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Central dogma

‘DNA ‘ CCTGAGCCAACTATTGATGAA

transcription

\4

‘ mRNA ‘ CCUGAGCCAACUAUUC 2 /GAA
translation
) }

‘ Protein ‘ PEPTI E




Biological data is rapidly
accumulating

Transcription factors

DNA

RNA

Growth of GenBank
(1982 - 2008)

Proteins




Cost per Raw Megabase of DNA Sequence
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Cost per Genome
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Biological data is rapidly
accumulating

Transcription factors

Array / sequencing
technology

RNA
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Biological data is rapidly
accumulating

Transcription factors

Protein interactions
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Proteins * 38,000 identified interactions

* Hundreds of thousands of
predictions
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Sequencing DNA

First human genome draft in 2001

Due to accumulated errors, we could only reliably read at most
300-500 nucleotides.



Shotgun Sequencing

ATGTTCCGATTA

AALTOTTICATICAGTAAAAGGAGGAAATATAA

Cloned genomes

Multiple genomes are sheared
into variable sized segments

Resulting overlapping sequence
segments. (The higher the
coverage the better the quality
of the sequencing.

Overlapping sequence segments
combined to construct the j

GENOMeE CONSENIUS.
Wikipedia



Caveats

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

This 36-base OCCLURS ONGE
in the genome, bul assembly shows
ambiguous number of copées.
Comganant 1 . e = Q;!-I
Caomponent 2 ™ 130 4 ._FQ_... c il = léI‘—Kbl
e e e e A i S S 1\_\-\__'-'-_..". 4

Armbiguily: one gray edge agrees
with ganome, othar g has
fouwr substfutions in 45 5.

17 kb 336 kb

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.

I

Enar k=-mars

oo

(alih [F
I

Kellly et al., GB 2010



Transcriptome Shotgun Sequencing (RNA-Seq)

fragmen-
\ tation

mMRNA l RT
sequence library
RT\, . = =
fragmen- - L

tation

short sequence reads =

Seq uencing RNA molecule tra nSCFiptS. @Friedrich Miescher Laboratory

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 splicing, 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
B Genome
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SEECER
Error Correction + Consensus sequence
estimation for RNA-Seq data

@) Generate seed from a random read

o Pecl OCIuster analysis: find the best cluster
e Learn parameters of the contig
4Extend\ o m xten m
Remove X/ R R X/ R R SO
s XHS AN A
“the pool M] M] M]




Key idea: HMM model

Column |1 234567 8 91011121314151617 181920212223 24 2526 27 2829 30 31 3233 34 35 36 37 38 39 40 41 42 43 44 45 46 47
ConsensussGTCAGAA - 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 CAGAAA|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 TGGCATTAACCCTTCGATACCACCGGTTCAAX
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 17 40 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

234567 8 91011121314151617181920212223 24 2526 27 282930313233 34353637383940414243 44454647

ConsensusfG TCAGAA - GTGAGCGTGGCATTAACCCTTGATACCACCGGTTCAACC
Read 1 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 404040404040
Read 2 CAGAAGTGAGCGTGGCATTAACCCTTGATACC
3336404040 404040404040 404040404040404040 40 4040 40 4040404040404040
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 GTGAGCGTGGCATTAACCTTGATACCACCGG
404040404040 184040404040403340 304022 404040 40404040404040404040
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|IC|ICCCTTGATACCACCGGTTCAACC

22 4040 17 40 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

O - Insert state

[] - Match state
0.75 0.75 0.75 O - Delete state

0.25 0.25 0.25

0.1 0.2 0.1
A 0.1 A D.A A D.3
0.8|lco.219-T0c o1 |98 ) 0.2 0.0
b ’ . —» s EIND
BEGIN 3 0.2 3 0.1 G 0.1
T 0.5 T 0.2 T 0.4

0.2 0.2 u:n.2><‘
1.n:n 1.{) . 1.0



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

*
*
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k-mer overlap

Real biological differences should be supported by a set of reads with
similar mismatches to the consensus
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k-mer overlap
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Clustering positions with mismatches to
identify clusters of correlated positions.
Build a similarity matrix between these
positions.

Use Spectral clustering to find clusters of
correlated positions.

Filter reads have mismatches in these clusters.



Comparison to other methods
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Using the corrected reads, the assembler can
recover more transcripts

80% length reconstruction

600

Reconstructed transcripts to at least 80% length

0

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

==QOriginal =S=SEECER ="~Condetri ===S5EED =*Quake



Analysis of sea cucumber data

Both time
37%
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Data integration in biology



Key problem: Most high-throughput
data is static

Time-series measurements Static data sources

Sequencing

motif CHIP-chip

microarray PPI




DREM: Dynamic Regulatory Events Miner



a Time Series Expression Data

b Static TF-DNA Binding Data

[Expression
Level

—>

TFA

o

Expression
Level




Things are a bit more complicated: Real
data

\ (¥l — N\ e
| Predict GOTable | [ KeyTFsLabels || Selectby GO |{ ShowNodes | [ SaveModel |
4l | Interface Optioaﬁl | GeneTable | [ Selectby TFs | [Select by Gene Set| | Hide Time Series || Save Image | [




A Hidden Markov Model

Observed outputs
(expression levels)

L(H,0;0) = H{H p(O: (1) [H; (l))}{H p(H. () [ H, 1(l))}

=1 | t=1
Schliep 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)

Log Likelihood

n—1

(G MJ—ZIWZH(QH}(GQ(WH P(H: = g(t)|Him1 = a(t = 1). 1),
\_g;E/ \_qVQJ ProductoveraIIGau55|an

Sumover  Sumoverall  emission density values  Product over all transition probabilities on path
all genes paths Q on path




E. coli. response

Stem cells differentiation

RARa; RARY; Runx1; Hoxb4
Jun; Foxa2; Hoxb2; Hoxb5;

FNR 1
CRP 1
NARL -1
IHF -1
TDCA 1
TDCR 1
FNR1 DCUR 1
CRP 1 NARP 1
IHF 1
NARP 1
MODE 1
NARL -1
FHLA 1
H-NS -1
lam  lsm 15m 125m 5m
ARCA -1
PHOP 1 [ARCA -T]sgy,
FIS 1

Expression level (log2)

ARCA -1 ‘.—— O
IHF -1
DNAA -1

l_‘.

Mouse Immune response

PLoS Comp. Bio.
2008 anca ‘\

Pbx1; Gata4; RXRe/RARy (i) 63
RXR«/RARY (iv) 512
Hoxb4; Hoxa1 RXR«/RARY
Myc (ii) 235
¢ (v) 456
(iii) 357
(vi) 248
thyc; Foxa2; Jun; Egr1; Sox2 ]
2h 6h 24h 48h
ATRA treatment

Nature MSB 2011

Fly development Science 2010
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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.



