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Abstract—Hannenhalli and Pevzner developed the first consequently producing misleading results for more complex
polynomial-time algorithm for the combinatorial problem of  genomic data. Several models have been developed to account
sorting of signed genomic data. Their algorithm solves the ¢, gane duplication for the analysis of genome rearrangement.

minimum number of reversals required for rearranging a genome - . .
to another when gene duplication is nonexisting. In this paper, we Sankoff [6] designed a branch-and-bound algorithm to find an

show how to extend the Hannenhalli-Pevzner approach to genomes €xemplardistance between genomes. The idea is to delete
with multigene families. We propose a new heuristic algorithm all but one gene in a gene family, so as to minimize the
to compute the reversal distance between two genomes withreversal distance between the related genomes. eXamplar
multigene families via the concept of binary integer programming problem is not only NP-hard [9] but also unlikely to have

without removing gene duplicates. The experimental results on | ial ti tant rati imati lqorith |
simulated and real biological data demonstrate that the proposed polynomial ime constant ratio approximation aigorithm uniess

algorithm is able to find the reversal distance accurately. NP=P [10]. Nguyeret al. [8] proposed a divide-and-conquer
approach for calculating thexemplardistance by partitioning
l. INTRODUCTION the gene families into disjoint subsets. All copies but one of

The appearance of gene content and gene order data éa@sh gene had to be deleted in each two genomes causing
taken phylogenetic studies to a new level. The differencide-effects like loss of data and accuracy [12]. Recently,
between the order and orientation of genes on a chromosoB8teen et al. [7] proposed an efficient and effective heuristic
in two genomes can be used as a measure of evolutionafgorithm (SRDD) for solving thesigned reversal distance
distance. The gene order and orientation change very slowlith duplicates problem using the techniques a@hinimum
due to evolutionary events such as reversal, transposition aanmon partitionand maximum cycle decompositionThe
translocation. Hannenhalli and Pevzner [3] developed a ttsgned reversal distance with duplicates is NP-Hard as are both
ory for signed permutationgof genes) and an algorithm fortechniques [7]. Due to the size of genomes, the computational
computing the reversal distance between two genomes in pad§ficiency is an extremely important aspect of the analysis of
nomial time — indicating the extent of genome rearrangemeaggnome rearrangements. SRDD is a part of a state-of-the-art
required. Henceforth, a sign (+ or -) is associated with easlistem for ortholog assignment by reversals (SOAR).
gene representing its transcriptional orientation, i.e. on whichin this paper we ask how the minimum reversal distance
of the two complementary DNA strands the gene is locatechn be determined efficiently and accurately in the presence of
El-Mabrouk [2] extended the Hannenhalli-Pevzner theory taultigene families. We propose a new heuristic algorithm to
compute the edit distance for inversions and deletions, and ford the canonical permutation of gene duplicates that obtains
inversions and insertions not resulting from gene duplicatiothe nearestminimal signed reversal distance for multigene
The best running time fosorting by reversalss quadratic [4], families (SRDMF). We extend the concept of a breakpoint
while thereversal distancean be computed in linear time [1].graph [3] to cope with multigene families. The key idea of our
With the more general aim of constructing a phylogenetic tremethod is to generate @ancomplete breakpoint graptvhich
the method ofsorting by reversalcan evaluate the distanceallows for exploring gene-gene relationships across the two
between any two genomes (species) in the tree. genomes, efficiently and accurately, by maximizing the number

However, duplicated genes account for about 38% of tlé graph cycles. The technique Bfnary Integer Programming
human genome, 44% in bacterial genomes, and about 40%BiP) is applied to find a set afray edgeghat minimize the
archaebacterial genomes [11]. The Hannenhalli-Pevzner themyersal distance.
does not account for duplicated genes and the algorithm isThe SRDMF algorithm has been tested on both synthetic



and real biological datasets (from human, mouse and ratgkay edge, andbad (unoriented) otherwide

chromosomes), and compared with the SRDD algorithm [7]. A hurdleis an unoriented component which does not contain
The experimental results demonstrate that our algorithm genether unoriented component and does not separate other unori-
ally outperforms the SRDD algorithm in terms of accuracy adnted components. A hurdle is calleduaperhurdleif it were
determining the minimal reversal distance (based on the knoeliminated, a nonhurdle would emerge as a hurdle; otherwise it
minimal reversal distance). is asimple hurdle A fortressexistsiff there is an odd number

The rest of the paper is organized as follows. Section @f hurdles and all are superhurdies. N
introduces the preliminaries of our approach. Section Ill de-A reversal py(i,j), for any k and 1 < i,j < n,

scribes our heuristic algorithm (SRDMF). Section IV presen@ 7 = (m1,m,...,m,) transforms « into p;*(i,5) =
the experimental results. The conclusion and further work aﬁ'@u ey =Ty =M1y, Ty ..., o). A reversal distance
discussed in section V. is the number of reversals, (i1, j1) p2(iz;j2), -- - pelit, i)

of minimal length¢ required to transformr to ¢. We use
d(m) to denote theminimal reversal distancéetweens and
¢. The minimal reversal distance necessary to transforto

. P
RELIMINARIES ¢ of permutation lengtm is given by the formula [3]:

Our approach is based on Hannenhalli and Pevzibeeak- d(m) = b(m) — c(m) + h(m) + f(m) @)

point graph [3] for sorting signed permutations by reversal%hereb(w) is the number of black edges(r) is the number
To understand our extensign we briefly introduce the basi¢ cycles inG, h(r) its number of hurdles, and(r) is equal
concepts of the Hannenhalli-Pevzner theory. to 1 if fortresses exist iy and zero otherwise.

Let 7 and ¢ be signed permutations of sizg such that  From Fig. 1, the permutation has 15 black edges, 6 cycles,
T = (£m,...,xm,) and ¢ = (£¢1,...,+¢,). Typically, 2 hurdles, and nonfortress. By using the equation (1), the
¢ is an identity, i.e.p; = i. Let the unsigned permutationreversal distance of the permutationlis— 6 + 2 + 0 = 11.
7w = {my, ™, ..., Ty, Ty } De defined such thatiy = 0, The probability for a given component to be good is greater
Tyne1 = 2n+ 1 and for all4, each; is replaced by the than its probability to be bad, the number of hurdles is close
(2m; —1,2m;) if m; > 0, and replaced by the2|m;|,2[m;[ — 1), to 0 [13]. The number of cycles is the dominant parameter in
otherwise. The unsigned permutatiphis defined in the same the HP formulate ford(r), if b(r) is considered as constant.
Wa.y a.S’]T/. We will Only discuss the distance from a genomﬁlotice that more Cyc'es mean less reversals.
7 to theidentity genome¢ = (1,2,...,n). Without loss of

generality, we always compute the distance between any twolll. COMPUTING THENEARESTMINIMUM REVERSAL
genomesr and ¢. DISTANCE FORMULTIGENE FAMILIES

To find the minimum number of the reversaiequired to In the presence of duplicated genes, let the det=
transformm to ¢, Hannenhalli and Pevzner’s algorithm depend§y,, go, ..., gx} be the set of genes (as a uni-chromosome
on a bi-colored cycle grapf), called thebreakpoint graph permutation)r of lengthn. Eachg; is represented by a symbol,
constructed fromr’ and¢’. Two genesr; andr; (1 < j < i< a character or a number. For each gengl < i < k), let
n) in a genomer are said to beonsecutivef |m; — ;| = 1. K(g;) be the number of occurrences (+ or -) of a symbpl
There is abreakpointbetweenr; andr; in 7 if m; andw; are in = and ¢ such thatK(g;) > 1. A gene is called asingle
not consecutive. Thbereakpoint graph G = (V,Epf  (with if it is the only member of a gene family in that genome,
respect to the unsigned identity permutation) is constructed hy(g;) = 1. Otherwise the gene is referred to as a member
arranging in a sequence a@f + 2 vertices, corresponding to of a multigene family Since the breakpoint graph is unable to
the element ofr’. Each edge joins every pair of consecutivaccount for members of gene families, each member element,
elements ofr , i.e. starting with 0, callecblack edgeor reality 7;, must be systematically renamed to achieve the minimum
edge and every other pair of consecutive integess, starting reversal distance.
with (0,1), (2,3), ..., (2n,2n + 1) calledgray edgeor desire Consider an example shown in Fig. 2. Genesand 74
edge A gray edge iorientedif it links two left vertices of two contain the same element 2 ang, 79, and w1y contain the
black edges, or two right vertices of two black edges, otherwisame element 3. These two gene families are rearranged and
it is called unoriented An example of a breakpoint graph isrelocated at new positions i. To uniquely rename each
shown in Fig. 1. The example graph decomposed into a sment, first, all elements im are renamed according to their
of disjoint color-alternating cycles. By the size of a cyclepositions with respect t@. Symbolsz;, x5 are introduced
we mean the number of black edges it contains. The number

of cycles of breakpoint graph is maximized WheFF¢). A IHannenhalli and Pevzner proved that the good components can be trans-
ormed to a set of cycles of size one, by a sequencgoofl reversalghat do

componentqf Gis a_mwlmal_SUbset_ of crossing cycl_es. éot create any new bad components. Bad components relaiteeversals
component iggood (oriented) if it contains at least one orientedo be solved.
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Fig. 1. Breakpoint grapltZ for the permutationr with respect to the identity permutation of sire= 14. Connected componeutis oriented anda, b, ¢
andd areunoriented Unoriented componerit andd are hurdles and also superhurdles, but unoriented compeneamt ¢ are not hurdles. Th¢ is the cycle
of size 1.

astemporary namesor all duplicated elements labelled 2 and < k£ < 3, must be 14, 16, or 18.
symbolsy;, y» and ys are introduced as g&emporary names  With all temporary names ir,1 pllace, dllack edgesandgray
for all duplicated elements labelled 3. The renaming resuksigesare identified. The paifr;, 7;) in IG, 1 <14 < j < 2n+

for both 7,,¢., and ¢y, (identity) are shown in Fig. 2. 2, is connected by a black edgerif or 7 is avariable or both
m; and; arevariableswith different temporary names. The
pston |1 2 3 4 5 6 7 8 9 10 11 12 gray edges are determined as usual but by handling variables
T 4 1 2 2 5 6 7 3 3 3 8 9 as follows.
® 12 2546 333 8 7 9 Let E, be the set ofjray edge groupgp) separated by the
Mo, |5 1 x,x, 4 61 v v, v 10 12 pair of non_-gxisting gray edgesI_nG. Each group is compo_sed
0 of all possibible gray edgeg) with respect to its non-existing
new |1 23 4 5678 9 101 12 gray edge. For the example in Table |, there are seven groups

(E1, Es, ..., E7) corresponding to non-existing gray edges,

(2, 3), (4, 5),... (18, 19). To form the possible gray edges

for group E; (2, 3), the element 2 exists in th&> but the
The elements:; andz, in m can be assigned two possibleelement 3 does not exist for any point fid7. According to

labels (2 or 3) and, similarly, the elements y2, andys in # the assumption, the possible gray edges in this case a2

can be assigned three possible labels (7, 8 or 9). Therefore,) andes:(2, x21) because either;, or xo; must be named 3.

there are2! x 3! possible name assignments. Each assignmdrite other groups are handled similarly. Table | summarizes all

may result in a different reversal distandér), estimated from possible edge groups for the temporary namemdy. Each

equation (1) or computed by other reliable computing reversal denotes each possible gray edge and isi@sion variable

distance tools [1][5]. The minimali(7) can be found by for the integer programming procedure. The value is equal to

generating and testing all assignments. However, time grolvdf the edge is selected, otherwise 0.

exponentiallywith the number of duplications. Therefore, we With the complication introduced by gene families, we

turn to a heuristic method for assignindgiaal name for each classify the type of cycle into three types which are

temporaryname. 1) Type Ais the complete cycle (as per the breakpoint graph,
In the exampler’ of = = (5, 1, z1, x2, 4, 6, 11,91, Y2, ¥s3, size of cycle> 1).

10, 12) becomes’ = (0, 9, 10, 1, 211, w12, To1, T22, 7, 8, 2) Type Bis the incomplete cycle with constants.

11, 12, 21, 22311, Y12, Y21, Y22, Y31, Y32, 19, 20, 23, 24, 25)  3) Type Cis the incomplete cycle with variables.

where z1, xo are replaced byxi1,z12), (z21,222), andy;, Note that transforming from an incomplete breakpoint graph to

y2 andys are replaced byyi1,v12), (Y21, y22) and (ys1, ys2), its complete breakpoint graph, the number of tybeycles is

respectively. Fronx’, first, itsincomplete breakpoint graph constant, while the number of tyge cycles become 0, and the

IG , is created (incomplete in the sense that the actual nanmesnber of typeC cycles is constant or is reduced. There are

of z;, for 1 <14 < 2 andy;, for 1 < j < 3 are so far unknown). two cycles oftype Aand seven cycles dpe Cin Fig. 4.

The example of incomplete breakpoint graphty , is shown in While completing the breakpoint graph the set of gray edges

Fig. 3. needs to satisfy the properties: (1) every non-linking vertex is
The names ofz;, 2, can be either 2 or 3 and the names dhcident to exactly one gray edge; (2) only a gray edge from

y1, Y2 andys can be either 7, 8 or 9. Hence, the names @f each edge groupFy) is selected.

must be 3 or 5, forl <14 < 2 and the names afj, must be Equation (1) provides the essential clue to achieve the

4or6,forl <j<2. Inthe same way, the name 9f,;, for minimum number of reversals by minimizirigr) — c(x). This

1 < m < 3, must be 13, 15, or 17 and the namewaf, for implies that the selected gray edges must createriz@mum

Fig. 2. The example of two copies of eleménhand three copies of element
3 and the renaming resultsye., and ¢new by temporary name: andy.
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Fig. 4. All of cycles inIG, nameal anda2 are thetype Aandcl, ¢2, ¢3, ¢4, c5, ¢6, c7 are thetype C

number of cycles To find the maximum cycles, we set the | Algorithm SRDMF . .
Input:  two genomes 1t and ¢ (included gene families)

Weight W; for each edgezl is defined as the fO||OWing CaSesS | Output: The selected gray edges are completed the incomplete breakpoint graph.
and the examples are shown in F|g 5. 1. Rename each family size 1af  according to its positipn,amd rename each family
case liwi =1if e forms the cycle size 1. of size greatgr than 1 by.temporary varlgbles and keep the mapping position.

2 o if ) 'oins b tWwo vertices in the same 2. Transform signed to unsigned permutation. For each vaniable g, replaﬁe by 92 and
_Case F Wi = €i J y 3. Construct the incomplete breakpoint graph (IG) for unsigned permutation.
mcomplete CyC|e. 4. Identify all black edges and gray edges in IG.

case 3:w; = 3 if ¢ joins by two vertices in the different | 5. !dentify possible gray edge groups (E) and gray edges (e) and weight for each gra:
6. Formulate the binary integer programming from equations (2) - (5).

incomplete CyCIeS- 7. Solve the binary integer programming.
The following notation is used for describing the application
of binary integer programming. Fig. 6. The outline for heuristic algorithm SRDMF.
lik : equal to 1 if edges;, belongs to
an incomplete cycle;, otherwise 0. Once this algorithm is completed, all variables are assigned
T, the number of incomplete cycles type actual values. Equation (1) can then be applied to compute the
T., the number of variables for a cycle. minimal reversal distance between the two genomes.
T, the number of possible gray edges.
T, : the number of possible gray edge groups. IV. EXPERIMENTAL RESULTS
Tg, @ the number of possible gray edges for grqup  We have implemented our algorithm (SRDMF) in MATLAB
version 7.0 and tested it for correctness and perfornfaribest
Objective function: Minimize ZZle w; - e 2) data fell into two categories: synthetic data and real biological
i e T -7 :
Constraints: 33,2, i =T, data
ETE forlz 1l () A. Synthetic data
P €; = )
=t forp=1t07, (4) In order to rigorously test correctness we compare the
e; €{0,1} 7 (5) calculated reversal distance with the exact minimal reversal
3 b

distance that obtained from the reliable program (GRABPA)

The objective function (2) minimizes the weight of Candidatghe accuracy was compared to that achieved with the SRDD

edges (.the minimal Welght forms the maximum C_yCIeS)' TheZAII testing was performed on a Sony laptop with 1.6 MHz Pentium IV
constraint (3) ensures that the number of selecting edges processor and 1 GB of RAM, and running the Linux operating system Redhat
does not exceed total number of variables for each cygle version 8.0. The BIP was solved by optimization toolbox for MATLAB version
constraint (4) ensures that only one possible gray edge’i§ (the moduldintprog. - o

. : We use the GRAPPA version 2.0 [1], module infdist only, to compute
_sele_cted_for _eaCh group. The outline for the SRDMF algorith{fe reversal distance for al possible combinations to identify the one that has
is given in Fig. 6. the minimal reversal distance.
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Fig. 5. The example of connecting edggfor all three cases.

algorithnt'.  Although the SRDD was not originally proposedrom human X chromosome, 1030 genes from mouse and 899
to compute the reversal distance, its objective is closely relatgeines from rat, respectively. We also have used information
to that of the problem addressed here. The synthetic data aebut gene families from this site (as shown in Table II).

is generated as follows: There are 355 families of size one between human-mouse, 321
1) Start fromr with n distinct symbols whose signs are als®etween human-rat, and 348 between mouse-rat. By using the
generated randomly. SRDD, the breakpoint and reversal distances between human-

2) After that, random|y generaté families, where each mouse are 143 and 123, between human-rat are 135 and 117,
family has random siz8 < K(f;) < 5, i.e. recursively between mouse-rat are 188 and 155, respectively. We ran
combining single gene until the size equalsKgf;). SRDMF for all genome combinations. The results are shown

To obtain the genomes, we perform¢ random reversals N Table Il. _ .
uniformly over the genome. We ran the SRDMF and SRDD  The comparative results for all three pairs of genomes are
on ten different instances af. Fig. 7 shows the averageSUmmarized in Table_ II. Th_e results show that SRDD and
performance of both algorithms over the ten instances in tefRDMF determine similar distances for human-mouse and
of reversal distance, contrasted with the exact minimal rever§aiman-rat. We believe that the non-distinct result is due to
distance as determined by GRAPPAVisY). the low estimated reversal distance between hgman—mouse

On average, each run of the SRDMF algorithm takes abdiid human-rat (34 and 35% of the number of single genes,
10 seconds while the SRDD takes less than 5 seconds (F&Pectively). According to the synthetic data, both SRDD
believe this is because SRDD uses a simple greedy algorithn#ffl SRDMF obtain similar minimal distances wherc 35.
find the maximum number of cycles). Our heuristic algorithdifowever, the SRDMF improves slightly on SRDD for the
consistently produces a closer estimate of the exact minirﬁ%@use'rat calculation, both in term of breakp0|.nt and reversal
reversal distance compared to SRDD, for each 35. How- distance. Noteworthy, the estimated revgrsal distance between
ever, both algorithms overestimate the actual reversal distafie@use and ratis 45% of the number of single genes. We expect
(t), for eacht > 35. These statistics indicate that our algorithni© Sé€ a greater improvement for SRDMF for genomes that are
is quite reliable in finding the nearest minimal reversal distant@ss related.
with multigene families.

V. CONCLUSION

B. Real biological data

We downloaded the X chromosome of human, (Homo W& present a new heuristic algorithm to find the nearest
Sapien, NCBI build 34, July 2003 UCSC hg 16) mous@inimal reversal distance between genomes with multigene
(Mus musculus, NCBI build 32, October 2003; ucsdamilies. The approach uses the notion of a breakpoint graph,
mm4) and rat (Rattus norvegicus, Baylor HGSC v.3put readily provides means for exploring possible combinations
June 2003; UCSC m3) from the SOAR web pag@f duplicate genes across genomes. The exploration is done

(http:/Avww.cs.ucr.edu/xinchen/soar. hjmTThere are 922 genesYSing binary integer programming optimization based on pre-
determined penalties for properties of an incomplete version of

4The executable program is provided from the authors [7]. the breakpoint graph.
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Fig. 7. The reversal distance of both algorithms comparing with the exact reversal distance.
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