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Gene expression regulation

Transcription is regulated mainly by transcription
factors (TFs) - proteins that bind to DNA
subsequences, called binding sites (BSs).

TFBSs are located mainly in the gene’s promoter -
the DNA sequence upstream the gene’s
transcription start site.
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Binding preferences




TFBS models

The BSs of a particular TF share a common pattern, or
motif, which is often modeled using:

Consensus string d=1
ATCGGAATTCTGCAG

GGAATT GGCAATTCGGGAATG
AGGTATTCTCAGATTA

with up to d mismatches

Degenerate string ATCGGAATTCTGCAG

GGWATB (W={A,T}, B={C,G,T}) bpe el bl



TFBS models

PWM = Position weight matrix

1 2|34 5|6

A 0.1 | 0.8 0] 0.7 | 0.2 0
C 0.1/ 0b 0104 | 0.6
G 0 050104 01
T 0.9 | 0.1 0] 0.1 0 0.3
ATGATTAATTGC
K-mer model CrAATTAATOAT
ATGATTAATCAT
GTCATTAATCAT

; ATGATTAATGAC
other variants: LATGATTAATGA
ATGATTAATGGC
DNA shape features ALTGATTAATGG
ALATGATTLATTG

di-nucleotides

oo oo oooog e

» Cutoff = 0.009

AGCTACACCCATTTAT 0.06
AGTAGAGCCTTCGTG 0.06
CGATTCTACAATATGA 0.01

2 7

& &M == Wo B



Motif profile

- Given the binding sites, the motif profile is easily
constructed.

e Tk e Line up the patterns by
Alignment acgtTAgHt their start indexes
acgtCcAt
ccgtacgaegaG
S =1(S4;185,0-25-5)
A 30103110 - -
Lm0 S e kg Construct matrix profile
G 01400031 with fre_que_nmes of each
T 00051014 hucleotide in columns

consensus ACGTACGT



Motif discovery
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Motif discovery: Goals and challenges

Goal: Given a set of co-regulated genes, find
a recurrent motif in their promoter regions.

Challenges:

o BSs are short and degenerate (non-specific)

o Promoters are long + complex (hard to model)
o Search space is huge (motif and sequence)

o Data is noisy



An example: Implanting Motif
AAAAAAAGGGGGGG

atgaccgggatactgatAAAAAAAAGGGGGGGbgcgtacacattagataaacgtatgaagtacgttagactcggcgccgccg

acccctattttttgagcagatttagtgacctggaaaaaaaatttgagtacaaaacttttccgaatapAAAAAAAGGGGGGGA

tgagtatccctgggatgacttpAAAAAAAGGGGGGEtgCctctcccgatttttgaatatgtaggatcattcgeccagggtccga

gctgagaattggatghAAAAAAAGGGGGGGECcacgcaatcgcgaaccaacgcggacccaaaggcaagaccgataaaggaga

tcccttttgcggtaatgtgccgggaggctggttacgtagggaagccctaacggacttaatpPAAAAAAAGGGGGGGCttatag

gtcaatcatgttcttgtgaatggatttpAAAAAAAGGGGGGGgaccgcttggcgcacccaaattcagtgtgggcgagcgcaa

cggttttggcccttgttagaggcccccgtipPAAAAAAAGGGGGGEcaattatgagagagctaatctatcgegtgecgtgttcat

aacttgagttpAAAAAAAGGGGGGGIctggggcacatacaagaggagtcttccttatcagttaatgctgtatgacactatgta

ttggcccattggctaaaagcccaacttgacaaatggaagatagaatccttgcatpAAAAAAAGGGGGGGAccgaaagggaag

ctggtgagcaacgacagattcttacgtgcattagctcgcttccggggatctaatagcacgaagctthAAAAAAAGGGGGGGA
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Where is the Implanted Motif? (*)

atgaccgggatactgataaaaaaaagggggggggcgtacacattagataaacgtatgaagtacgttagactcggcgccgecg
acccctattttttgagcagatttagtgacctggaaaaaaaatttgagtacaaaacttttccgaataaaaaaaaaggggggga
tgagtatccctgggatgacttaaaaaaaagggggggtgctctcccgatttttgaatatgtaggatcattcgccagggtccga
gctgagaattggatgaaaaaaaagggggggtccacgcaatcgcgaaccaacgcggacccaaaggcaagaccgataaaggaga
tcccttttgcggtaatgtgccgggaggctggttacgtagggaagccctaacggacttaataaaaaaaagggggggcttatag
gtcaatcatgttcttgtgaatggatttaaaaaaaaggggggggaccgcttggcgcacccaaattcagtgtgggcgagcgcaa
cggttttggcccttgttagaggcccccgtaaaaaaaagggggggcaattatgagagagctaatctatcgcgtgcgtgttcat
aacttgagttaaaaaaaagggggggctggggcacatacaagaggagtcttccttatcagttaatgctgtatgacactatgta
ttggcccattggctaaaagcccaacttgacaaatggaagatagaatccttgcataaaaaaaagggggggaccgaaagggaag

ctggtgagcaacgacagattcttacgtgcattagctcgcttccggggatctaatagcacgaagcttaaaaaaaaggggggga
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Implanting Motif AAAAAAGGGGGGG
with Four Mutations

atgaccgggatactgatAgAAgAAAGGttGGGbgcgtacacattagataaacgtatgaagtacgttagactcggcgccgccg

acccctattttttgagcagatttagtgacctggaaaaaaaatttgagtacaaaacttttccgaatacAATAAAACGGCGGGA

tgagtatccctgggatgacttpAAATAALGGaGEGGEtgctctcccgatttttgaatatgtaggatcattcgccagggtccga

gctgagaattggatgcAAAAAAAGGGattGtccacgcaatcgcgaaccaacgcggacccaaaggcaagaccgataaaggaga

tcccttttgcggtaatgtgccgggaggctggttacgtagggaagccctaacggacttaatAtAAtAAAGGaaGGGettatag

gtcaatcatgttcttgtgaatggatttpACAALAAGGGCEGGgaccgcttggcgcacccaaattcagtgtgggcgagegcaa

cggttttggcccttgttagaggcccccgtipftAAACAAGGaGGGdcaattatgagagagctaatctatcgegtgegtgttceat

aacttgagttpAAAAALAGGGaGCcictggggcacatacaagaggagtctteccttatcagttaatgectgtatgacactatgta

ttggcccattggctaaaagcccaacttgacaaatggaagatagaatccttgcatpctAAAAAGGaGCGGaccgaaagggaag

ctggtgagcaacgacagattcttacgtgcattagctcgcttccggggatctaatagcacgaagcttpctAAAAAGGAGCGGA
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Where is the Motif???

atgaccgggatactgatagaagaaaggttgggggcgtacacattagataaacgtatgaagtacgttagactcggcgccgecg
acccctattttttgagcagatttagtgacctggaaaaaaaatttgagtacaaaacttttccgaatacaataaaacggcggga
tgagtatccctgggatgacttaaaataatggagtggtgctctcccgatttttgaatatgtaggatcattcgccagggtccga
gctgagaattggatgcaaaaaaagggattgtccacgcaatcgcgaaccaacgcggacccaaaggcaagaccgataaaggaga
tcccttttgcggtaatgtgccgggaggctggttacgtagggaagccctaacggacttaatataataaaggaagggcttatag
gtcaatcatgttcttgtgaatggatttaacaataagggctgggaccgcttggcgcacccaaattcagtgtgggcgagcgcaa
cggttttggcccttgttagaggcccccgtataaacaaggagggccaattatgagagagctaatctatcgcgtgcgtgttcat
aacttgagttaaaaaatagggagccctggggcacatacaagaggagtcttccttatcagttaatgctgtatgacactatgta
ttggcccattggctaaaagcccaacttgacaaatggaagatagaatccttgcatactaaaaaggagcggaccgaaagggaag

ctggtgagcaacgacagattcttacgtgcattagctcgcttccggggatctaatagcacgaagcttactaaaaaggagcgga
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MEME

Multiple EM for Motif Elicitation
[Bailey, Elkan ISMB ’94]

Goal: Given a set of sequences, find a motif
(PWM) that maximizes the expected likelihood
of the data

Technique: EM (Expectation Maximization)
(based on [Lawrence, Reilly '90])

14



EM reminder: the goal

nput: incomplete data originating from a

orobability distribution with some unknown
parameters

Want to find the parameter values that
maximize the likelihood

EM - approach that helps when maximum
likelihood solution cannot be directly computed.

Seeks a local maximum by iteratively solving
two easier subproblems

15



EM-reminder: the setting

Input: data X coming from a probabilistic model
with hidden information y

Goal: Learn the model’s parameters 6 so that the
likelihood is maximized.



EM-reminder: the algorithm

Main component:
Q(016') =D P(y|x,6")-logP(x,y|6)
y

log P(x,y|0O) is called the complete log likelihood function
=> Q is the expectation of the complete log likelihood over the
distribution of y given the current parameters 6t

The algorithm:
repeat
« E-step: Calculate the Q function
« M-step: Maximize Q(0]6%) with respect to 6
* Stopping criterion: improvement in log likelihood < €

Note: local optimum guaranteed to be reached, not global.
Starting point matters! Try many..



MEME: The Mixture Model

Data: X = (X,,...,X) :
all (overlapping) I-mers in the input sequences

Assume X;’s were generated by a two-component
mixture model -6 =(6,, 6, ):

Model #1.: 6, = motif model:

f,, = prob. of base b at pos i in motif, 1 <i</
Model #2: 6., = background (BG) model:

fo, = prob. of base b

Mixing parameter: A =(A;,A,)
A;= prob. that model #j is used (A;+A,=1)
Assume independence between I-mers

18



Log Likelihood

Missing data: Z = (Z,,...,Z,) :
Z;= (24, Z,p); Z;= 1if X; from model #j ; O o/w
Complete Likelihood of model given data:
LOA|XZ)=p(X,Z]|6,A)
=Mie1.n P (X Zi | 6,A)
PX,Zi 16, N)=pX;|1Z,6,N)p(Z;|6,A)=
= A, p(X;10,) if Z,=1; A, p(X;10,) if Z,=1
2 logL=2%_; , 2;-12Z;:108 (A; p(X;|6))

19



MEME: Algorithm

Goal: Maximize E[log L]

Outline of EM algorithm:
Choose starting 69, A9

Repeat until convergence of 6:
o E-step: Re-estimate Z from 65 AL, X
o M-step: Re-estimate 611, At*1 from X, Z

Repeat all of the above for various 6, A ...

20



E-step

Compute expectation of log L over Z:
E flogL]=2;_; ,2i-1,Z ;108 (A p(X;16))

where:

Z’;=p(Z;=1| 8,A'X) =

= p(ZU=17 Xi
= p(Z;=1, X;

6L1Y) / p(X;| 64,AY) =
L)/ 2 =1,2 p(Z,-k=1, Xi| OLAY) =

N Atj p(X; | etj)/Z =1,2Atk p(X;|6%)

21



M-step

Find 6,A that maximize E[log L]=Q(6,A] 8t ,A):
Eflog L] = 2;-; n2j=1,2Z ;108 (A; P(X;|6)

Finding A:
Suffices to maximize L;=2,_; 2,1 ,Z ;108 A,

AHA=1—> L,=3_, (Z’;log )\, +Z’,log (1-),))
aLy/dA; =201 0 (Z52/ A= Z7/ (1AY))

22



MEME: Algorithm

M-step (cont.):

dLy/dr; =23 (251 / A =27/ (AA)) =0
> A2y 7 L= (1A) 2y L7y
= A (2524 0 (L3 L5)) =24 n L7y

= A =(211.0Z°1)/ N

A2 = 1- Al = ( Zi=1...n Z ’,-2 )/ n Expected #times that letter k
is produced at column j

" n V
Finding 6: 6, =C ./ ZeacenCi

Cjk =21.1.nZ 11 l(K, Xij)

23



Multiple passes

To find multiple motifs: After finding one, erase

(mask) its positions from all sequences and
rerun the alg.

By doing several passes, a drop in the log

likelihood score may indicate which are true
motifs

24



MEME Suite Menu

Eg:ggiﬁgz?:mn Use this form to subrmit DMA of profein sequences
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Re-enter e-mail address: sequences?

|  One per sequence
¥ Zero or one per sequence
s Any number of repetitions

Flease enterthe sequences which you believe share aone ar

mare
motifs. The sequences may contain no more than 60000
i o 5 Y MEME will find the optirmurm width of each
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53 Minimum width (== 2}
Enter the name of afile containing the sequences here; i} Maximum width (== 300}

Browse.. |Clear
Maxirmurm number of motifs to find
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the actual sequences here (Sample Protein Input Sequences);

Optional

Description of your sequences;

| Enter the narme of a file containing a
background Markov model:

MEME wyill find the aptimum number of sites for each motif
within the limits you specify here:

Minimum sites (== 2} DNA-ONLY OPTIONS
Maximum sites (== 300) (lgnored far protein searches)

Browse.. |Clear

™ search given strand onky

™ shuffle sequence letters
r Look for palindromes only

Start search Clear Input |
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The MEME Suite

Motif-based sequence analysis tools

Mouse-over for information on|
Sequence each software tool or resource |
databases Click to submit a job to the tool

or o view database detals. |
Motif Scanning Annotated sequences
FIMO ———am
MAST .
MCAST s
GLAM2SCAN —

=

Local Motif Enrichment Analysis "Q\memw

mmanz &m VMCAST....

< GOMo 1GLAM2Scan
.
.wtuwa s Gane Ontology for Matifs . with Gapped Motfs

{jTomtom  GT-Scan

Mot Comparison Tool dentifying Urigue Genomac Targets

©_MEME _ ucwm
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Protein binding microarrays
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The data

* Around 41,000 probes, each 36bp-long.
* Plus, corresponding binding intensities.

936656.
908113
8597768.
8892610.
788786.
758147.
T48029.
740301.

772613291

. 295168776

671357285
449301355
81899799

585093369
092176931
5611887485

979.99239669736
973.6109540773221
964.88923536786
577.174517674586
552.401117184654

-218.900301178986
-288.772718876298
-2830.13880248726

AAATTTGATACAACTGCGTCTTGAGCTCTAATTCAC
ITTTTTGATTTAGCCGGGTCAATCCTCCAATATCCTA
TTTTTGATAAGAATAATTACATAAGAGTGARAACAT
ATATATATATTGGTAAAGAGCAATTAATCTTCGCTG
GETTTGATACACTCAGTTGTTATAAGAGCGTAGGCA
GAAGCTTAATTAAATCCTGCACTACGCCTGTTTTCA
TAGTTTGATTCGACTGCAATTTGTTTCCCCTGCCTT
GTTTTGATAGGGGTATGCAGAGTCTCTTTCTCCGTT

GAAGGAGCAGCCCCTGAGGGCGGCTCGCATAACTGG
TCTCTAGGAGTCAGGGCTGTCCTCGCATACCGTGCC
GAGCGTCAGCGCGCGGTCACTTCATGTATGGTCGCC
AGGGATTCTTGGCTGCGGCCTGTATCGCTGTTGGAA
GGCGTGGCTTGTTACCTCATGCAGAAGACCGGTAAG
CETGTACTTCAAACGCGGAGTTGGCATATGCGGTCC
GGAGGTCAACCACGGTCAGTCCATGTGAAGTCCATA
ACCGGTCGCAGTTGGCCTTCCGCTGATAAGCATTGC

(UniPROBE database, Robasky and Bulyk, NAR 11)



Computational challenge

aaaccatcggqtggcaga
gagctcaaggacgtttct
cttgatatgcgaattagt
gtcccgectacactgtaa

E

— —
—

Synthesize on an array

experiment

%
|

|
il
|
i

B R

A
/ »

(Berger et al., NBT 2006)

AGCTCGAGTAG 208
GTTGATGCATT 134
GCTAGCCAGGA 10
CGGCTAGCGCC 45
GCATCGCTGCG 65
CGATCGCTCGA 544
AGCTCGAGGCG 414
GTTGATGCAGC 13
GCTAGCCAGGC 51
CGGCTAGCGAG 62
GCATCGCTGTT 102
CGATCGCTCGA 54

Compu’ra’rlonal{ -
analysis g

5

0

09

O 1 0.9 0.5 0.1

0 0.1 0.4 0

OO |>

0.1 0 0.1 0.9

30



RAWM RAP algorithm

Input: a list of sequences and scores.

Qutput: a binding model.

AGCTCGAGTAG 10 Ranked 4-mer list

GTTGATGCATT 5
GCTAGCCAGGA 20

CGGCTAGCGCC 25 TCGA 42.5

GCATCGCTGCG 35 GCTC 42.5

CGATCGCTCGA 50 CCAG 32.5
K-mer

AGCTCGAGGCG 70 e AGCT 40

GTTGATGCAGC 30 analysis

GCTAGCCAGGC 45
CGGCTAGCGAG 60
GCATCGCTGTT 100
CGATCGCTCGA 40

(Orenstein, Mick and Shamir, JCB 2013)
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BEEML-PBM

(Binding Energy Estimation by Maximum Likelihood for PBMs)

Follows a biomechanical model of TF binding to
sequence S;:

kﬁlﬂ
TF + 5, <>TF>S,

off

K,n @nd K 4 = on- and off-rates.

o Ko [SIITF]
K, [TF-S,]

(Zhao and Stormo, NBT 2011)



BEEML-PBM model

Probability of binding in equilibrium is:
P(s)=—iod
[S,]+[TFS,]

E, = free energy difference between S, and S

Ka(S,)
- IF]

ref"

1=



BEEML-PBM model

Energy contribution by PWM model &:
[
E, = (S, (k). k)
k=1
| = motif length.

Si(k) = letter k of S,
e(b, k) = energy contribution of b in position K.



BEEML-PBM model

Binding probability to double-stranded S; :

F(S,)= P(5))

(1_P(Sf))P(S;")

S, = reverse complement of S..

Binding probability to sequence T:

BT = )

I....; = subseq of T of length [ starting at .

|

IT|-1+1

F(Tii41-1)

1=1



BEEML-PBM model parameters

Kq(Sref)
[TF]

e = PWM, u =

Objective function:

Oe, 1) = Z(Y a—cB(T)) +/1ii£(b,k)2

b=

Y; =observed binding intensity.
I. = sequence of probe i.
Minimization by Levenberg-Marquardt algorithm.



Results

Predicting in vitro and in vivo binding
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The next step:

High-throughput SELEX

% Sequencing

P — N N

Elution

(Jolma et al., Genome Research 10

cycles 0-3

L

0]

Ta

ZT

Zd

Td

eyi

bR

L

L

0]
0]

Ta
Ta

ZT
ZT

Zd
Zd

Td
Td

eyi
eyi

bR
bR

AATTAACCTACTAATTGEAT

GCAGATARTCTAATTACCCC

TAATTGAGGTAACGCTTTCC

CTCAGTCCTCGTCTCGATGS

CCTTTGCGALATTAAGTTAL

TCATAATCTAATTACGCTCG

GARCTTCCTCAATCTALTTAG

BAATTGARTTATARGGCTCG

T |CGGTGCATTAAGCALTTATC

)39



What happens through the cycles...

Cycle 0

Cycle 1

Cycle 2

Cycle 3

a0y

TCAGTGTCAGTGACGTG
CGTGACGTGRAAGTCGTA
TGCAACGTTGTTTGAGG
GCGATTARCTCTGTGARA
AAGGTGACCGTACGAGTC
GTCCATTCACTGGTGAGT
GTGCAGCGTGRACGTTGG
GTGATTTGGARACACZCCAG
CCCCACCCACCGGCCTGC
ACAGTCAGCCCTAGCACG
CRACATACGCTGACTCGTA
TTTGRACTCTGCTACGCAT
CGATCGATCAGGCTAGCT

ar @

TTCACTCTCGAGGCTAGC

GTCAGTGETCAGTGACGTG

GUGATTRACTCTGTGRARR
GTGCAACGTTGTTTGAGG
GCGATTARACTCTGTGARA
AAGGTGACCGTACGAGTC
GTCCATTCACTGGTGAGT
GTGCAGCGTGRACGTTGG
GTGATTTGGAACACCCAG
CCCCACCCACCGGCCTGC
TTTGACTCTGCTACGCAT
CRACATACGCTGACTCGTA
TTTGRACTCTGCTACGCAT
CEATCGATCAGGCTAGCT

TTCACTCTCGAGGCTAGC

GTCAGTGTCAGTGACGTG
GCGATTAACTCTGTGARR
GTGCAACGTTGTTTGAGE
GCGATTAACTCTGTGARR
ARAGGTGACCGTACGAGTC
GTCCATTCACTGGTGAGT
TTCACTCTCGAGGCTAGC
GTGATTTGGRAACACCCAG
CCCCACCCACCGGCCTGC
T” __MT_TFCTRFFCAT

T” __MT_TFCTRFFCAT
CGATCGATCAGGCTAGCT

TTCACTCTCGAGGCTAGC

TTCACTCTCGAGGCTAGC
GCGATTRARCTCTGETGARA
GTGCAACGTTGTTTGAGG
GCGATTRARCTCTGTGARA
AAGETGACCGTACGAGTC
GTCCATTCACTGGTGAGT
TTCRACTCTCGAGGCTAGC
GTGATTTGGRAACACCCAG
TTCRACTCTCGAGGCTAGC
TTTGACTCTGCTACGCAT
GCGATTRARCTCTGETGARA
TTTGACTCTGCTACGCAT
GCGATTARCTCTGTGAAA

TTCACTCTCGAGGCTAGC




Comparison of HT-SELEX to PBM

(Orenstein and Shamir 2014)

Predicting in vivo binding
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SELEX-seq

(Riley et al. 2014)

Find k by KL-divergence score:

P, () ]

Py (w:‘)

Dcgir (K)= Z {Pz (w:‘)log

"*'551{}{1(}{)

1- Z;‘Esmﬂ }Pz (w:')
-|'|:1— Z P2 (w;):|10g{1_2 (KP (w.]

1€8500(K) €899 (K )™ MM

S100(K): count 2 100

Information gain (in bits)

o
6 7 8 9 10 1 12 13 14 15
Oligonucleotide length (bp)



SELEX-seq

Scoring k-mers:

score;(w) = \/freq;(w)/freqo(w)

Estimated frequency of cycle
O by b-th order Markov model.




Open challenges

HT-SELEX

o Choice of cycle.
o Utilization of several cycles together.
o Technological biases.

In vivo binding prediction:
o Improve prediction using in vitro models.



Summary

PWM model for protein-DNA binding.
MEME: find motifs in genomic sequences.
RAP, BEEML-PBM: infer motifs from PBM data.

New computational challenges with HT-SELEX.






Bi-directed de Bruijn graphs
for assembly and design

S, o |, et e 1

ATG\ TG/CA CC/GT/ACC
CAT

(Kundeti et al., BMC Bioinformatics 2010)
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De Bruijn sequence of order k

A cyclic sequence s.t. every possible k-mer
appears in it exactly once.

The most compact sequence to cover all k-
mers.

Length: |2 |%

DNA alphabet = {A, C, G, T}

dB sequence of order k=2:
ACGTAGAATTGGCCTC

48



De Bruijn graph of order k

Vertex = k-mer (Xq,....x,)  |V]=]2]¥

Directed edge for overlap of (k-1):

(X1 XoyeeesXp) 2 (KopewnsXir Xy 1) IE|=|2 |k

\YAY, d+(V)=d'(V)= | 2 | AA

outdegree indegree

The graph is strongly connected
and each vertex is balanced

=>» Euler tour in a de Bruijn graph to




Assembly by de Bruijn graph

Construct de Bruijn graph according to k-mer
reads.

[Edge weights by read scores.]
Find an Euler tour in the graph.

Is it always possible?
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Chinese Postman Problem

Find the shortest path that traverses each edge
at least once.

Solved by minimum-cost flow:

={v | d(v) >d(v)}, V' ={..}
0 c(s,v) =d(v) - d¥(v), c(v,t) = d*(v) - d(v), c(u,v) = o0
o a(u,v) =w(u,v), a(s,v) =a(v,t) =0

Add f(u,v) copies of edge (u,v).
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Running time of CPP

Successive shortest path:

o Continue till no augmenting path exists:

Send flow through the cheapest path.
Update residual network (negative costs).

0 #iterations < maxF =% X, | d*(v)-d(v)]

o Finding cheapest augmenting path:
Bellman-Ford: O(|V| |E])
Dijkstra (Johnson’s): O(|V|log|V])
Integral and bounded costs: O(|V|+]|E|)
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Room for improvement

Reverse Complementary of double-stranded DNA:

AT C& QG
e

tctttecatagttggaacaagattt
agaaagtatcaaccttgttctaaa

e

In @ double stranded sequence, when a k-mer is
present, so is its RC.

Goal: find the shortest sequence
to cover all the k-mers.
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Outline

Bi-directed de Bruijn graphs.

Solution to assembly: LP and bipartite.

Solution to design: RCdB.

Summary and open problems.
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Bi-directed graphs

Each edge endpoint has an orientation.

Incidence matrix: VxXE -> {-2,-1,0,1,2}
d(v)= z{eeE | I(v,e)<0} I(v,e), d*(v)=+X ...
bal(v) = d*(v)-d(v) = X I(v,e)

(Medvedev and Brudno, JCB 2009)
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Walks in bi-directed graphs

Vl’ el, nany Vk-l’ ek_l, Vk
o € incident to x, and x4
0 €., and e, have opposite orientation at X;

W, A X B,Y,CY,B, X D, Z

W, A, X, D, Z. DA @D @0
D
Z
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Bi-directed de Bruijn graphs
@ e Bi-directed overlap:
@‘ @ * e postox negtoy,
p(x) overlaps p(y)
@ ° * epostox postoy,
@' 0 p(x) overlaps n(y)
* enegtox, negtoy, l§ % %

n(x) overlaps p(y)

* enegtox, postoy,
n(x) overlaps n(y) |

M




Linear Programming to solve
Chinese postman problem

Find f: E -> N (#copies to add of each edge)
minimize Z w(e) f(e)

subject to Zl G(x, e) fle)= — bal®(x) for each vertex x

f(e) =20 for each edge e
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Solving the LP

LP solutions to binet matrices are half-integral
(Appa and Kotnyek, 2006).

A reduction to undirected graphs (totally
unimodular matrices) has integral solutions
(Hochbaum, 2004 ).

The solution is a 2-approximation.
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Shortest path in bidirected

Modified Dijkstra:
0 updates neighbors consistent with a walk.

0 O((IVI+[E]) log [V])

Shortest paths between unbalanced:
V-={v | d(v) > d*(v)}, V* = {...)
Run P = min{|V*],|V |} times.

o Now, how can we solve assembly problem?

60
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Solution by bipartite matching
Construct bipartite graph:
o U =U, - vO,.. vE0>d) g+ ={ ]

o w(uh v = shortest_path(u,v)

For each edge in the matching:
o Add edges of the shortest path.

Find Euler tour in original graph.

61



Running time

Modified Dijkstra:
o O((IV|+[E]) log [V])

a2 Run P =min {|V*],|V |} times.

Bipartite matching:
o Hungarian method
0 O(IVI2)=0((Z, |d*(v)-d(v)[)°)
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Reverse complement

de Bruijn sequence
For odd Kk, the graph is balanced.
4G

<[4

CAG / CTG @

GrG [ ST

For even K, the graph is unbalanced.

e pos to X, pos to y,
pP(X) overlaps n(y)

(Orenstein and Shamir,
Bioinformatics 2013)
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Solutions

Can be solved by linear programming.

Or by maximum weighted matching:

o Shortest paths = label overlaps.
0 #vertices = 4%/2
o Run time = 0(43%2)

Integer weights => improved run-time.
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Computational results

Reverse complement de Bruijn sequence

De Bruijn 4,096 65,536 1,048,576 16,777,216 268,435,456
Optimal 10 142 2,140 33,262 526,816 8,400,772 134,274,844

Lower 10 136 2,080 32,896 524,800 8,390,656 134,225,920
bound

Saving 16 18 1.91 1.97 1.99 1.997 1.999
factor
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Open questions

A sequence with improved coverage of gapped k-

mers. .
n_

N

What is the number of (k)

sequences? k™

Probe design that minimizes the number of
probes.

Linear time algorithm.

Closed formula for length. 66
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