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Detection of unusual words

= GIVEN

— a text x

— a probabilistic model of the source
which has generated x

= FIND all the substrings of x which are
significantly more frequent/rare than
the model-based expectation




Example

.. ATGACAAGT CCTAAAAAGAGCGAAAACACAGGGT TGT TTGAT TGTAGAAAATCACAGCG
>VEK1

CCACCCT TTTGTGGGEECT TCTATTTCAAGGACCT TCAT TATGGAAACAGGECCAGGET TGT
TTGTTCT TCCTGCATGT TGCECECAGT CCGTAAGAAAGCGEGEACGT AAGCAGT TTAGCCA
TTCTAAAAGGGGCAT TATCAGAAT AAGAAGBCCCTATGAGGTATGATTGTAAAGCAAGT G
GIGTAAAATTGT GT GCTACCTACCGTAT TAGT AGGAACAAT TATGCAAGAGEEGT CCTGT
GCAAATAAAAAATATATAT CTAGAAAAAGAGT AGGTAGGT CCTTCACAATAT TGACT GAT
AGCGATCTCCTCACTATTTTTCACTTATATGCAGTATATTTGTCTGCTTATCTTTCATTA
AGTGGAATCATTTGTAGT TTATTCCTACT TTATGGGTAT T TTCCAATCATAAAGCATACC
GIGGTAAT T TAGCCGCEGAAAAGAAGAAT GAT TAAATTTC

>

Transcription factors binding sites

z /

/’C hromosome

Promoter
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~200 bp upstream of startpoint

Contains dispersed sequence elements that bind
transcription factors

Only the elements in the immediate vicinity (<50
bp) of the startpoint for transcription are fixed in
location




Transcription factors binding sites

Co-expressed genes
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Pattern discovery Putative binding sites

General framework

Which patterns do we count? What do we expect, under the given model?

What is unusual?

How do we count efficiently?
How many patterns can be unusual?

How do we compute statistical
parameters efficiently?




Notations

X :sequence, |x|=n
y :substring of X, |y|=m
f (y) : number of occurrencesof y in x

Bernoulli model

Let Z, bear.v. for the number of occurrences of y,
p, bethe probability of al S, and |y|=m£ (n+1)/2

LE(Z,)=(n- m+DQ p, =(n- m+1) p

«Var(z,) =E(Z,)d- p)- p*(n- m+1)(n- m)+2pB(y)

o Q
whereB(y)= g (n- m+1-d) O Py,

dl P(y) i=m-d+1

and P(y) isthe set of period lengths of y




Scores
z(y)=f(y)- E(Z,)
2 (y) = f(y)- E(Z,)
JEZ)
f(y)- E(Z,)
JE@Z,) @- p)
f(y)- E(Z,)

Z4(y) = \/\Wzy)

where Z, isar.v. for the number of occurrences of y

z,(y) =

What iIs “unusual” ?

Definition

Lety be asubstringof xand TT R*
«if z(y) > T, theny is over-represented
«if z(y) <-T, theny is under-represented

« if [z(y)|>T, theny is unusual




Problem definition

Given

= Sequence x

= Model M

= Type of count (f,...)
= Score function z

= Threshold T

Find

= The set of all unusual words in x
w.r.t. (f/...,z,M,T)

Computational problems

= Counting “events” in strings
(occurrences, ...)

= Computing expectations, variances,
and scores (under the given model)

= Detecting and visualizing unusual
words




Combinatorial problem

= A sequence of size n could have
O(n?) unusual words

= How to limit the set of unusual
words?

Monotony of surprise




Theorem

Let C be a subset of words from text x. If f (y) remains
constant for al y in C, then any score of the type
f(y)- E(y)

N(y)
is monotonically increasing with |y| provided that

2(y) =

+N(y) is monotonically decreasing with |y|
«E(y)/N(y) is monotonically decreasing with |y|

Theorem
Score functions

z(y) = f(y)- E(Z,)
sy =1 E@Z)
JEZ,)
f(y)- E(Z,)
JE(Z,)@- p)

2(y) =

are monotonically increasing with |y,

forall yinclassC




Theorem

Ifp, . < min{]/'W,\/E- 1} . then

f(y)- E(Z))

z(y) = VarZ)

is monotonically increasing with |y,

forall y inclass C

Building the partition




abaababaabaababaababa

ab babaab babaababa
aa aa




a babaa babaababa
baa baa

baba babaababa
abaa abaa




aba abaababa
abaab abaab

ba baababa
abaaba abaaba




Bz O (Dpabeba
abaaba— abaaba

max(C): candidate over-repr

min(C): candidate under-repr




x = abaababaabaababaababa

a b babaa
(13) ba babaab
ab babaaba
aa aba ababaa
(8) ababaab
ababaaba
baa bab aababaa
aababaab
aababaaba
baababaa
baababaab
baababaaba
abaababaa
abaababaab
abaababaaba

(2)




The partition {C,,C,,...,C;} of the set
of all substrings of x, has to satisfy the
following properties

« min(C,) and max(C,) are unique

- al win C. belong to some
(min(C,),max(C;))-path

- al win C. have the same count

forall 1Ei £1.

Suffix trees

= Suffix trees can be built in O(n) time
and space

« Number of occurrences can be
computed in O(n) time




Finding equivalence classes

Finding equivalence classes

C3CorCiWa, C3CoCiWa ao C3CrCiWa ay. .. Q)

CoCi\Wa, aqao CoCiWaqas. .. q




Suffix Trees

= Equivalence classes can be
computed in O(n) time (by merging
iIsomorphic sub-trees)

= EXpectations, variances and scores
can be computed in amortized
constant time per node




Number of classes

Theorem
The number of classesis at most 2n

Algorithm

= Find the O(n) equivalence classes

= Compute expectation, variance and
score on two words (candidates) in
each equivalence class

» Visualize the scores of the candidates




Overall time/space complexity

Theorem:
The set of over- and under-represented words
can be detected in O(n) time and space

Verbumeulus Tree Visualizer (1.0)

http://ww. cs. ucr. edu/ ~st el o/ Ver buntul us/



Conclusions

Counts, expectations, variances and
scores can be computed in linear time

Exact patterns can be “discovered” in
linear time and space

Markov models and other types of
counts can be handled within the same
time-complexity
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Example sz

CACTCATCTCATAAGCT TAGCTGAATGGATAGGCTTGCTTTCTGATGGAAATTTGCCTTG
CTTTTCCAACTATTCCATTACTCAGGT TTTATTTTTTTATTTTGTAATATGGEGAGAAGG

GAAACCAATATCTGAGACT CTTCCTTCATCTTATCAACGTATTGT
TCAGTCAATTAAGTAAG L \GCCTT/
TATGITTG 5
TTTCATCGTTGEOGAAAATATAATCTTTCTCAAAAATATATA
TAGATTTGOOGT TGACAATA Eee WA AAAT
AGAGTGACAACATTTTCATAAAAATATTCTGATCTCAAACT GAAGACATA

CAAATATCTACAATGOCGT CTGCTTTATGTCTTT TTCTAAAGGCATCGATTTTATGTGTG
GATAATTGCATOC

TATATGGTTAAA(

AGTCAGATCACGT TCTGT GBOGT TATCCAAAGT TAGCGCAGT TTTCOGATGGTCCAATGT
AATCATTAGAAATAGT AAAA GTAATGGT AAAGAT TGT GTCACT GGAAAAAA/
CTACAAATAATAAATAAATAAAAAAATACGAAAGCACAGT ACTACGEGT GOCTCCACAAA
TAGATAAGAAA \AG \CATGOGT TTAGA GATATAAATTATTTATACAA(
AGACTATATAAAAGAGCATCTAGT TTACCT GT TATGATGAAT GGACAT TCGCTACATATC
TTACTCTCTATTTGT TAAAAAAAAT TACAAAGAGAACT ACT GCATATATAAATAACATAC




Text “events”

= Occurrences

— distance constraints (non-overlapping,
adjacent, max distance, ...)

— sliding window
= Colors

Exact or approximate?

Bernoulli Model (colors)

Let W, be ar.v. for the number of colors

of yin{x,%,....x}, and E(Z‘y) be the
expected number of occurrences of y in the
I-th sequence (L£ i £ k),




Scores based on colors

z,(y) =c(y)- EW,)
2 (y) = SO EW)
JEW,)
(c(y)- EW,))’
E(W,)

where W, isar.v. for the number of colors of y

Z,(y) =

Main result

An efficient algorithm for the
problem of detecting words that
are, by some statistical measure,

surprisingly frequent or rare in
the context of larger sequences
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Verbumculus = Verbum + Dot + TreeViz
Verbum builds and annotates the tree
Dot and TreeViz draw the tree; the font
size of the labels is PROPORTIONAL
to the score

C++/STL + Perl + Java » 15,000 lines

Solaris/Linux

File Edit Yiew Go Communicator
s - =

Lraw

Ga plain sequnzz of yrobols, with na newlines)

Format of the input
@FASTA

<CUploadafile

(Bote: Th achineonwhich theanalysis il un s oot vezy fast,

@ Cut and paste & sequence.

A sample sequence
OGATO oT
A

D Seare type: [ (obs- cxp)lsart{approx var) O
[ Minimarn dergeh of the subsirings

D Mesciman longeh of the substrings

D Minimam score] tha will be displayed:
b Magnificarion.

7|

i e SR ED) N2




Verbumculus Tree Visualizer (1.0)

C—

To8AC

] Unsigned Java Applet Windov:

I~

5

Pop-up "bird’s eye” Generate GIF

Generate Postseript

@i Unsigned Java Applst Windove

word | CCGGG

Exp Io.oo

obs [ 300

score | 100.00

AGCGA
AGCGG
T GGCCC

T GGCGG

67890123456769012345678901234567890123456789012 |4
GCTTCTTTTTACCTTGTCTTTTGCAAGTAGCGTCTTCAGATCCTT,
GTACACCAATCTAAATCTECTCCGCGTTACACMCACTTTCTC(HJ
TTCTARAAGGCGCATTATCAGAATAAGARGGCCCTATGAGGTATC)

GGTAATTTAGCCOCCGARARGARGARTGATGGCGGC TAARTTTCL /

A T | — 2

Close

Sequences

GGTCC
T GGGCG

| s Unsignedl v Applet Window

—— GCGAA

word | GCGGC

Exp Iooo

obs [ 300

Score | 77,18

45678901 239567690 12345678901234567690123456785(
TAGCGTCTTCAGATCCTTCCTTTTTGTCTCAGCATTGTTATCTT
TACACAACACTTTGTCCTGTAC TTTGAARAC TGGARRRAC TCCG
ARGGCCCTATGAGGTATGATTG TARAGCARGTGCTGTARRATTG
TGATGGCOGC TARATTTCGGCGGC TATTTCATTCATTCAAGTATS
=

Sequences

Close

" GCGCG
GCGG

—— GCCGG

ﬁuns\gnsd Java Applet Window

— GTCCG

=

r Pop-up “bird’s eye" Generate GIF

| Generate PostScript

Hy pertolic Viewer

= Unsigned Java Applet Window




G
GTAC

GAAA
TA

S CTT
TCTTT
I
TTA

TITCT 7T

TITTCT

TICTT
TICTIT

Tests and Experiments

= Validation on simulated data
= Experiments on real data

— promoters/regulatory elements
discovery

— UTRs analysis
— mMDNA analysis




Hypothesis: “Unusually frequent”
patterns in the upstream sequence of
a set of co-expressed genes are
plausible binding sites implicated in
transcriptional regulation

Sets of co-expressed genes can be
identified, e.g., by DNA microarray
experiments

Pattern Discovery Tools

= Exact patterns: Yeast-Tools, R’MES,
WordUp @ce), ...

= Flexible patterns: MEME wcsp), YEBIS,
SPEXS s, Gibbs Sampler, BlockMaker,
Teiresias (sv), PRATT, Consensus,
Winnower ucsp), Projection ww, ...




Typical algorithms

Naive approach ¢

Enumerate and test all words
composed by | symbols, for 1< 1 < n

Naive approach

Enumerate and test all words which
occur in the sequences

Biomolecular Databases

; Growth of GenBank
= Massive

= Growing exponentially

Example: GenBank
contains approximately
11,720,000,000 bases in
10,897,000 sequence
records as of February
2001

Pairs of DNA (millions)

Base




n=1,000,000 S={A,C,G,T}

Naive approach >«

Words to be tested O(|S|™)
in this case o 41,000,000

Naive approach

Words to be tested O(n?)
in this case ~ 1,000,0007

Cluster Early |

Hours 0% 25 7 911

Dataset from “The Transcriptional Program of Sporulation in
Budding Yeast”, by S.Chu, J.L.DeRisi, M.B.Eisen, J.Mulholland,
D.Bodstein, P.O.Brown, |.Herskowitz, Science, 1998




Analysis of Earlyl @z

GCGGOT ()= f(y)-E(2)
aeoace A\ E(Z) (1_ f))

GAAA GAAAAA

GGCGGC

C TTTTCT

TTTTT TTITTT

AAAG AAMAG AAARAG

AAAA - AAAAA - AAAAAA

Earlyl.600bps.z3.L6.X8

| GGCGGC

GCGGCT
Gass GAAAAA
f(y)-E(2)

TTTTC TTTTCT
T

TTTTT
TA

CTTTTC AAAG

AAA AAAA
AAGAAA

AGAAA

Earlyl.600bps.z4.L6.X8

Analysis of Earlyl @3

GCGCGC B f(y)
GCGGCT  zM=gg,

GCCGGC
' GCCGCC

| «e— GGCGGC

‘ CGGCGG

| ccaeea
CCGGCA
AAAAAA
ACCGGC
AGCCGC
Earlyl.600bps.z2.L6.X4

2 () = EN)-EW)

GCGGCT
GCCGGC
GCCGTG

GCCGCC
GGCGGC

GGGCGG
TAGCCG
CGGCTA
CGGCGG
CGCCGA
CCGCCG
EW) S

ACCGGC

AGGACC
AGCCGC

Earlyl.600bps.z8.L6.X8

/




Analysis of Earlyl @3

MMO
GCGECT—
GCCGGC— |

GCCGCC

GGG ——

GGCGGC —

asaca
ccaem
CGGCGG

MM

| __GCGGCT——
| -G0CeGC—_ |
—— GCCGCC——

Gacea

MM2

—GCGGCT

GCCGGC
GCCGCC

— GGCGGC—

GEGCGE

————CGGCTA

[ ——CGGCGG ——
—————CCGCCG —

~ ACCGEE e

AGCCGC

_GGCGGC
“Treccs
——CGGCTA
——CGGCGG
—— CCGCCG
AGCCGC

| AGCoGC

CAGGACC >

MM4
CeteAc
GGCGG
Cﬁ%ﬁgE%éf}

CCCGCA>




Organism E. coli K12
nunber of strands =
'mber of bases 17 58
nui >r of 4-grams checked (over |l apping
expect 1 frequency (uniform distributi

0019882784 50899
0019910757 5097153
0020459016 5237508 o4
0020654823 5287 ,4631
57, 7862416
5379294603
5413667093
5619902029
5631359526
5635656087
5711562001
576168854
5778874
5839026650

8

4-gram
000128113 03279708
. 0005577697 0. 1427890500
. 0007060235 0. 1807420072
1007116179 1821741942
4088  0.1949206591
142 2298660234
0009286. 8 2377430522
. 0011496655 0. 2943144411
0012302263 3149379348
0013074301 5. 70211
. 0013270108 0.339,. ‘7710
0013611372 3484511. 71
. 0013768017 0. 3524612355
. 001440019 . 3686449496
0014596000 373657604
. 0014870130 0. 3806753210
. 0015670140 0. 40115559
0015849164
. 0016615608
0016822603
0017589047 4 02796121
. 0017644 . 4517117992
001794709 4594456093
0018107" .0 463455733
. 00187 L8708
07 3361086
V018607243
. 0018741510 0. 26656
0019032423 4872300383
. 0019166
. 0019183474
001932: 4946774111
3493 . 0019541521 0. 5002629406
3543 . 0019821245 0. 50 9
3553 0019877190 5088560630

HA>H> 4 H40010>4>00 >0

0024503826
0024503826
0024917817
0025136002
0025191947
0025231108 645916:
0025488454 6525044
0025622722

DHH440 0>~

31
84
705781783
1435 7069275336
0027787786 Y 7113673135
0. 0028229750 226815912
0028235344
0028598985
0028817170 737719555

H4HO0>> 00> > 400042000 446 444000 -4>0>0000-40>>3>0

O>P0000004-4>0>0>>>0040-40-4404000 44>
AP HHO>P 00004000000 404> A>>>—4>00>> 4>

4H4@H404>4>0>4>0> 0

Definition:

Given a substring w of x the implication of w in X,

denoted by imp, (w), is the string uwv, such that

- every time w occursinx, it is preceded by u and
followed by v

« U and v are maximal




Definition:
y°,wU imp,(y)=imp,(w)

Finding Equivalence Classes

abaababaabaababaababa$

1234567890123456789012







Finding Equivalence Classes




What’s next?

extension to other types of count and
hidden Markov models

estimation of statistical parameters by
“shuffling”

more experiments on biosequences
and in other domains

extension to approximate/flexible
patterns

How to choose the threshold

ng W)- E(Z)) 22: 0456

\ /Var(Zy) 5




