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Detection of unusual wordsDetection of unusual words

§§ GIVENGIVEN
–– a text a text xx
–– a probabilistic a probabilistic modelmodel of the source of the source 

which has generated which has generated xx

§§ FINDFIND all the substrings of all the substrings of x x which are which are 
significantly moresignificantly more frequent/rarefrequent/rare than than 
the modelthe model--based expectationbased expectation
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ExampleExample

MODELMODELMODEL

……ATATGACAAGTCCTAAAAAGAGCGAAAACACAGGGTTGTTTGATTGTAGAAAATCACAGCGGACAAGTCCTAAAAAGAGCGAAAACACAGGGTTGTTTGATTGTAGAAAATCACAGCG

>MEK1>MEK1

CCACCCTTTTGTGGGGCTTCTATTTCAAGGACCTTCATTATGGAAACAGGGCGAGGTTGTCCACCCTTTTGTGGGGCTTCTATTTCAAGGACCTTCATTATGGAAACAGGGCGAGGTTGT

TTGTTCTTCCTGCATGTTGCGCGCAGTGCGTAAGAAAGCGGGACGTAAGCAGTTTAGCCATTGTTCTTCCTGCATGTTGCGCGCAGTGCGTAAGAAAGCGGGACGTAAGCAGTTTAGCCA

TTCTAAAAGGGGCATTATCAGAATAAGAAGGCCCTATGAGGTATGATTGTAAAGCAAGTGTTCTAAAAGGGGCATTATCAGAATAAGAAGGCCCTATGAGGTATGATTGTAAAGCAAGTG

GTGTAAAATTGTGTGCTACCTACCGTATTAGTAGGAACAATTATGCAAGAGGGGTCCTGTGTGTAAAATTGTGTGCTACCTACCGTATTAGTAGGAACAATTATGCAAGAGGGGTCCTGT

GCAAATAAAAAATATATATCTAGAAAAAGAGTAGGTAGGTCCTTCACAATATTGACTGATGCAAATAAAAAATATATATCTAGAAAAAGAGTAGGTAGGTCCTTCACAATATTGACTGAT

AGCGATCTCCTCACTATTTTTCACTTATATGCAGTATATTTGTCTGCTTATCTTTCATTAAGCGATCTCCTCACTATTTTTCACTTATATGCAGTATATTTGTCTGCTTATCTTTCATTA

AGTGGAATCATTTGTAGTTTATTCCTACTTTATGGGTATTTTCCAATCATAAAGCATACCAGTGGAATCATTTGTAGTTTATTCCTACTTTATGGGTATTTTCCAATCATAAAGCATACC

GTGGTAATTTAGCCGGGGAAAAGAAGAATGATGTGGTAATTTAGCCGGGGAAAAGAAGAATGATGGCGGCGGCGGCTAAATTTCTAAATTTCGGCGGCGGCGGC……

parametersparameters

??

Transcription factors binding sitesTranscription factors binding sites
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Transcription factors binding sitesTranscription factors binding sites

…

CoCo--expressed genesexpressed genes

Pattern discoveryPattern discovery

…

Putative binding sites

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? 

General frameworkGeneral framework
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NotationsNotations

: sequence, 

: substring of ,  

: number of ( o) ccurrences of  in 
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ScoresScores
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What is “unusual” ?What is “unusual” ?

over-represented

Definition

Let  be a substring of  and 
 if ( ) , then  is 
 i under-represenf ted

u

 ( ) , then  is 

 if ( ) , nusual then  is 

y x T
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z y T y

z y T y

+∈
>
< −

>

i
i
i

R



Stefano Lonardi March, 2000

Data Compression Conference 2000 6

Problem definitionProblem definition
GivenGiven
§§ Sequence Sequence xx
§§ Model Model MM
§§ Type of count (Type of count (f,f,…)…)
§§ Score function Score function zz
§§ Threshold Threshold TT
FindFind
§§ The set of all unusual words in The set of all unusual words in x x 

w.r.t.w.r.t. (f/…,z,M,T)(f/…,z,M,T)

Computational problemsComputational problems

§§ Counting “events” in strings Counting “events” in strings 
(occurrences, …)(occurrences, …)

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

§§ Detecting and visualizing unusual Detecting and visualizing unusual 
wordswords
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Combinatorial problemCombinatorial problem

§§ A sequence of size A sequence of size nn could have could have 
OO(n(n22)) unusual wordsunusual words

§§ How to limit the set of unusual How to limit the set of unusual 
words?words?

Monotony of surpriseMonotony of surprise
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Theorem
Let  be a subset of words from text . If ( ) remains

 for all  in , then any score of the type
( ) ( )

                       ( )
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{ }max

Theorem

If min 1 4 , 2 1 , then

( ) ( )
            ( )
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Building the partitionBuilding the partition
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abaababaabaababaababaabaababaabaababaababa

ababaaaababaabbabaabaaaababaababababaababa
aaaaaaaa
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aabaabaababaababaabaabaababaababababaababa
baabaa baabaa

abaaabaababababaabaaabaababaababababaababa
abaaabaa abaaabaa
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abaababaababaabaabaababaababaababaabaababa
abaababaababaababaab

abaabaabaabababaabaabaabaababaabababaababa
abaabaabaabaabaabaabaaba
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abaabaabaabababaabaabaabaababaabababaababa
abaabaabaaba abaabaabaaba

min(C): candidate under-repr

max(C): candidate over-repr

aa aab aaba

baa baab baaba

abaa abaab abaaba
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x x == abaababaabaababaababaabaababaabaababaababa
aa

(13)(13)
bb
baba
abab
abaaba
(8)(8)

aaaa
aabaab
aabaaaba
baabaa
baabbaab
baababaaba
abaaabaa
abaababaab
abaabaabaaba

(4)(4)

babbab
babababa
abababab
ababaababa
ababbababb
aababaaababa
baababbaabab
baabababaababa

(3)(3)

babaababaa
babaabbabaab
babaabababaaba
ababaaababaa
ababaabababaab
ababaabaababaaba
aababaaaababaa
aababaabaababaab
aababaabaaababaaba
baababaabaababaa
baababaabbaababaab
baababaababaababaaba
abaababaaabaababaa
abaababaababaababaab
abaababaabaabaababaaba

(2)(2)

………………
………………
………………
………………
………………
………………
………………
………………
………………
………………
………………
………………
………………
………………
………………
(1)(1)

ab
abk

ak akbk

bk

akb …

…

…

…

x x == aakk bbkk
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{ }
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( ) ( )( )

1 2The partition , , ,  of the set

of all substrings of , has to satisfy the
following properties

 min  and max  are unique
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Suffix treesSuffix trees

§§ Suffix trees can be built in Suffix trees can be built in O(n)O(n) time time 
and space and space [W73,M76,U95,F97][W73,M76,U95,F97]

§§ Number of occurrences can be Number of occurrences can be 
computed in computed in O(n)O(n) timetime
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Finding equivalence classesFinding equivalence classes
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Finding equivalence classesFinding equivalence classes
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c3c2c1wa1 c3c2c1wa1a2

c2c1wa1 c2c1wa1a2 c2c1wa1a2...al

wa1 wa1a2 wa1a2...al

c3c2c1wa1a2...al
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Suffix TreesSuffix Trees

§§ Equivalence classes can be Equivalence classes can be 
computed in computed in O(n)O(n) time (by merging time (by merging 
isomorphic subisomorphic sub--trees)trees)

§§ Expectations, variances and scores Expectations, variances and scores 
can be computed in can be computed in amortized amortized 
constant timeconstant time per node per node [ABLX00][ABLX00]
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Number of classesNumber of classes

Theorem
The number of classes is at most 2n

AlgorithmAlgorithm

§§ FindFind the the O(n) O(n) equivalence classesequivalence classes

§§ ComputeCompute expectation, variance and expectation, variance and 
score on two words (score on two words (candidatescandidates) in ) in 
each equivalence classeach equivalence class

§§ VisualizeVisualize the scores of the candidatesthe scores of the candidates
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Overall time/space complexityOverall time/space complexity

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

http://http://www.cs.ucr.edu/~stelo/Verbumculuswww.cs.ucr.edu/~stelo/Verbumculus//
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ConclusionsConclusions

§§ Counts, expectations, variances and Counts, expectations, variances and 
scores can be computed in scores can be computed in linearlinear timetime

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

§§ Markov models and other types of Markov models and other types of 
counts can be handled within the same counts can be handled within the same 
timetime--complexitycomplexity
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CCACCCTTTTGTGGGGCTTCTATTTCAAGGACCTTCATTATGGAAACAGGGCGAGGTTGTCCACCCTTTTGTGGGGCTTCTATTTCAAGGACCTTCATTATGGAAACAGGGCGAGGTTGT
TTGTTCTTCCTGCATGTTGCGCGCAGTGCGTAAGAAAGCGGGACGTAAGCAGTTTAGCCATTGTTCTTCCTGCATGTTGCGCGCAGTGCGTAAGAAAGCGGGACGTAAGCAGTTTAGCCA
TTCTAAAAGGGGCATTATCAGAATAAGAAGGCCCTATGAGGTATGATTGTAAAGCAAGTGTTCTAAAAGGGGCATTATCAGAATAAGAAGGCCCTATGAGGTATGATTGTAAAGCAAGTG
GTGTAAAATTGTGTGCTACCTACCGTATTAGTAGGAACAATTATGCAAGAGGGGTCCTGTGTGTAAAATTGTGTGCTACCTACCGTATTAGTAGGAACAATTATGCAAGAGGGGTCCTGT
GCAAATAAAAAATATATATCTAGAAAAAGAGTAGGTAGGTCCTTCACAATATTGACTGATGCAAATAAAAAATATATATCTAGAAAAAGAGTAGGTAGGTCCTTCACAATATTGACTGAT
AGCGATCTCCTCACTATTTTTCACTTATATGCAGTATATTTGTCTGCTTATCTTTCATTAAGCGATCTCCTCACTATTTTTCACTTATATGCAGTATATTTGTCTGCTTATCTTTCATTA
AGTGGAATCATTTGTAGTTTATTCCTACTTTATGGGTATTTTCCAATCATAAAGCATACCAGTGGAATCATTTGTAGTTTATTCCTACTTTATGGGTATTTTCCAATCATAAAGCATACC
GTGGTAATTTAGCCGGGGAAAAGAAGAATGATGGCGGCTAAATTTCGGCGGCTATTTCATGTGGTAATTTAGCCGGGGAAAAGAAGAATGATGGCGGCTAAATTTCGGCGGCTATTTCAT
TCATTCAAGTATAAAAGGGAGAGGTTTGACTAATTTTTTACTTGAGCTCCTTCTGGAGTGTCATTCAAGTATAAAAGGGAGAGGTTTGACTAATTTTTTACTTGAGCTCCTTCTGGAGTG
CTCTTGTACGTTTCAAATTTTATTAAGGACCAAATATACAACAGAAAGAAGAAGAGCGGACTCTTGTACGTTTCAAATTTTATTAAGGACCAAATATACAACAGAAAGAAGAAGAGCGGA

CACAGGCGCTACCATGAGAAATTTGTGGGTAATTAGATAATTGTTGGGATTCCATTGTTGCACAGGCGCTACCATGAGAAATTTGTGGGTAATTAGATAATTGTTGGGATTCCATTGTTG
ATAAAGGCTATAATATTAGGTATACAGAATATACTAGAAGTTCTCCTCGAGGATATAGGAATAAAGGCTATAATATTAGGTATACAGAATATACTAGAAGTTCTCCTCGAGGATATAGGA
ATCCTCAAAATGGAATCTATATTTCTACATACTAATATTACGATTATTCCTCATTCCGTTATCCTCAAAATGGAATCTATATTTCTACATACTAATATTACGATTATTCCTCATTCCGTT
TTATATGTTTATATTCATTGATCCTATTACATTATCAATCCTTGCGTTTCAGCTTCCTCTTTATATGTTTATATTCATTGATCCTATTACATTATCAATCCTTGCGTTTCAGCTTCCTCT
AACATCGATGACAGCTTCTCATAACTTATGTCATCATCTTAACACCGTATATGATAATATAACATCGATGACAGCTTCTCATAACTTATGTCATCATCTTAACACCGTATATGATAATAT
ATTGATAATATAACTATTAGTTGATAGACGATAGTGGATTTTTATTCCAACAGAAGGAGTATTGATAATATAACTATTAGTTGATAGACGATAGTGGATTTTTATTCCAACAGAAGGAGT
GGATGGAAAAGTATGCGAATTAAAGTAATCCATGTGGTAAATAAAATCACTAAGACTAGCGGATGGAAAAGTATGCGAATTAAAGTAATCCATGTGGTAAATAAAATCACTAAGACTAGC
AACCACGTTTTGTTTTGTAGTTGAGAGTAATAGTTACAAATGGAAGATATATATCCGTTTAACCACGTTTTGTTTTGTAGTTGAGAGTAATAGTTACAAATGGAAGATATATATCCGTTT
CGTACTCAGTGACGTACCGGGCGTAGAAGTTGGGCGGCTATTTTGACAGATATATCAAAACGTACTCAGTGACGTACCGGGCGTAGAAGTTGGGCGGCTATTTTGACAGATATATCAAAA
ATATTGTCATGAACTATACCATATACAACTTAGGATAAAAATACAGGTAGAAAAACTATAATATTGTCATGAACTATACCATATACAACTTAGGATAAAAATACAGGTAGAAAAACTATA

TTTCCTTCTGGTTCGTAGGCTTCTTCAAGTCCTTAATACCGCTTTTACCGACCCGATAGTTTTCCTTCTGGTTCGTAGGCTTCTTCAAGTCCTTAATACCGCTTTTACCGACCCGATAGT
TATTAGTGTCCTTTTTTGTATAAGAATGGTTGATGCAAGTATTTTCTTCTTCGTTCACCATATTAGTGTCCTTTTTTGTATAAGAATGGTTGATGCAAGTATTTTCTTCTTCGTTCACCA
AAGTTTTGTCCTTGTCTAGCCACTCTTCCTGATTGTGCATTACTATTAGATAACTGTAATAAGTTTTGTCCTTGTCTAGCCACTCTTCCTGATTGTGCATTACTATTAGATAACTGTAAT
TTGGTGCTTTTCCTGGAAAGTATACTTGTGATGTGGAAGTATTTTAAGTTCAAGTTTCTTTTGGTGCTTTTCCTGGAAAGTATACTTGTGATGTGGAAGTATTTTAAGTTCAAGTTTCTT
GTTTTCTTTCCTATTTATGCGGAAGGTACATAGAAGTTTGGGCGGCTAATACTTTTTCCGGTTTTCTTTCCTATTTATGCGGAAGGTACATAGAAGTTTGGGCGGCTAATACTTTTTCCG
CGGCTAATCCTATAGTAAAATGATCACTTTCATATAGAAAGTTGGTATATAAAGTGTCAACGGCTAATCCTATAGTAAAATGATCACTTTCATATAGAAAGTTGGTATATAAAGTGTCAA
CTAAGAGAGAAATAGTTCGAACCAGGTGTATTTTAAATCAACTATCGGGAAGTATGGACTCTAAGAGAGAAATAGTTCGAACCAGGTGTATTTTAAATCAACTATCGGGAAGTATGGACT
GGTGGTATAATCGAATTACATAGTCCTTTTACCTTCATTAGTAGTACTTAAGTGTCACCCGGTGGTATAATCGAATTACATAGTCCTTTTACCTTCATTAGTAGTACTTAAGTGTCACCC
GCCTGGGGATTTTGCTCTCATAGAAGTAAAAGGGTAGTGCTATGGGAGCACATTAGGTAGGCCTGGGGATTTTGCTCTCATAGAAGTAAAAGGGTAGTGCTATGGGAGCACATTAGGTAG
TTCAGTTACGTTTTATGGCAGTCACTGTTTTCGCAAAGACTCCCAGACACGGGCATTAAATTCAGTTACGTTTTATGGCAGTCACTGTTTTCGCAAAGACTCCCAGACACGGGCATTAAA

CACTCATCTCATAAGCTTAGCTGAATGGATAGGCTTGCTTTCTGATGGAAATTTGCCTTGCACTCATCTCATAAGCTTAGCTGAATGGATAGGCTTGCTTTCTGATGGAAATTTGCCTTG
CTTTTCCAACTATTCCATTACTCAGGTTTTATTTTTTTATTTTGTAATATGGGGAGAAGGCTTTTCCAACTATTCCATTACTCAGGTTTTATTTTTTTATTTTGTAATATGGGGAGAAGG
CCGGCAGAATATTTACGGACAAATGAATAAATTGGATTGGATTGACTAGTGGAACGTGTACCGGCAGAATATTTACGGACAAATGAATAAATTGGATTGGATTGACTAGTGGAACGTGTA
AAGATCGCGATACTCCGTACCAATCACCGAAAGATTGCCCGTAACCGAAATGACTCCATTAAGATCGCGATACTCCGTACCAATCACCGAAAGATTGCCCGTAACCGAAATGACTCCATT
CTCTGAATTTTTTGTGAAACCAATATCTGAGACTCTTCCTTCATCTTATCAACGTATTGTCTCTGAATTTTTTGTGAAACCAATATCTGAGACTCTTCCTTCATCTTATCAACGTATTGT
TCAGTCAATTAAGTAAGAAGTATATTTGAGCGCAGCCTTAATCATATATAGCACCAGTTATCAGTCAATTAAGTAAGAAGTATATTTGAGCGCAGCCTTAATCATATATAGCACCAGTTA
TATGTTTGCCCCTCTCTTGAGTTGAAAAACACATAATACATAGTACTGTACTTTTCTCTTTATGTTTGCCCCTCTCTTGAGTTGAAAAACACATAATACATAGTACTGTACTTTTCTCTT
TTTCATCGTTGGCGAAAATATAATCTTTCTCAAAAATATATATATATGTATATATATCCTTTTCATCGTTGGCGAAAATATAATCTTTCTCAAAAATATATATATATGTATATATATCCT
TAGATTTGCCGTTGACAATAAGGTGGGCGGCAAATCTACGAAATGCGAGGCGGTTAAAAGTAGATTTGCCGTTGACAATAAGGTGGGCGGCAAATCTACGAAATGCGAGGCGGTTAAAAG
AGAGTGACAACATTTTCATAAAAATATTCTGATCTCAAACTGAAGACATAAAATAAGGATAGAGTGACAACATTTTCATAAAAATATTCTGATCTCAAACTGAAGACATAAAATAAGGAT

CAAATATCTACAATGCCGTCTGCTTTATGTCTTTTTCTAAAGGCATCGATTTTATGTGTGCAAATATCTACAATGCCGTCTGCTTTATGTCTTTTTCTAAAGGCATCGATTTTATGTGTG
GATAATTGCATCGCAGTAATATGTAGAGCACAATTTGTAGAAATCGGAATTGGAGGTATCGATAATTGCATCGCAGTAATATGTAGAGCACAATTTGTAGAAATCGGAATTGGAGGTATC
GGATCTTGTTGAATATCCACCAATGTCTTACCCCTGTATTTTAACAAGAGTTTACGCTGTGGATCTTGTTGAATATCCACCAATGTCTTACCCCTGTATTTTAACAAGAGTTTACGCTGT
TATATGGTTAAAGGTGTGGACGCCTTGAAGGTTTACCTTACCGAATGACACCTTTACAATTATATGGTTAAAGGTGTGGACGCCTTGAAGGTTTACCTTACCGAATGACACCTTTACAAT
AGTCAGATCACGTTCTGTGGCGTTATCCAAAGTTAGCGCAGTTTTCCGATGGTCCAATGTAGTCAGATCACGTTCTGTGGCGTTATCCAAAGTTAGCGCAGTTTTCCGATGGTCCAATGT
AATCATTAGAAATAGTAAAAACTGTGTAATGGTAAAGATTGTGTCACTGGAAAAAAACTGAATCATTAGAAATAGTAAAAACTGTGTAATGGTAAAGATTGTGTCACTGGAAAAAAACTG
CTACAAATAATAAATAAATAAAAAAATACGAAAGCACAGTACTACGGGTGCCTCCACAAACTACAAATAATAAATAAATAAAAAAATACGAAAGCACAGTACTACGGGTGCCTCCACAAA
TAGATAAGAAACCAAGCGGAGACATGCGTTTAGATGAGGATATAAATTATTTATACAACCTAGATAAGAAACCAAGCGGAGACATGCGTTTAGATGAGGATATAAATTATTTATACAACC
AGACTATATAAAAGAGCATCTAGTTTACCTGTTATGATGAATGGACATTCGCTACATATCAGACTATATAAAAGAGCATCTAGTTTACCTGTTATGATGAATGGACATTCGCTACATATC
TTACTCTCTATTTGTTAAAAAAAATTACAAAGAGAACTACTGCATATATAAATAACATACTTACTCTCTATTTGTTAAAAAAAATTACAAAGAGAACTACTGCATATATAAATAACATAC

ATAAGCGTCCTTCTGTGGTTTAGATATGCTATACCGGCGGAACTTTGTTACACACGGCTCATAAGCGTCCTTCTGTGGTTTAGATATGCTATACCGGCGGAACTTTGTTACACACGGCTC
GCGCGAATCCTTAGGGGAAAACATTGCGCTGACTTTCCCCAGAGTTGTTGCCACAACATAGCGCGAATCCTTAGGGGAAAACATTGCGCTGACTTTCCCCAGAGTTGTTGCCACAACATA
AGCCGCTTTGGAGTGTTGAACAAATCCGTCCTTGGGTCATTCAATCAATGGCTTGGCGGTAGCCGCTTTGGAGTGTTGAACAAATCCGTCCTTGGGTCATTCAATCAATGGCTTGGCGGT
ATCTCAAAAGAGCGCAAACTAATAGCGCGCACATTCGACGCATTTATCCGGTGGTCATCGATCTCAAAAGAGCGCAAACTAATAGCGCGCACATTCGACGCATTTATCCGGTGGTCATCG
ACTAGGGGCGAAGAGGTCACGACCTATTTTTTCTTGCAGAAAAAAAGTGTGACCTTTTCCACTAGGGGCGAAGAGGTCACGACCTATTTTTTCTTGCAGAAAAAAAGTGTGACCTTTTCC
GTAGCTAGACGTCTATCAGGGCGTCAGCAATGGGAGGCACAGCGGAAAAACAATAACAATGTAGCTAGACGTCTATCAGGGCGTCAGCAATGGGAGGCACAGCGGAAAAACAATAACAAT
GGTAAGCGCAATTACCTTTTGAGCGTTACATTCGTATGAAATTGGTGACGTTAATCTAAAGGTAAGCGCAATTACCTTTTGAGCGTTACATTCGTATGAAATTGGTGACGTTAATCTAAA
GATAGTCATGCTCTCAAAAGGGCCCATTATTCTCGACGTTGAGCGTATATAAGACTATTAGATAGTCATGCTCTCAAAAGGGCCCATTATTCTCGACGTTGAGCGTATATAAGACTATTA
AAACTTGGTTCTTTAGATATGGTGTTCGTTCCTCATTATTAAGTTTCAGGGAACAATATCAAACTTGGTTCTTTAGATATGGTGTTCGTTCCTCATTATTAAGTTTCAGGGAACAATATC
AACACATATCATAACAGGTTCTCAAAACTTTTTGTTTTAATAATACTAGTAACAAGAAAAAACACATATCATAACAGGTTCTCAAAACTTTTTGTTTTAATAATACTAGTAACAAGAAAA

Example Example (1/2)(1/2)
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Text “events”Text “events”
§§ OccurrencesOccurrences

–– distance constraints (nondistance constraints (non--overlapping, overlapping, 
adjacent, max distance, …)adjacent, max distance, …)

–– sliding windowsliding window
–– … … 

§§ ColorsColors
§§ ……

ExactExact or or approximateapproximate??

Bernoulli Model (colors)Bernoulli Model (colors)

{ } ( )

( ) ( )

1 2

1

Let  be a r.v. for the number of colors
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Scores based on colorsScores based on colors
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Main resultMain result

An efficient algorithm for the An efficient algorithm for the 
problem of detecting words that problem of detecting words that 
are, by some statistical measure, are, by some statistical measure, 
surprisingly frequent or rare in surprisingly frequent or rare in 
the context of larger sequencesthe context of larger sequences
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§§ VerbumculusVerbumculus = = VerbumVerbum + Dot + + Dot + TreeVizTreeViz
§§ VerbumVerbum builds and annotates the treebuilds and annotates the tree
§§ Dot and Dot and TreeVizTreeViz draw the tree; the font draw the tree; the font 

size of the labels is size of the labels is PPRROOPPOORRTTIIOONNAALL
to the scoreto the score

§§ C++/STL + C++/STL + PerlPerl + Java + Java ≈≈ 15,000 lines15,000 lines
§§ Solaris/LinuxSolaris/Linux

http://http://www.cs.ucr.edu/~stelo/Verbumculuswww.cs.ucr.edu/~stelo/Verbumculus//
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Tests and ExperimentsTests and Experiments

§§ Validation on simulated dataValidation on simulated data
§§ Experiments on real dataExperiments on real data

–– promoters/regulatory elements promoters/regulatory elements 
discoverydiscovery

–– UTRsUTRs analysisanalysis
–– mDNAmDNA analysisanalysis
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HypothesisHypothesis:: “Unusually frequent” “Unusually frequent” 
patternpatternss in the upstream sequence of in the upstream sequence of 
a set of a set of coco--expressedexpressed genesgenes are are 
plausible binding sites implicated in plausible binding sites implicated in 
trantranscriptscriptiiononalal regulationregulation

Sets ofSets of ccoo--expressedexpressed genesgenes can be can be 
identified, e.g., by DNA identified, e.g., by DNA microarraymicroarray
experimentsexperiments

Pattern Discovery ToolsPattern Discovery Tools

§§ Exact patternsExact patterns: Yeast: Yeast--Tools, R’MES, Tools, R’MES, 
WordUpWordUp (GCG)(GCG), …, …

§§ Flexible patternsFlexible patterns: MEME : MEME (UCSD)(UCSD), YEBIS, , YEBIS, 
SPEXS SPEXS (EBI)(EBI), Gibbs Sampler, , Gibbs Sampler, BlockMakerBlockMaker, , 
TeiresiasTeiresias (IBM)(IBM), PRATT, Consensus, , PRATT, Consensus, 
Winnower Winnower (UCSD)(UCSD), Projection , Projection (UW)(UW), …, …
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Typical algorithmsTypical algorithms

Naïve approach Naïve approach ··
Enumerate and test all words which Enumerate and test all words which 
occur in the sequencesoccur in the sequences

Naïve approach Naïve approach ¶¶
Enumerate and test all words Enumerate and test all words 
composed by composed by l l symbols, for symbols, for 11�� l l �� nn

BiomolecularBiomolecular DatabasesDatabases

§§ MassiveMassive
§§ Growing exponentiallyGrowing exponentially

Example:Example: GenBankGenBank
contains contains approximately approximately 
1111,,720720,000,000 bases in ,000,000 bases in 
1010,,897897,000 sequence,000 sequence
records as of records as of FebruaryFebruary
20012001
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nn =1,000,000    =1,000,000    ΣΣ ={A,C,G,T}={A,C,G,T}

Naïve approach Naïve approach ··
Words to be tested Words to be tested O(nO(n22))
in this case in this case ∝∝ 1,000,0001,000,00022

Naïve approach Naïve approach ¶¶
Words to be tested Words to be tested O(|O(|ΣΣ||nn))

in this case in this case ∝∝ 441,000,0001,000,000

Cluster Early ICluster Early I

Dataset from “The Transcriptional Program of Dataset from “The Transcriptional Program of SporulationSporulation in in 
Budding Yeast”, by Budding Yeast”, by S.ChuS.Chu, , J.L.DeRisiJ.L.DeRisi, , M.B.EisenM.B.Eisen, , J.MulhollandJ.Mulholland, , 
D.BodsteinD.Bodstein, , P.O.BrownP.O.Brown, , I.HerskowitzI.Herskowitz, , ScienceScience, 1998, 1998



Stefano Lonardi March, 2000

Data Compression Conference 2000 31

Analysis of Analysis of EarlyIEarlyI (1/3)(1/3)
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Analysis of Analysis of EarlyIEarlyI (3/3)(3/3)
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Organism: EOrganism: E.. coli K12coli K12
number of strands = 2025number of strands = 2025
number of bases = 1792558number of bases = 1792558
number of 4number of 4--grams checked (overlapping) = 1787476grams checked (overlapping) = 1787476
expected frequency (uniform distribution) = 6982.33expected frequency (uniform distribution) = 6982.33

44--gram        gram        f(y)f(y) f(y)f(y)/total    /total    f(y)f(y)/exp/exp
----------------------------------------------------------------------------------------------------------
C T A G    C T A G    -- 229     0.0001281136   0.0327970837229     0.0001281136   0.0327970837
T A G G    T A G G    -- 997     0.0005577697   0.1427890500997     0.0005577697   0.1427890500
A T A G    A T A G    -- 1262     0.0007060235   0.18074200721262     0.0007060235   0.1807420072
T A G A    T A G A    -- 1272     0.0007116179   0.18217419421272     0.0007116179   0.1821741942
T A G T    T A G T    -- 1361     0.0007614088   0.19492065911361     0.0007614088   0.1949206591
C C T A    C C T A    -- 1605     0.0008979142   0.22986602341605     0.0008979142   0.2298660234
C C C C    C C C C    -- 1660     0.0009286838   0.23774305221660     0.0009286838   0.2377430522
G A G G    G A G G    -- 2055     0.0011496658   0.29431444112055     0.0011496658   0.2943144411
T T A G    T T A G    -- 2199     0.0012302263   0.31493793482199     0.0012302263   0.3149379348
C A T A    C A T A    -- 2337     0.0013074301   0.33470211632337     0.0013074301   0.3347021163
T A A G    T A A G    -- 2372     0.0013270108   0.33971477102372     0.0013270108   0.3397147710
T A T A    T A T A    -- 2433     0.0013611372   0.34845111212433     0.0013611372   0.3484511121
C T A A    C T A A    -- 2461     0.0013768017   0.35246123582461     0.0013768017   0.3524612358
T A G C    T A G C    -- 2574     0.0014400193   0.36864494962574     0.0014400193   0.3686449496
G T A G    G T A G    -- 2609     0.0014596000   0.37365760442609     0.0014596000   0.3736576044
T C T A    T C T A    -- 2658     0.0014870130   0.38067532102658     0.0014870130   0.3806753210
G T C C    G T C C    -- 2801     0.0015670140   0.40115559592801     0.0015670140   0.4011555959
C C C T    C C C T    -- 2833     0.0015849164   0.40573859452833     0.0015849164   0.4057385945
A G A C    A G A C    -- 2970     0.0016615608   0.42535955732970     0.0016615608   0.4253595573
A C T A    A C T A    -- 3007     0.0016822603   0.43065864943007     0.0016822603   0.4306586494
A G T C    A G T C    -- 3144     0.0017589047   0.45027961213144     0.0017589047   0.4502796121
C C C A    C C C A    -- 3154     0.0017644992   0.45171179923154     0.0017644992   0.4517117992
A G T A    A G T A    -- 3208     0.0017947094   0.45944560933208     0.0017947094   0.4594456093
C T C C    C T C C    -- 3236     0.0018103740   0.46345573313236     0.0018103740   0.4634557331
A G G G    A G G G    -- 3278     0.0018338708   0.46947091883278     0.0018338708   0.4694709188
T C C C    T C C C    -- 3282     0.0018361086   0.47004379363282     0.0018361086   0.4700437936
T G T A    T G T A    -- 3326     0.0018607243   0.47634541673326     0.0018607243   0.4763454167
C C T C    C C T C    -- 3350     0.0018741510   0.47978266563350     0.0018741510   0.4797826656
G A G T    G A G T    -- 3402     0.0019032423   0.48723003833402     0.0019032423   0.4872300383
G G A G    G G A G    -- 3426     0.0019166691   0.49066728733426     0.0019166691   0.4906672873
C T T A    C T T A    -- 3429     0.0019183474   0.49109694343429     0.0019183474   0.4910969434
C T T G    C T T G    -- 3454     0.0019323336   0.49467741113454     0.0019323336   0.4946774111
C A A G    C A A G    -- 3493     0.0019541521   0.50026294063493     0.0019541521   0.5002629406
A T A C    A T A C    -- 3543     0.0019821245   0.50742387593543     0.0019821245   0.5074238759
G A G A    G A G A    -- 3553     0.0019877190   0.50885606303553     0.0019877190   0.5088560630
. . . .    .     . .      . . . . . .    . . . . . .. . . .    .     . .      . . . . . .    . . . . . .

C G A G    C G A G    -- 3554     0.0019882784   0.50899928173554     0.0019882784   0.5089992817
A G G A    A G G A    -- 3559     0.0019910757   0.50971537523559     0.0019910757   0.5097153752
A C T C    A C T C    -- 3657     0.0020459016   0.52375080843657     0.0020459016   0.5237508084
A G A G    A G A G    -- 3692     0.0020654823   0.52876346313692     0.0020654823   0.5287634631
C T C A    C T C A    -- 3755     0.0021007275   0.53778624163755     0.0021007275   0.5377862416
T A A T    T A A T    -- 3756     0.0021012870   0.53792946033756     0.0021012870   0.5379294603
C A C A    C A C A    -- 3780     0.0021147137   0.54136670933780     0.0021147137   0.5413667093
G G A C    G G A C    -- 3924     0.0021952742   0.56199020293924     0.0021952742   0.5619902029
C C T T    C C T T    -- 3932     0.0021997498   0.56313595263932     0.0021997498   0.5631359526
G G G G    G G G G    -- 3935     0.0022014282   0.56356560873935     0.0022014282   0.5635656087
A C A C    A C A C    -- 3988     0.0022310789   0.57115620013988     0.0022310789   0.5711562001
G A C T    G A C T    -- 4023     0.0022506596   0.57616885494023     0.0022506596   0.5761688549
A C T T    A C T T    -- 4035     0.0022573730   0.57788747934035     0.0022573730   0.5778874793
T A C A    T A C A    -- 4077     0.0022808698   0.58390266504077     0.0022808698   0.5839026650
G T G T    G T G T    -- 4111     0.0022998910   0.58877210104111     0.0022998910   0.5887721010
G G G A    G G G A    -- 4156     0.0023250662   0.59521694284156     0.0023250662   0.5952169428
C T C T    C T C T    -- 4229     0.0023659059   0.60567190834229     0.0023659059   0.6056719083
T C C T    T C C T    -- 4246     0.0023754165   0.60810662634246     0.0023754165   0.6081066263
T A C T    T A C T    -- 4380     0.0024503826   0.62729793304380     0.0024503826   0.6272979330
T C C A    T C C A    -- 4380     0.0024503826   0.62729793304380     0.0024503826   0.6272979330
G C T C    G C T C    -- 4454     0.0024917817   0.63789611724454     0.0024917817   0.6378961172
T G A G    T G A G    -- 4493     0.0025136002   0.64348164674493     0.0025136002   0.6434816467
T C T T    T C T T    -- 4503     0.0025191947   0.64491383384503     0.0025191947   0.6449138338
A C A T    A C A T    -- 4510     0.0025231108   0.64591636484510     0.0025231108   0.6459163648
G G G T    G G G T    -- 4556     0.0025488454   0.65250442524556     0.0025488454   0.6525044252
C T A C    C T A C    -- 4580     0.0025622722   0.65594167424580     0.0025622722   0.6559416742
G C C C    G C C C    -- 4620     0.0025846501   0.66167042244620     0.0025846501   0.6616704224
A T A A    A T A A    -- 4698     0.0026282870   0.67284148154698     0.0026282870   0.6728414815
T G T C    T G T C    -- 4750     0.0026573783   0.68028885424750     0.0026573783   0.6802888542
G C T A    G C T A    -- 4751     0.0026579378   0.68043207294751     0.0026579378   0.6804320729
C T A T    C T A T    -- 4753     0.0026590567   0.68071851034753     0.0026590567   0.6807185103
G A C A    G A C A    -- 4795     0.0026825535   0.68673369604795     0.0026825535   0.6867336960
T C T C    T C T C    -- 4807     0.0026892669   0.68845232054807     0.0026892669   0.6884523205
A A T A    A A T A    -- 4824     0.0026987775   0.69088703854824     0.0026987775   0.6908870385
A G G T    A G G T    -- 4910     0.0027468900   0.70320384724910     0.0027468900   0.7032038472
C C A A    C C A A    -- 4928     0.0027569601   0.70578178394928     0.0027569601   0.7057817839
C A C T    C A C T    -- 4936     0.0027614357   0.70692753364936     0.0027614357   0.7069275336
A C C C    A C C C    -- 4967     0.0027787786   0.71136731354967     0.0027787786   0.7113673135
A G T T    A G T T    -- 5046     0.0028229750   0.72268159125046     0.0028229750   0.7226815912
C T C G    C T C G    -- 5047     0.0028235344   0.72282481005047     0.0028235344   0.7228248100
T T G T    T T G T    -- 5112     0.0028598985   0.73213402595112     0.0028598985   0.7321340259
T C A T    T C A T    -- 5151     0.0028817170   0.73771955545151     0.0028817170   0.7377195554
. . . .    .     . .      . . . . . .    . . . . . .. . . .    .     . .      . . . . . .    . . . . . .

Definition:
Given a substring  of  the of  in ,
denoted by ( ), is the string ,  such that
 every time  occurs in , it is preceded by  and
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Definition:
( ) ( )x x xy w imp y imp w≡ ⇔ =

Finding Equivalence ClassesFinding Equivalence Classes

abaababaabaababaababa$

1 2 3 4 5 6 7 8 9 0 1 2 3 4 5 6 7 8 9 0 1 2
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Finding Equivalence ClassesFinding Equivalence Classes

Finding Equivalence ClassesFinding Equivalence Classes
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Finding Equivalence ClassesFinding Equivalence Classes

Finding Equivalence ClassesFinding Equivalence Classes
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What’s next?What’s next?

§§ extension to other types of count and extension to other types of count and 
hidden Markov modelshidden Markov models

§§ estimation of statistical parameters by estimation of statistical parameters by 
“shuffling” “shuffling” 

§§ more experiments on more experiments on biosequencesbiosequences
and in other domainsand in other domains

§§ extension to approximate/flexible extension to approximate/flexible 
patternspatterns

How to choose the thresholdHow to choose the threshold
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