnss
LT#S%6T () %+, -. /0123456789 : ; <=>7 BABCDEFGHITKLMNOPQRSTUVIKYVE [\ ] “abodefghiiklmnopgrstuvwsyz{ |}~
| | | | | |

33 59 64 73 104 126
§ - danger Phred+33, raw reads typically (0, 40}
¥ - Solexa Solexat64, raw reads typically (-5, 40)
I - Illumina 1.3+ Phred+64, raw reads typically (0, 40}

J - Illunina 1.5+ Phred+64, raw reads typically (3, 40)
with D=unused, l=unused, 2=Read Segment Quality Control Indicator (bold)
{Note: See discussion abowve) .

L - Illunina 1.8+ Phred+33, raw reads typically (0, 41)
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Transcriptome sequencing (RNAseq)

— — [AnAARAAA]
(22 TTT|
RNA fragments ,l <DNA
EST library
with adaptors
Short sequence reads
ORF
Coding sequence
- = EEEN

Junction reads poly(A) end reads
Mapped sequence reads

Base-resolution expression profile

>
3
= +

RNA expression level

Mature Reviews | Genetics

Wang et al., Nature Rev Gen, 2009

Analysis steps

0. Image analysis and base calling (Phred quality score)
=> FastQ files (sequence and corresponding quality levels)

1. Trimming adaptors and low quality reads (FastQC, Trimmomatic)
2. Read mapping (Spliced alignment) (STAR)

=> SAM/BAM files
3. Transcriptome reconstruction (reference transcriptome, GTF file)

4. Expression quantification (transcript isoforms) (featureCounts)

=>raw count matrix

5. Differential expression analysis (negative-binomial test)
(DESeq, edgeR)

=> List of genes with log2FC, p-value, FDR, average expression

6. Normalization
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Normalization

Within-samples

— Reads per kilobase per million reads (RPKM)
— Fragments per kilobase per million (FPKM) for paired-end seq.

Read count
FPKM

Z = &
Short transcript Long transcript 1.2 3 4 1 2 3 4

— TPM (transcripts per million) (preferable)

Between-samples

— Quantile normalization (upper quantile normalization)
— TMM (trimmed mean of M values) (edgeR)
— Relative log expression (RLE) (DESeq2)

RPKM (FPKM) TPM
GENE S1 S2 S3 GENE S1 S2 S3
A (2kb) 10 12 30 A (2kb) 10 12 30
B (4kb) 20 25 60 B (4kb) 20 25 60
C (1kb) 5 8 15 C (1kb) 5 8 15
D (10kb) 0 0 1 D (10kb) 0 0 1

[ Tens(Mio) | 35 [ 45 | 106 | 1. Divide by gene length in kb

1. Divide by millions of reads A (2kb) 5 6 15

A (2kb) 286 | 261 | 2.83 B (4kb) 5 | 625] 15 2Pk
RPM |B(4kb) | 571 | 543 | 566 € (1kb) > | 8 | 1

C (1kb) 143 | 1.96 | 1.42 D (10kb) 0 0 | o1

D (10kb) | 0.00 | 0.00 | 0.09 | Tens(Mio) | 1.5 [2025] 451 |

2. Divide by gene length in kb 2. Divide by millions of RPK

A (2kb) 143 | 1.30 | 1.42 A (2kb) 3.33 | 2.96 | 3.326
RPKM | B (3kb) 1.43 | 136 | 1.42 B (3kb) 333 | 3.09 | 3.326 | 1p\y

C (1kb) 143 | 1.96 | 1.42 C (1kb) 3.33 | 3.95 | 3.326

D (10kb) | 0.00 | 0.00 | 0.01 D (10kb) 0 0 0.02
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Isoform quantification

— e S S
—_ - — - e .

T == - -

- — - - Isoform 1

I -+~ Isoform 2

Transcript expression method

— Uncertainy in assigning reads to isoforms
— Paired-end sequencing

— Spliced alignment

— Alternative splicing (statistical significant?)

RNA seq quantification using pseudoalignment (kallisto)

Reads

Reference
transcriptome

Transcriptome de Bruijn Graph (T-DBG) where
nodes (v1, v2, v3, ... ) are k-mers

Bray et al. Nature Biotechnology 2016

99



Gene expression profiling

time points

genes

patients

s TR

genes

cell development cancer

genes (n)

Representation of gene expression

conditions (patients) (m)

E]

RETTTITI

heatmap

n x m matrix with n genes and m samples

— Representation as heatmap (e.g. red upregulated
genes, green down regulated genes, black no
change)

For experiments in reference design:
— log2-fold change (log2FC, log2(A/B), log2 ratio)
For patient samples and no reference:

— Mean (median) centered log2-levels for each gene
log2-intensities for one-color arrays
log2-RPKM for RNAseq

—z-score of log2-levels
7= (X-m)/s m...mean,
s...standard deviation
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Organize data

grayscale random order slices

Sherlock G, Kishan M, Narisamhan S

Clustering

— Unsupervized clustering
— Hierarchichal Clustering
— K-Means Clustering
— Principal Component Analysis (PCA)

— Supervized clustering (Classification)
— Support vector machines (SVM)
— Logistic regression
— Cross validation
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Clustering

* Agglomerative
Bottom up approach, whereby single expression
profiles are successively joined to form nodes.

* Divisive
Top down approach, each cluster is successively
split in the same fashion, until each cluster consists
of one single profile.

Similarity (distance) between expression profiles

» Pearson correlation

Euclidean

Manhattan

102



Bl ol

Hierarchical clustering

Agglomerative (bottom up), unsupervized
Cluster genes or samples (or both= biclustering)
Distances are encoded in dendogram (tree)

Cut tree to get clusters 6 cluster
Pearson correlation (usually used) 15 cluster
Computational intensive (correlation matrix)

Identify clusters (items) with closest distance

Join to new clusters

Compute distance between clusters (items) (see linkage)
Return to step 1

0.6

g1 g2 g3 g4 g5

Linkage

— Single-linkage clustering
Minimal distance

— Complete-linkage clustering
Maximal distance

— Average-linkage clustering
Calculated using average distance (UPGMA)
Average from distances not! expression values

==
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K-means

e partition n genes into k clusters, where k has to be
predetermined

* k-means clustering minimizes the variability within
and maximize between clusters

¢ Moderate memory and time consumption

1. Generate random points (“cluster centers”) in n
dimensions (results are depending on these seeds).

2.Compute distance of each data point to each of the
cluster centers.

3.Assign each data point to the closest cluster center.

4.Compute new cluster center position as average of
points assigned.

5.Loop to (2), stop when cluster centers do not move
very much.

Cluster 1 Cluster 6

MTHLET

Cluster 7

Cluster 4

T R T T
Cluster 10

How to choose k

Figure of Merit (FOM)

18-

14 1}

12 | % —o- - single-fink
=il k-maans (randorm init)
CAST

o =g random
|

6 |
4 | \'\
2 |

o}

Adjusted FOM
[+:]

u‘l\

| A g
[} 5 10 15 20 25 30 35 40 45 50
Number of clusters

choose k here (e.g. k=8)
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Principal Component Analysis (PCA)

Is it possible to represent each profile by overlay of few patterns?

PC1

PC2

PC3

Description

Gene Expression

Point in PC Space

PC1 + PC2

PC1 +PC3

-PC1 + PC2 +PC3

Principal component analysis (PCA)

PCA is a data reduction technique that allows to simplify multidimensional data sets
into smaller number of dimensions (r<n).

Variables are summarized by a linear combination to the principal components. The
origin of coordinate system is centered to the center of the data (mean centering) .
The coordinate system is then rotated to a maximum of the variance in the first axis.

Subsequent principal components are orthogonal to the 15t PC. With the first 2 PCs
usually 80-90% of the variance can already be explained.

This analysis can be done by a special matrix decomposition (singular value

decomposition SVD).
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Singular value decomposition (SVD)

X=USVTwith UUT=VV = W' =]

Singular Eigengene

P alue a
0 . L Value

== g - ﬁ
X U ) P

g

Eigenassay
A

mxn mxn n<n n<n

For mean centered data the Covariance matrix C can be calculated by XX". U are
eigenvectors of XX” and the eigenvalues are in the diagonal of S defined by the

characteristic equation |C—A/ | =0.

Transformation of the input vectors into the principal component space can be
described by Y = XU where the projection of sample i along the axis is defined by the

Jj-th PC: m
Vi = > XitUy
=1
Classification
ER+ e
Known o o e
groups @ % °
O ° e®,
New Gene 1
patient learn
? classify o~
)
Classifier ER+e % i
[ )
O] e %,
(score>cutoff) Gene 1
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Logistic regression

In (P/(1-P))=byt+b,*x,

— Binary outcome (y)

— With logit transformation analog to linear regression

Support vector machines (SVM)

untrained

Y 4

%
Q

® ® @ — @

A SVM tri

es to find an optimal hyperplane that separates all training

samples correctly and maximizes the margin (maximizes the distance

between i

t and the nearest data point of each class). If this is not

possible in the input space (for example in 2 dimensions) a hyperplane
can be found in the higher dimensional feature space (e.g. 3D-space)
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Receiver operator characteristics (ROC)

different cutoffs

Truel
ey better
ER+ ER- 10 [ e v
Classified ER+| TP | FP . ’ 4
(>cutoff) Er- | EN | TN % worse
x 0.5
o
+Cl Sensitivity = AUC
5 2N SN=TP/(TP+FN) ,
A 0.0 *
- Specificty 0.0 0.5 1.0
™ SN=TN/(TN+FP) FPR (1-SP)

Area under curve (AUC)
AUC=1.0 optimal
AUC=0.5 random

Holdback cross validation

To avoid overfitting data should be splitted into training and test set

classification data

| random splitting

2/3 1 1 1/3

training set test set

training H ROC

classification
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K-fold cross validation

classification data

| random splitting

1 lp/k 1 l p/k 1 l p/k
setl set 2 set k

|

—— training/test set formation
|

1 l (k- 1)p/k 1 l p/k

k sets except set i set i

ROC
training

cIa55|f|cat|on I

repeat k times

Biological meaning of the gene sets

_I1 — Guilt-by-association

— Regulation by the same transcription factor
— Gene ontology terms
— Over representation analysis

— Pathways
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Gene Ontology

Gene Ontology (GO)

The Gene Ontology project (http://geneontology.org) provides
a controlled vocabulary to describe gene and gene product
attributes in any organism.

The three organizing principles (categories) of GO are

mitochondrium

— cellular component

cell cycle
— biological process Q

isomerase activity

‘7;‘7/\ R A 1 O
FOO O

— molecular function
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What’ sin a GO term?

— Term
transcription initiation

- ID
G0:0006352

— Definition
Processes involved in starting transcription, where
transcription is the synthesis of RNA by RNA
polymerases using a DNA template.

Parent /child relation in directed acyclic graph (DAG)

2 relations:
more specific @ part_of
is_a
different levels <

henopoietic or lymphoid organ development
GO:0048534

[
A e
N4

inmune system development
GO:0002520

organ development
GO:0048513

:

b
—=

less specific
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Gene Ontology Browser (Amigo2)

http://amigo2.geneontology.org (http://geneontology.org/)

Term information Annotation
Accession GO:0006629 Total: 413; showing 11-20  Results count

Name lipid metabolic process
Ontolegy biological_process E|E| E|

synonyms lipid metabolism

Genel/prod Gene/product name Direct annotation LEEE] Taxon Evidi
H THEM4 Acyl-coenzyme A fatty acid metabolic  UniProt  Homo  IDA
Inferred tree view thicesterase THEM4  process sapiens
H GO:0008150 biological_process ABHD12  Monoacylglycerol lipase acyiglycerol UniProt Homo IDA
etabolic process ABHD12 catabolic process sapiens
APOAS Apolipoprotein A-V triglyceride BHF-UCL Homo IDA
metabolic process sapiens

< G0:0008629 lipid metabolic process
ellular lipid metabolic process

icellami abolic process
ter metabolic process

42 lipid catabolic process

09 liposaccharide metabolic process

egative regulation of lipid metabolic process
regulation of lipid metabolic process
lation of lipid metabolic process

Evidence code for GO annotations

ISS Inferred from Sequence Similarity
IEP Inferred from Expression Pattern
IMP  Inferred from Mutant Phenotype
IGI Inferred from Genetic Interaction
IPI Inferred from Physical Interaction

IDA  Inferred from Direct Assay

RCA Inferred from Reviewed Computational Analysis
TAS  Traceable Author Statement

NAS  Non-traceable Author Statement

IC Inferred by Curator

ND No biological Data available
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Case study: fat cell differentiation

730 genes

Microarray

analysis

Time series

Oh-ref

+6h-ref

+12h-ref

+14d-ref

: W/W S

{ Ty

AI /{:; e

A AT
:f A :? '

Hackl H, Burkard TR et al. Genome Biol. 2005

Biological
function of
genes in
clusters

o>

GO Analysis

GO terms for gene sets

cluster 5

cell CyCIe (17) Biological process

mitosis (14) —>
cytokineses (13)

nucleus (30) —

— 3T3-L1 cell line undergoes > 1 cell cycle before terminal adipocyte
differentiation around 1 day after induction (clonal expansion)

Are results just by chance?
> Over representation analysis
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Over representation analysis

all genes with GO term

gene universe
(whole microarray)

GO term

contingency table

|:> m-g | c-i

g i
genes in cluster genes in cluster
with GO term (gene list)
Over representation analysis
— Fisher exact test for contingency table mg;g Ci"
— Hypergeometric distribution
g=50 genes (GO)  ¢=30 genes i=20 genes (GO)
tf:u:-,e:f draw 30x [soJ [1000—50]
m=1000 1000 20xg U0 30-10
genes . balls o  10x@ {1230]
000
o0
0%e°

— Multiple hypothesis testing => adjust p-value

— Not only for GO Terms also for TFBS, pathways,..
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DAVID

— Database for Annotation, Visualization and Integrated Discovery
— https://david.ncifcrf.gov
— Functional annotation tool (over representation analysis)

1019 mouse DAVID Bioinformatics Resources 6.7
BASE National Institute of Allergy and Infectious Diseases (NIAID), NIH
gene symbols

Functional Annotation Chart

Dnajbl Help and Manual
Current Gene List:

Wntll Current Background: Mus musculus
962 DAVID IDs
Sorbs3 @ options
D230025D16Rik —
Sfxn3 |::> 363 chart records
Hspa5 Jsubist | ategory &
[ GOTERM_oP_ALL celllar process RT i 597 62,1 10E-18 27615
Golga3 [] GOTERM_8P_ALL cslllar metaboic orocess R s 407 42325813 34810
Hes '] GOTERM_SP_ALL reculstion of cellar metaboli process RT 27 236 11612 1069
[ GOTERM_8P_ALL reaulsion of metabolic process BT 236 265 17802 1169
Npcl [ GOTERM_SP_ALL reulstion of asne expression R 22 21,0 61612 3,369
Mta2 [ GOTERM 8P ALL reaulation of macromolecule biosynthetic process BT — 198 206 L1E-11 4969
Chn2 [7] GOTERM_SP_ALL reulstion of cellulr bissynthetc process BT 203 21,1 14611 S4ED
[ GOTERM_8P_ALL reauistion of biosyriheti procsss BT 203 21,1 20811 6689
Spg20 [] GOTERM_SP_ALL reaulstion of macromolecule metabolic orocess R 215 223 40611 1268
Zprl ] GOTERM_8P_ALL sslllar macromolecus metabolic orocess KT 324 337 61611 1688
['] GOTERM_SP_ALL reulstion of primary metsbolic process BT — 212 22,0 13810 3268
oo a 'GOTERM_BP_ALL requlation of transcription BT 183 19,0 2,6E-10 5,8E-8
['] GOTERM_SP_ALL posiive requlstion of ellular biosynthetc process R & 70 346107468
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