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Central dogma

‘ DNA ‘ CCTGAGCCAACTATTGATGAA
/L/ transcription
1 ‘ mRNA ‘ CCUGAGCCAACUAUUC. UGAA
translation
) }

‘ Protein ‘ PEPTI F




Biological data is rapidly
accumulating

Next generation se quencmg

Transcription factors
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Biological data is rapidly
accumulating

Transcription factors
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Biological data is rapidly
accumulating

Transcription factors

Protein interactions
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DNA

RNA /\é>/\/

Proteins * 38,000 identified interactions

* Hundreds of thousands of
predictions
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FDA Approves Gene-Based Breast Cancer
Test*

“MammaPrint is a DNA
microarray-based test that
measures the activity of 70
genes in a sample of a
woman's breast-cancer tumor
and then uses a specific
formula to determine whether
the patient is deemed low risk
or high risk for the spread of
the cancer to another site.”
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Sequencing DNA

First human genome draft in 2001

Due to accumulated errors, we could only reliably read at most
100-200 nucleotides.



DARPA Shredder Challenge

MA s e lididaaSy (T 8

CONGRATULATIONS to “All Your Shreds Are Belong
To U.S.”!

-

"All Your Shreds Are Belong To U.S." successfully reconstructed and solved all 5 Puzzles
earning $50,000!
View the announcement
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Shotgun Sequencing

ATGTTCCGATTAGCAAS AACTGTTTCATICAGTAAMAGGAGGAMTATAA | oot o e e

\. genome consensus. j

Wikipedia



Caveats

* Errors in reading
* Non-trivial assembly task: repeats in the genome

This 36-base repeat occurs once
in the genome, but assembly shows

ambiguous number of copies.
: Ambiguity: one gray edge agrees
. LA - Q e with genome, other gray edge has
four substitutions in 45 bases.
.
1 p QI 7k .
Componert2 e 50 ko noreo, | S 53 kb o .é._\}. 17 kb - 336 kb "
P RN S YN S WA Y N e \-'_/ :

MacCallum et al., GB 2009



Error Correctionin DNA sequencing

* The fragmentation happens at random locations of the molecules.
We expect all positions in the genome to have the same # number of

reads

K-mers = substrings of length K of the reads. Errors create error k-mers.

JI

Ermor k\mers .

Density

In

&0 80 80 100

Coverage Kellly et al., GB 2010



Transcriptome Shotgun Sequencing (RNA-Seq)

fragmen-
—_— \ tation

fragmen-

tation /

short sequencereads == ———=

@Friedrich Miescher Laboratory

Sequencing RNA transcripts.

Reminder:

 (MRNA) Transcripts are “expression products” of genes.

* Different genes having different expression levels so some
transcripts are more or less abundant than others.



Challenges

* Large datasets: 10-100 millions reads of 75-150 bps.
* Memory efficiency: Too time consuming to perform out-
memory processing of data.

DNA Sequencing + others : alternative slicing, RNA editing,
post-transcription modification.



Errors are non uniformly distributed

* Some transcripts are more prone to errors
* Errors are harder to correct in reads from lowly expressed transcripts

B Transcriptome
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SEECER
Error Correction + Consensus sequence
estimation for RNA-Seq data

@) Generate seed from a random read

o poel OCIuster analysis: find the best cluster
0 Learn parameters of the contig
¥Extend) o ¥Extend) xten m
(6 ) Q'Q'Q Q'Q'Q Q"Q’Q

Remove X/
reaaltiigsnf:g m C)i\

the pool [M]




Key idea: HMM model

Column |1 23 4567 8 91011121314151617 181920212223 24 2526 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45 46 47
ConsensusyGTCAGAA - GTGAGCGTGGCATTAACCCTTGATACCACCGGTTCAACC
Readl [GTCAGAA - GTGAGCGTGGCATTAACCCTTGATA
40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40
Read 2 CAGAA[A|lGTGAGCGTGGCATTAACCCTTGATACC
33 36 40 40 40 [34] 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40
Read 3 CAGAA -GTGAGCGTGGCATTAACCCTTGATACC
40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40
Read 4 GTGAGCGTGGCATTAACC|-[TTGATACCACCGG
40 40 40 40 40 40 18 40 40 40 40 40 40 33 40 30 40 22 [31) 40 40 40 40 40 40 40 40 40 40 40 40 40
Read 5 TGGCATTAACCCTTGATACCACCGGTTCAA
40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 37 40 40 40 40 40 40 40 19 40 40 40 40
Read 6 GGCATTA|C|CCCTTGATACCACCGGTTCAACC
22,40 40 1740 40 40 [33] 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 27 40 40 40 40 40 40 40

Salmela et al., Bioinformatics 2011

The way sequencers work:
* Read letter by letter sequentially
* Possible errors: Insertion , Deletion or Misread of a nucleotide



Column
Consensus

8

91011121314151617 181920212223 24 2526 27 28293031 323334353637 38 394041 4243 44 45 46 47

-GTGAGCGTGGCATTAACCCTTGATACCACCGGTTCAACC

Read 1

Read 2

Read 3

Read 4

Read 5

Read 6

1234567
GTCAGAA
GTC

AGAA

-GTGAGCGTGGCATTAACCCTTGATA
40404040404040 40 40404040404040 404040 4040404040 40 4040 40 404040404040

CAGAAGTGAGCGTGGCATTAACCC TTGATACC
33 36 40 40 40 [34] 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 4040 40 4040404040404040

CAGAA - GTGAGCGTGGCATTAACCCTTGATACC
40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40 40

GTGAGCGTGGCATTAACC
404040404040184040404040403340 30 4022

GGCATTA|C
224040 1740404033
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v
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0.1 0.2
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0.8|c0.219-71c 0.1 0.6

> ’ I e
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T 0.5 T 0.2

0.2 0.2 0.2

'|II"1.0

0.25

TTGATACCACCGG

404040 40404040404040404040

TGGCATTAACCCTTGATACCACCGGTTCAA
4040404040404040 40 4040 40 40 40 40 40 40 37 40 40 40 40 40 40 40 19 40 40 40 40

CCCTTGATACCACCGGTTCAACC
4040 40 404040404040404040404040 27 40 40 40 40 40 40 40

h 4

END

.1>o<‘. 1.0

<> - Insert state
[] - Match state
(O - Delete state



Building (Learning) the HMMs
and Making Corrections (Inference)

Learning = Expectation-Maximization
Inference = Viterbi algorithm

Seeding:
Guessing possible reads using k-mer overlaps.
Constructing the HMM from these reads.

Speed up:
The k-mer overlaps yield approximate multiple alignments of reads.
We can learn HMM parameters from this directly.



Clustering to improve seeding

K

KR ERPR

X1 K] [PEPR
5

X

KRR AP

cmerover | T A|Alc|Ac|A[T|G|G|A[A

Real biological differences should be supported by a set of reads with
similar mismatches to the consensus
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| [k [k
FANEJRESES

X
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—
kmeroverap [ + TA A lc|Alc|A|T]GG|A|A

1. Clustering positions with mismatches to
identify clusters of correlated positions.

2. Build a similarity matrix between these
positions.

3. Use Spectral clustering to find clusters of
correlated positions.

4. Filter reads have mismatches in these clusters.



Comparison to other methods

40000000

35000000

30000000

25000000

20000000

15000000 -

10000000 -

5000000

Error distribution of mapped reads

Original

SEECER

Quake

Condetri

“3errors
~ 2 errors
“1error

“0errors



Using the corrected reads, the assembler can
recover MoOre transcripts

80% length reconstruction

600

500

400

300 N

200

Reconstructed transcripts to at least 80% length

100 ———

0
5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100
Transcript expression quantiles

==Original =@~SEECER -"~Condetri ===SEED =*Quake



Things that work

* Approximate learning to speed up on large datasets.

* In real world, one technique is not enough. A solution involves using

many techniques.

* Precision and Recall are trade-offs.



Central dogma

Different regulators control the information flow from DNA to protein

Transcription factors (TFs) bind to DNA and
activate genes

‘ DNA ‘ CCTGAGCCAACTATTGATGAA

’rransirip’rion

v

‘mRNA ‘ CCUGAGCCAACUAUUC. GAA

Micro RNAs (miRs) bind to mRNA to down
I regulate their expression
translation
} }
‘ Protein ‘ PEPTI E

28



Integrating expression and protein-
DNA interaction data

O module

Il transcription factor
-» activator
-» fn. not determined

Lee et al Science 2002

Bar-Joseph et al Nature Biotechnology
2003




Methods for reconstructing. .
networks in cells

R, m
Tir2

Plasma
membrane

Nuclear
envelope
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Anti-viral program
(CXCL10, IFNB1, IL15)

Inflammatory program
(IL12B, CXCL2, CXCL1, IL1B, CCL3)

Amit et al
Science 2009
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Key problem: Most high-throughput
data is static

Time-series measurements

Static data sources

Sequencing

¥ 1 " I,x) 1 A J |,|| " 0l " 1), J
iha o Wy Iy W i

motif CHIP-chip

microarray PPI




DREM: Dynamic Regulatory Events Miner



a Time Series Expression Data_ b Static TF-DNA Binding Data

EXpression
L evel

—>

TFA

AN

TF D




a Time Series Expression Dat:

b Static TF-DNA Binding Data
.Expression .

Level TFA

| |

I3n
—>
TF D
C d IOHMM Model

Expression
Level




Things are a bit more complicated: Real
data

| Predict GO Table
o Interface Options | | GeneTable

Key TFsLabels || Selecthy GO | Show Nodes | [_saveModel |
Select by TFs | |Select by Gene Set| | Hide Time Series || SaveImage |




A Hidden Markov Model

Observed outputs
t=0 g

(expression levels)
L(H,050) - ﬂ[ﬂp«) (i) | H,()) ﬂp<H (i) H,.,(0)

=] t=1

Schllep et al Bioinformatics 2003



Input — Output Hidden
Markov Model

Input (Static TF-gene interactions)

Hidden States (transitions
between states form a tree
structure)

Emissions (Distribution of
expression values)

t=1 t=2 t=3

Log Likelihood But how do we express these conditional probabilities?

n—1

r(G|M) = Z log Z H (q(f}(ﬂg(t)} H P(Hy = q(t)|Hi—1 = q(t — 1):1@
\_giﬁ/ \_QYQ/ ProductoveraIIG ussian —

Sumover  Sumoverall  emission density values  Product over all transition probabilities on path
allgenes  pathsQ on path




Input-Output Hidden Markov Model

learning the transition probabilities

How do compute P for a state with 2 children?

We can write it as a logistic regression
classification problem!

P(H,=q(2)|H, =q(1),1,)="

P(H;=q(2)|H, =q(1),1,)="




Input-Output Hidden Markov Model

learning the transition probabilities

How do compute P for a state with 2 children?

We can write it as a logistic regression
classification problem!

P(H) = q(2) | H, = g(1).1,) = 1

1 +exp(w, + E 1,.w,)

Sum over all
regulators

Optimize w;’s with a logistic regression classifier

W = argmax [ [(W)+1n p(W)]
1% \ )\ )

likelihood with L,-penalty to
parameters W promote sparsity




E. coli. response Stem cells differentiation

RARa; RARY; Runx1; Hoxb4:

e Jun; Foxa2; Hoxb2; Hoxb5; D 63
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. ATRA treatment
l;ég.; Comp. Bio. —~~ \ Nature MSB 2011

Fly development Science 2010

Mouse Immune response
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mirDREM

1. Regulatory interactions 2. Expression data \ 3. Dynamic network
Transcriptional regulation
A G [ 5 ;
5 G [ :
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c o c
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D _JdF> I_' _ 4] 5

| | | | Time

1— miRNA 1 -
ﬁ | ' | T Time
0— miRNA 2

Gene expression

Post-transcriptional regulation
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miRNA expression
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Input — Output Hidden

Markov Model ‘

Input (Static TF-gene interactions)

(Dynamic miR-gene interactions)

Hidden States (transitions
between states form a tree
structure)

Emissions (Distribution of
expression values)

t=1 t=2 t=3
Log Likelihood But how do we express these conditional probabilities?

n—1

n—1
M) =3 log 3 [T fyor(ea(t)) Hk = q(t)|Hp—1 = q(t — 1),IQ,M9

g ) \gsQ)t=1
Product over altGaussan
Sumover Sumoverall  emjssion density values  Product over all transition probabilities on path

allgenes  pathsQ on path

r(G




Input-Output Hidden Markov Model

learning the transition probabilities

How do compute P for a state with 2 children?
We can write it as a logistic regression
classification problem!

1
1+exp(w, + El&rwr + EM;,er)

r

Y

Sum over all  Sum over all
TFs miRs

P(H,=q(2)IH, =4(1).1,)=

Optimize w,’s with a constrained logistic regression classifier

W = argmax [ [(W)+1n p(W)]
1% \ )\ )

likelihood with L,-penalty to
parameters W promote sparsity

st. w, =0,i € miRNAs




Application to mouse data to
understand human lung disease
|diopathic pulmonary fibrosis (IPF)

-100,000 people are affected (USA)
-about 30,000 new cases each year Eiensive lung fibracis
-50% death rate after 3 years isource:widpecta)

-pathways for lung development appear activated
in reverse direction during the disease



Joint dynamic network for lung development

miR-341 OA
miR-188-3p IRF1-5,7-9 CEBPA.B NR3C1
P LMoz JUN,B.D NKX6.2 miR-154
FOXCH GFI1,B HMGA2
HNF4A TBX5 SR
YY1 SPAT13 USke
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NR1I2,3  RUNX1,2 EFNA32
GATA1-3,6 SMAD C
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CXADR iC
PRKAR1A SOX5
2 DX1 miR-551b B
= TRIM13 TFDP1 miR-337-3p| c
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NKX3.1 E
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= miR-34b-3p AHR
© miR-467a* EGR2,3
miR-338-5p
c miR-467e*
o iR 8785
— miR-878-3p
% 0 STAT6 miR-155
o Time
S faYa) -
o lweek 6
x miR-345-5p FOSL1,2
() miR-29b miR-127 FOS,B
iR- MiR-159a-3p JUNB,D
miR-29¢ F P
(0] miR-29a ELy4
C
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22 out 56 miRNAs predicted by the method are differentially expressed
in patient cohorts with the IPF lung disease

different to development miR-30d is down regulated in IPF patients



