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Abstract DNA flexibility, allowing the helix to change physical

conformation, a common property of protein-DNA inter-
The problem of discovering arrangements of regions of  actions [24, 19, 14, 18].

high occurrence of one or more items of a given alphabet in

a sequence, is studied, and two efficient algorithms are pro- Despite the importance of “poly” regions, their algorith-
posed. The first one is entropy-based and uses an existing feic identification and study has received only limited atten-
cursive segmentation technique to split the input sequence iriten. One family of segmentation algorithms employ statistical
a set of homogeneous segments. The key idea of the sec@i@dhods based on: (1) the Maximum Likelihood Estimation
approach is to use a set of sliding windows over the sequend®LE) of the segments, which is computed for the segments,
Each sliding window keeps a set of statistics of a sequence s@f€n a restriction on their minimum length [12]. A dynamic
ment that mainly includes the number of occurrences of ea@fiogramming approach has been introduced in [3] that com-
item in that segment. Combining these statistics efficientButes the global maximum, whereas [2] proposed an exten-
yields the complete set of regions of high occurrence of tigon where there is no restriction on the segment size, (2) the
items of the given alphabet. After identifying these regions, thedden Markov chain model, proposed in [8, 9] to model the
sequence is converted to a sequence of labeled intervals (eg&gmentation of DNA sequences and predict the locations of
one corresponding to a region). An efficient algorithm for minpossible segments in mitochondrial and phage genomes, (3)
ing frequent arrangements of event intervals is applied to tH&e walking Markov model, which is a continuously varying
converted sequence to discover frequently occurring arrangétochastic process. Also, [10] examined the base composition
ments of these regions. The proposed algorithms are testethuman and~.coli genomes and analyzed the phenomenon

on various DNA sequences producing results with significa@f strand symmetry. i o
biological meaning. Simultaneously, there have been studies on similar prob-

lems, called “change-point problems”, that were applied to

. DNA sequence segmentation [7, 6, 5]. The basic form of the
1 Introduction ) . multiple change point problem assumes that there exists a set
In cells, DNA forms long chains made up of four chemicalyt qints in a sequence where the distribution of the sequences

units known as nucleotides: adenine (A), guanine (G), CytQnanges. They first determine how many change-points exist
sine (C), and thymine (T). In these DNA chains or sequences, 5 sequence and then find their locations.

a number of important, known functional regions, at both |arge Another fam||y of DNA Segmentation a|gorithms includes
and small scales, contain a high occurrence of one or mojgose that work in a hierarchical manner. In particular, they
nucleotides. We will refer to these as "poly” regions (for exemploy a recursive segmentation of DNA sequences, where
ample, a region that is rich in nucleotide A, is called poly-A)at each stage a split point is chosen based on a specific cri-
Such regions include: terion, e.g. the Jensen-Shannon Divergence [13, 19]. Such
e Isochores (multi-megabase regions of genomic sequencayorithms have been proposed in [4, 13, 19] and their main
which are specically GC-rich or GC-poor. GC-rich isofocus was to find domains in DNA that are homogeneous in
chores exhibit greater gene density. base composition or more specifically in C+G content. More-

e CpG islands (regions of several hundred nucleotides ri qyer. in [15] it is s_hown that the_re are many other apphca_—
in the dinucleotide CpG). The level of methylation of the lons of the recursive segmentation algorithm to the analysis

cystine (C) in these dinucleotide clusters has been ass%(-DNA sequences, such as detection of isochores (large ho-

" : o ogeneous C+G domains), CpG islands (small homogeneous
ciated with gene expression in nearby genes [12, 11, 1 ‘G domains), etc. Last but not least, a sliding window ap-

e Protein binding regions (tens of nucleotides long), wherproach with fixed size window has been applied to the human
dinucleotide, or base-step composition, can contribute tienome [18, 14] to dete&+ C-rich regions and CpG islands.



To the best of our knowledge, most current approaches tar- ™) @
get specific compositions (mainly+ C-rich or CpG islands). AACAAGAAAA AACAATCGCC
Furthermore, there have been no studies on any relations that ,t T ,t T
may occur between these regions. In this paper, we propose . ” I o
two general approaches to finding any type of “poly”-regions
in DNA, and apply an efficient mining algorithm to extract

. Figure 1. Example of twoH -regions.
frequent patterns between those regions. ]
In this paper: (1) we formally define the problem of detectProblem Statement: Given a sequencé = {s1, s2,..., $m },

ing regions of high occurrence of a literal or set of literals in & density constraint, a minimum window sizenin_win,
sequence, (2) we propose two efficient algorithms to solve ttfe maximum window sizenaz_win and a support thresh-
problem, (3) we further apply an efficient arrangement miningld min_sup, we want: (1) to discover the complete
algorithm to extract the complete set of frequent arrangemergt Hs of maximal H-regions in S, where each region
of these regions, (4) we provide experimental evaluation df “* = {Z, pstart, Pena} has density of at least and size

our algorithms by testing their efficiency on the dog genomelH**| = pend — Pstart + 1 € [min_win, max_win], and
then (2) givenH s and a support thresholain_sup, extract

the complete sef of frequent arrangements éf-regions in
Hs.

2 Problem Formulation

A sequence S = {si1, Sa2, ..., Sm} is an ordered list of
items, where each; belongs to an alphabgi. In the case of

DNA sequence, eact} corresponds to a nucleotide base ang’ Extracting H-regions

thusX = {A, C, G, T}, whereA stands forAdenine, C We present two approaches for extracting the setief

for Cytosine, G for Guanine andT for Thymine. regions in a sequence of items that belong to a given alpha-
A High regionor H-regionis a segment of, where there bet. The first approach is entropy-based and uses an existing

is a “high occurrence” of one or more items®f Let H4* =  recursive segmentation technique to split the input sequence

{Z, pstart, Pena} denote arf -region ofk items with density into a set of homogeneous segments applying measures of
d, that starts at item,,_, , and ends atiters,_ ,. Zisasetof divergence (in our case thkensen Shannon Entropsturing

items that works as a label for ti#&-region and is determined the segmentation, whereas the second one implements a set of
by thek dense items in théf-region. Also,s,,,.., € Z and sliding windows over the sequence.

Spona € Z. An H-region H4* has densityi, if each of thek
items occurs in the region with a frequency of at lejst %.

d is the minimum % in the segment of the item<in Given a
density thresholdnin_density, an H-region H** is densef

d > min_density. Consider for example the twH -regions
in Figure 1; (1)H®"! = {{A}, 5, 14}: in this case we have a
region of “high occurrence” of nucleotidéwith density80%,

3.1 Recursive Segmentation

The idea of recursive segmentation based on a measure of
divergence has been used in earlier works, [4, 13, 19], and
[15] describes how it can be applied to DNA for detection of
G+C-richregions and’pG islands. In this section we present
an approach that applies the standard recursive segmentation
algorithm used previously targeting any type of “poly”-region.

(2) H32 = {{A, C}, 20, 29}: in this case we have a region g in dift . hie that th .
of “high occurrence” of nucleotided andC, where each one € main diflerence in our approach 15 that t 1€ recursive seg-
mentation does not use the standayd4] stopping criterion;

has a density 0f0%. Notice that the density is meaningful for . . .
small values of:. In the case of DNAE should either be or instead, the recursion stops when the size of a segment drops

S : : - helowmaz_win.
2, i.e. if aregion has a high occurrence of all four nucleotide® The input sequence is recursively segmented, ensuring that

(or of tth re?-:t) then the OC,\? utrretrrllc?fhar(ta rathe1r”randlom an:jj hqxg homogeneity difference (in our case the entropy) between
no particuiar meaning. Note that the err‘qm y-region and. o segments is maximized. To define the homogeneity differ-
H-regionare synonyms and are used interchangeably in thé%ce between two segments, an appropriate meassiesed.
paper. : ! ]
Given twoH-regionsH™* = {T', pl,. .. oL b, HYF = Thgre is a variety of measures thgt can be used for the segmen
. ak Ak tation process, like the quadratic divergence (QD) [19], the
{72, p? p? .}, the merging of H{"" and Hy" is a : A
7 Zstarty Pend ! o2 Jensen-Shannon Divergence (JSD) [13], the Gini-Index, etc.
new H-region H:F = {712, pl2 = pl2 1 with pl2 = = - -

S , 12 » Pstarts Pend[» stars In this work, we use thdensen-Shannon divergence
’rnlln{pséarhps.tart}’ Pena = m_ax{pend’pend}' and7 > The target of the segmentation is a set of regions, where,
I" = I*. Notice thatdrpergmglls olnly allolwed'whdr.% =1 in each region, thelensen-Shannon Entropy maximized.
Also, anH-region H;"" = {I", Patart; Penal IS said to be T achieve that, the input sequence is recursively segmented
contained in anotheH-region Hy"" = {Z2, p%.,,., 2,4}, and each time a split point is chosen where the JSD value be-
if p2are < Dliarts P2ng = PL.g @ndZ' = Z2. A dense tween the two segments is maximized, i.e. the distributions of
H-regionH** is maximal if there exists ndi-regionHZ>*  the items in the two segments have maximal JSD value from
such thatl, > min_density and H{ihk‘ is contained ing%k_ each other. The recursive segmentation stops when it reaches

a segment of size fromin_win t0 max_win. The final seg-



mentation includes a set of regions of the desired size that ateregion we insert it intd. based on its label. .
candidates for being-regions. Through a sequential scan, Notice thatateach step we do not need to check all the win-
each segment is checked whether it satisfies the density céifws. Instead we can start with the window of maximal size

straint and it is further expanded both ways until the densi@nd prune some of the smaller windows. More specifically,
constraint is violated. the value of each counter in a large window is an upper bound

To improve the efficiency of the segmentation we apply &or the value of the corresponding counters in the smaller win-
preprocessing step, which has been proposed in [15] for thews inW. Let the number of items of typein w' be N!.
detection of isochores. When looking féf-regions of two  Then, is dense inv’, if lgl > d. Hence, the maximum size
nucleotides, say nucleotidé andG, the original sequence is

: of the window were these items (of typg can fit and fulfill
transformed to a new sequence that consists of only three types -

of literals: those that correspond to nucleotideandG, and the densﬁy constralnt. 'é\t%' B'ased on this observation, we
those that do not (represented by litekdl. For examples = can start with the maximum window and then apply the bound

ACAAAGCC A will be converted ta” — AX AAAGX A on each counter. This indicates which windows of the lower
The benefit of this replacement is the following: consider ‘leevels should be searched for a candidBleegion for each

: . . : - _ftem.
subsequence that is being split by the algorithm. If a high” sliding window approach makes sense when the
occurrence of two types of nucleotides occurs in one of th£

: . habet size is small, which holds for the application this
subsequences, |t_s entropy will b.e larger 'Fhan that of the oth g)per is focused on, i.e. the DNA alphabet size is only four.
subsequences, since all nucleotides of different type (than the
two frequent ones in the first sequence) are represented by one . .
literal. Also notice that the above replacement improves tfé Discovering Frequent Arrangements of H-
runtime of the algorithm, since the alphabet size is reduced, Regions in a DNA Sequence

achieving faster entropy calculations. Next, we apply an efficient algorithm [17] for mining fre-
3.2 Sliding Windows guent arrangements @f-regions on a single input sequence

The key idea behind this approach is to use a set of sli@f event intervals.
ing windows over the input sequence. Each sliding window.1 Background

keeps statistics of a segment tha@ maiply include the number | ot ¢ = {E\, Es, ..., E,} be an ordered set of event inter-
of occurrences of each alphabet item in that segment. CoRs calledevent interval sequenaer e-sequence As seen
b|n|ng.thes_e statistics efficiently produces the complete set Bfeviously, eaclt; is atriple(e;, ti,,,,, ti ), wheree; is an
H-regions in the sequence. event labelt?,,,, is the event start point and,,, is the end

More formally, our algorithm is given a sequengea den- . 1
sity factord, a minimum window sizenin_win and a max- point. Thg eyents are ordered 4by the sitart point. If an occur-
rence of; is instantaneous, thet,,,,., =t An e-sequence

imum window sizemax_win. The first step is to define a . : cend’ . .
set of sliding windowsV. LetW — {w!, w?, , ... ,w"}, of sizek is called ak-e-sequencdf the first event interval in

i - i intl
wherew corresponds to sliding window i and — |W/| = an e-sequence of size starts at point,,,,., and the last event

maz.win — min.win + 1. Each sliding windoww’ is a interval in the e-sequence ends at pojjt;, then thewidth of

X S » - I the e-sequence is equaltf,; — tl,,.. + 1.
triple {C*, w44, w4}, WhereC® is a set of statistics for = “ap, arrangementd of n events Is defined ad = {€, R,

w', Wiary 1S AN index to the starting position af on.S'and  \ypere ¢ is the set of event intervals that occur iy with
; Wstart . s )
Wenq IS @n index to the ending position aft on 5. C'is & ¢ = 1, and R defines the pairwise relations between the

set oft counters{C;, Cs, - Ct} one for each item irE. 4\ ent labels ir. The size of an arrangemert = {€, R}
The value of each counter is the number of occurrences of t equal to|€]. An arrangement of sizé is called ak-

corresponding item in the window. Moreover, the pieceof arrangement Given an e-sequence s containsan arrange-
covered byWV is stored at each time instance. Given this set;oni 4 = (€, R}, ifall the events in4 also appear is with

ting, at any time, we can extract the tédfrequent items in yho same relations between them, as defineli.iExtending

each window. : .
The next step is to identify the set éf-regions using/V. .[17]’ we CO”S'deT seven types of _relatlons betwgen two event
intervals shown in Figure 2. Using these relations, general

Particularly, all the windows defined W will be sliding si- i

multaneously. Conceptually, the above setting can be Seenaé‘gangements can be defined.

having M = maz_win — min_win + 1 levels of windows, 4.2 The Algorithm in Detail

one for each size. At any time instance, we check the statistics Given an e-sequencg, the algorithm uses a sliding win-
stored under each window W/ . If a set of items in a win- dow w of sizewin to scan the whole e-sequence.is ini-

dow w’ is found to satisfy the density constraint, thehis tially placed at the beginning of the e-sequence and includes
reported as arif/-region. In parallel, we keep a ligt of the the firstwin event intervals (in our casé-regions) ofS. The
H-regions discovered so far. Each recordlircorresponds window keeps sliding to the right (one event interval per slide)
to an H-region label and points to a list of all thé-regions until it reaches the end dof, i.e. its right end includes the
discovered so far with this label. Upon discovery of a nevast event interval of5, for the first time. Based on this for-
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Figure 2. Basic relations between two event-intervals. Arrangements for Chromosomes2 and38 of the Canis Fa-

mulation, a total 00 = |S| + win — 1 windows is defined ~ Mmiliaris.
over the sequence. The frequency of an arrangemeside-
fined as the fraction of windows in whicd occurs. Thus,

given A and a window of sizevin, the frequency ofd is: . ° ) -
input sequence, (2) density of thé-regions, (3) size of the

Jreq(A,win) = {w]A occurs in w}]
Th ’ lqorith h i minimum and maximum windows. _ _
e algorithm uses tharrangement enumeration tree Regarding runtime, the basic observation was that the slid-

structure, introduced in [17], which is traversed in & DF$nq window approach outperformed the recursive segmenta-
manner. The discovered arrangements are stored in a gy approach both in small and large window ranges and den-
L, along with their frequencies. In each windaw the set gty values. In Figure 3, we show the performance of each
of arrangements contained in is identified, and the list 450rithm with regard to the density factor, which has been

of active arrangements is updated. If a new arrangement,,aried from 40% to 80%, on Chromosoméapproximately
is found, it is inserted intd. with support valuel. If an 197 million bases).

arrangement already exists in its frequency is increased by ~ As far as accuracy is concerned, the sliding window ap-
one. The complete set of frequent arrangements is determin@@ach finds the complete set éf-regions because it does
by scanning the whole sequence and by increasing the suppaxhaustive search. The recursive segmentation approach had
of each arrangement by one, for every window in which ipoorer performance but did not drop below 85% in accuracy.
occurs. Eventually, the complete set of frequent arrangemerTthis was expected, because the recursive segmentation, might
of H-regions inS is produced, by extracting those arrangeehoose split points inside sondgé-regions, and especially at
ments inL with support that satisfies the minimum supporthe early segmentations when the segments are large. The
threshold. accuracy of the recursive segmentation varies between 85%
and 90%, performing slightly better in small sequences (Chro-
mosome38) and slightly worse in larger sequences (Chromo-

5.1 Extracting H-regions
The following factors have been considered: (1) size of the

5 Experimental Evaluation somesl and X). We also tried the recursive segmentation
Our  datasets  were obtained from NBClwithout the sequence conversion described in Section 3.1 and
(http://www.ncbi.nim.nih.gov ), that includes the performance dropped by an averageidh.

sequence records and map data generated at NCBI or use@p Extracting Frequent Arrangements

NCBI resources. The files in this directory provide assembled Finally, the mining algorithm, described in Section 4, has
sequences for the chromosomes of the reference assemplyen applied to the extractei-regions to detect frequent
For our experiments39 chromosomes (including th&X  arrangements between them. Specifically, the algorithm has
chromosome) of the organisanis familiaris (dog) peen applied on the extractéfiregions of Chromosomels
have been used. Before applying our algorithms, the inpatand3s of the Canis Familiaris. The size of the sliding win-
DNA sequences have been pre-processed to remove Higy was1000. We managed to extract an interesting number
runs of Ns. Eventually each sequence followed alphabeff frequent patterns. In all three cases a great number of over-
¥ = {A,C,G,T}. The experimental evaluation is divided|aps and contains has been detected betwiéeagions ofC

into two phases. In the first phase, our algorithms have begfd:. These regions are in fact ti@+ C-rich ones, and the
applied to39 chromosomes and have been compared in termgs,; islands. Figure 4 gives a sample of the frequent arrange-

of runtime and accuracy. In the second phase, we applied thants that have been extracted for Chromosomesand38
mining algorithm described in Section 4 to extract frequerds the Canis Familiaris
arrangements aff -regions or3 chromosomesl( 2 and38). By and large, an interesting humber of arrangements was
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Figure 3. Results on Runtime Comparison: (a)Runtime Performance of the Two Algorithms for Chromaswointiee Canis Fa-
miliaris, with window range [8,32].; (b)Runtime Performance of the Two Algorithms for Chromodonfithe Canis Familiaris, with

window range [18,64].

detected for these Chromosomes, with the minimum suppoif’] E. Carlstein, H. G. Mueller, and D. Siegmund. Change-point

threshold varying fron60% to 40%. Chromosome38 gave

the greatest number of arrangements despite the fact it was tff@

smallest (in length) chromosome examined. The size of the

extracted arrangements was limited between two and thre&®! G- A- Churchill

Note that in the above experiments the size Fbfregions

was in the rangél18,64]. When the algorithm was applied [10]

to smaller H-regions (of size[8,32]): (1) the number of

arrangements increased, (2) there was a significant increggg

in the number of relations of typfollow, which is expected,

since the smaller the size of event intervals, the greater tfep]

chance of gfollow to occur.

(13]

6 Future Work

Some directions for future research include: (1) improvel4]

ment of our algorithms to be able to work efficiently for larger

alphabet sizes, (2) application of our algorithms to proteins
and (3) application of the mining algorithm to multiple DNA
and protein sequences aiming the detection of arrangements of
H-regions that occur frequently in these sequences.

References
[1] J.F. Allen and G. Ferguson. Actions and events in interval te

(2]

(4]

poral logic. Technical Report 521, The University of Rochestgl,
July 1994.

I. E. Auger and C. E. Lawrence. Algorithms for the optimal
identification of segment neighborhood®ulletin of Mathe-
matical Biology 51:39-54, 1989.

ance segments in sequential dafithematical Geologyd:55—

61, 1977.

P. Bernaola-Galvan, R. Roman-Roldan, and J. L. Oliver. Com-
positional segmentation and long-range fractal correlations in
dna sequence®hysical Review F53:5181-5189, 1996.

[5] J. V. Braun, R. K. Braun, and H. G. Mueller. Multiple change-

point fitting via quasi-likelihood, with application to dna se-
quence segmentatioBiometrica 87:301-314, 2000.

[6] J.V.Braun and H. G. Mueller. Statistical methods for dna seg-

mentation.Statistical Sciencgel 3:142-162, 1998.

[15]

[16]

[18
[19]

[3] T. R. Bement and M. S. Waterman. Locating maximum vari-

problems.Lecture Notes and Monograph Seri@8(2), 1994.

G. A. Churchill. Stochastic models for heterogeneous dna se-
guencesBulletin of Mathematical Biologys1(1):79-94, 1989.
Hidden markov chains and the analysis of
genome structure.Computes and Chemisiri6(2):107-115,
1992.

J. W. Ficket, D. C. Torney, and D. R. Wolf. Base compositional
structure of genomessenomics13:1056—-1064, 1992.

C. Freksa. Temporal reasoning based on semi-interyatsfi-

cial Intelligence 54(1):199-227, 1992.

Y-X. Fu and R. N. Curnow. Maximum likelihood estimation of
multiple change pointsBiometricg 77:563-573, 1990.

I. Grosse, P. V. Galvan, P. Carpena, R. R. Roldan, J. Oliver, and
H. E. Stanley. Analysis of symbolic sequences using the jensen-
shannon divergenc&hysical Review F55:041905, 2002.

F. Larsen, G. Gundersen, R. Lopez, and H. Prydz. Cpg islands
as gene markers in the human genon@enomics 13:1095—
1107, 1992.

W. Li, P. Bernaola-Galvan, H. Fatameh, and |. Grosse. Ap-
plications of recursive segmentation to the analysis of dna se-
quencesComputes and Chemistr26(2):491-510, 2002.

H. Mannila and H. Toivonen. Discovering generalized episodes
using minimal occurences. IRAroc. of ACM SIGKDD pages
146-151, 1996.

P. Papapetrou, G. Kollios, S. Sclaroff, and D. Gunopulos. Dis-
covering frequent arrangements of temporal intervalRrbt.

of IEEE ICDM, pages 354-361, 2005.

J. C. Venter. The sequence of the human genoiBeience
291:1304-1351, 2001.

C-T. Zhang, F. Gao, and R. Zhang. Segmentation algorithm for
dna sequence$hysical Review E72:041917, 2005.



