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Abstract—Because of the advent of high-throughput sequenc- of relevance to phylogenetics include genome duplication,
ing and the consequent reduction in cost of sequencing, many |ateral gene transfer, inversion, transposition, detetand
organisms have been completely sequenced and most of theirinsertion. Phylogenetic analysis of whole genomes thatehod

genes identified; homologies among these genes are also gettin9h t f t ina to b t | ful |
established. It thus has become possible to represent whole ese types or events are proving to be extremely useiul in

genomes as ordered lists of gene identifiers and to study the evolu-€lucidating the evolutionary relationships among orgasis
tion of these entities through computational means, in systematic [9]. Since the pioneering papers of Sankoff [3], genome

as well as in comparative genomics. As a result, gene order rearrangement data has attracted increasing attentiontfosh

data (also known as genome rearrangement data) has attracted p;q|0gists and computer scientists as a new type of data for
increasing attention from both biologists and computer scientists . .
phylogenetic analysis.

as a new type of data for phylogenetic analysis. Methods for ) o
reconstructing phylogeny from genome rearrangements include ~ During the past several years, computer scientists have bee
distance-based methods, MCMC methods and direct optimization able to make substantial progress in genome rearrangement

methods. The latter, pioneered by Sankoff and extended in the research. With the solution for inversion distance [12] and
software packages ofGRAPPA and MR is the most accurate o ersion median [7], we were able to estimate phylogenies

approach for inversion phylogeny. However, due to the difficulty d tral based . . Th |
of computing the transposition distance, this type of methods has ana ancestral genomes based on IVersions. There areiSevera

not been applied to datasets where transposition is the only or Widely used methods for genome rearrangement analysis,
dominant event. including neighbor-joining [22] GRAPPA [16], MGR [6] and

In this paper, we present a heuristic transposition median Badger [15]. The main software packages for reconstructing
solver and extend GRAPPA to handle transpositions. Our ex- the inversion (or breakpoint) phylogeny a@RAPPA [16]

tensive testing using simulated datasets shows that this method . . A . .
(GRAPPA- TP) is very accurate in terms of ancestor genome and MGR [6]. Their basic optimization tool is an algorithm

inference and phylogenetic reconstruction. It also suggests tha for computing the_ inversipn (or breakpoint) median of three
model match is critical in phylogenetic analysis, and a fast genomes. Extensive testing has shown that the trees rdturne

and accurate method for transposition distance computation is by these methods are superior to those returned by other
still very important. The new GRAPPA-TP is available from  methods, such as distance-based methods and parsimouly base
phylo. cse. sc. edu. on encodings [19], [28].

Much of the research on genome rearrangement has fo-
cused on organellar genomes, such as mitochondrial [5] and
A phylogeny is a representation of the evolutionary hishloroplast genomes [8ERAPPA andMGR have been applied

tory of a collection of organisms or genes (known as taxajuccessfully to chloroplast genomes in which inversiorhés t
The basic assumption of process necessary to phylogenetiost important event. In other datasets (e.g., mitochahdri
reconstruction is repeated divergence within species negie genomes), transpositions are viewed as more likely, afthou
A phylogenetic reconstruction is usually depicted as a, tretheir relative preponderance with respect to inversions is
in which modern taxa reside at the leaves and ancestral tax&known. However, due to the lack of efficient method to
occupy internal nodes, with the edges of the tree denotiogmpute transposition distanc&@RAPPA and other methods
evolutionary relationships among the taxa. Reconstrgctinave to rely on using inversion or breakpoint to estimate
phylogenies is a major component of modern research pteanspositions, hence their accuracy for transpositiomidant
grams in biology and medicine. datasets is not very good. In this paper, we will introduce a
While phylogenetic studies in the pre-genome era primariheuristic for transposition median solver and use it torinfe
focused on DNA or protein sequence differences amompfylogenies and ancestral genomes when transpositiore is th
organisms, informative comparisons can in fact be made atly event.
various organizational levels. Higher-level evolutionavents  This paper is structured as follows: we will first give a

I. INTRODUCTION



brief background of genome rearrangements and methods @rMedian Problem of Three
phylogenetic analys_is; we W_iII then intr_oduce our new metho  The median problem on three genomes is to find a single
GRAPPA- TP and give details about its two major compoyenome that minimizes the sum of the pairwise distances
nents; at the end of this paper, we will provide experimentgbiyeen itself and each of the three given genomes. This
results from our simulation studies to assess the accurbcyp%mem is NP-hard [20] even for the simplest breakpoint
GRAPPA- TP and discuss the importance of model match igistance. Seeking a median that minimizes the breakpoint
genome rearrangement analysis. distance can be transformed into a special instance of the
II. BACKGROUNDS well-studied Traveling Salesperson Problem [3], hence can
A. Genome Rearrangements be s.olve.d relatively _efficit'an.t. But in practige, t_hg brea’hpo
median is not effective—it is easy to obtain trivial soluton
where the median gene-order coincides with one of the 8ave
& many equally optimal trees are returned.
The inversion mediarproblem is to find a median genome
that minimizes the summation of inversion distances on the
ree edges. Two exact median solvers have been proposed,
using a branch-and-bound strategy. Caprara’s solvger [7
f%based on an extension of the breakpoint graph, while that
developed by Siepel and Moret [23] runs a direct search.
Using the inversion median has dramatically improved the
accuracy of GRAPPA [18]. Two heuristics, MGR [6] and
91,92, 1 9i—1, =95 —Gj—1,""" s —Gi»Jj+1," "> In r Evol uzer [2], are also proposed to improve the speed
A transpositionon genome= acts on three indices j, k, with Pf invgrsion ”.‘ed‘a”' for a sacrifice of accuracy. However,
i < jandk ¢ [i, j], picking up the intervad;, ;1. - - -, ¢; and inversion median problem is NP-hard on both the edge length

inserting it immediately afteg;. Thus genome- is replaced and number of genes, _thus Wheﬂ the genomes are large, all
by (assume: > j): these solvers may require centuries to find a solution.

We assume a reference setofienes{g1, g2, -, gn }, thus
a genome can be represented as a signed ordering of t
genes, and each gene is given an orientation that is eitlser po
itive, written g;, or negative, written-g;. Genomes can evolve
through events such as inversions, transpositions ansviean t
sion, as well as other events. When transposition is the orﬁ]
event, the sign of each gene is irrelevant and can be ignor

Let G be the genome with signed orderinggf go, - - -, g5,
An inversion (reversal) between indices and j (i < j),
transformsG to a new genome with linear ordering

D. Phylogenetic Reconstruction from Genome Rearrange-

g1, 792’7139]‘4’17 09k, i Gig 1, ;gjangrlv' 5 0n
ments

An transversionis a transposition followed by an inversion
of the transposed subsequence; it is also callednaerted
transposition

Reconstructing phylogenies from genome rearrangement
data is computationally much harder than from sequence data
For example, finding the minimum number of evolutionary
B. Distance Computation events given a fixed tree can be done in linear time if the

Given two genomes’; andGy, we define theedit distance leaves are labeled with DNA or protein sequences, whereas
d(G1,G3) as the minimum number of events required tsuch task for genome rearrangement data is NP hard even
transform one genome into the other. when the tree has only three leaves.

The breakpoint distancg3] is not a direct evolutionary Methods for reconstructing trees based on genome rear-
distance measurement. A breakpointGh is defined as an rangement data include distance-based methods (for ezampl
ordered pair of genefy;, g;) such thaty; andg; are adjacent neighbor-joining [22]), maximum parsimony methods based
in G1 but not in G>. The breakpoint distance is simply theon encodings [27], [28], and direct optimization methodse T
number of breakpoints i+, relative toGs. latter, pioneered by Sankoff and Blanchette [3] in theirqaae

When only inversions are allowed, the edit distance is tlBPAnal ysi s and improved byGRAPPA [16] andMGR, is the
inversion distanceHannenhalli and Pevzner [12] developed aost accurate method. Besides returning a phylogeny, these
mathematical and computational framework for signed gerttvree methods can also give an estimate of ancestral gene
orders and provided a polynomial-time algorithm to computarders, which will have great utility for biologists inteted
the edit distance between two signed gene-orders under inve the process of genome rearrangement.
sions; Bader et al. [1] later showed that this edit distarae ¢ GRAPPA is an exhaustive search method, moving systemat-
be computed in linear time. However, computing the inversiacally through the space of alRN —5)(2N —7) - - - 3 possible
distance is NP-hard in the unsigned case [7]. trees onN genomes [11]. For each tree, the program tests a

The transposition distances the minimum number of lower bound to determine whether the tree is worth scoring; i
transpositions needed. Computing the transposition rdista so, then the program will iteratively solve the median peois
is of unknown complexity and after 10 years of research, tla internal nodes until convergence, as outlined in Figure 1
best available method is only a 1.375-approximation [1@h-Y  Existing methods can still be used when transposition is the
copoulos et al. [29] proposed a “universal” double-cut-fsid  dominant event. For example, we can estimate the transposi-
(DCJ) operation that accounts for inversions, translocati tion distance and use neighbor-joining method to recoastru
fissions and fusions, resulting in a new genomic distance tlihe phylogeny. Since one transposition can be simulated by
can be computed in linear time. using three inversions, we can also ap@yAPPA or MGR to



Initially label all internal nodes with gene orders
Repeat
For each internal node v, with neighbors A, B and C, do
Sol ve nmedian problemon A, B, Cto yield m
If relabeling v with minproves the tree score, then do it
Until no change occurs

Fig. 1. TheGRAPPA scoring procedure

obtain the phylogeny, using either breakpoint median solve 1 %4 65 1723465

or inversion median solver. Because the evolutionary model (a) # of BP is reduced by 3
is mismatched, their performance on transposition datédset
guestionable, as indicated by our experimental results'sho 1 3 2 4 6 5 —= 1 3 2 4 5 6

in section V. v
(b) # of BP is reduced by 2

[1l. ALGORITHM DETAILS 1 3 2 4 6 5 —=1 3 4 2 6 5
T~

We extendedGRAPPA to handle transpositions. The new (c) # of BP is reduced by 1

method is name@RAPPA- TP, with two major extensions: a
heuristic method to estimate transposition distance, avwd n 1 2 4 —_—
. te p , ‘3\47 6 5 1 4 3 2 6 5
median solver for transpositions. .
(d) # of BP is reduced by 0

A. Transposition Distance Estimation

Although no polynomial algorithms for transposition dis¥ig. 2. Number of breakpoint changes by applying differeahspositions,
tance has been reported, researchers are able to estireat€dfPared to the identity permutation (123 4 5 6).
distance using the 1.375-approximation by Hartman [10] or
the DCJ distance by Yancopoulos et al. [29].

The only existing software that can compute transpositionTo get a better result, we can repeat the above process
distance isder ange2 developed by Blanchette [4], whichseveral times and report the smallest value as the distémce.
exhaustively searches for a minimum number of transpasitioour experiments, we found that no more thihrepeats are
to transform one genome to another. Our tests have shomgeded. Obviously the heuristic will return a distance Wwhic
that when the distance is less thad% of the number of is greater or equal to the edit distance.
genes, this method is very fast and the results are very closéigure 3 shows the performance of our brute-force distance
to the true distances. However, any test above this thréshektimation on simulated datasets with 37 and 100 genes. This
cannot be finished after several days of computation. Figure suggests that the estimated distance closely follows
phylogenetic analysis, even when the genomes are close, te true distance wheff < 20%, wherer is the number
distance between some leaves can easily exceed this thtesha transpositions ana: is the number of genes. Above this
thus der ange2 may not be applicable. In this paper, weatio, even our heuristic will severely under-estimate titoe
propose a heuristic method which gives satisfactory result distance. The estimated distance appears to converge:paito

Given two permutations; andm,, a transposition applied which is close to the conjectured diameter of transposition
on m, can reduce the number of breakpointsdy2, 1 or 0, distances [10].
as indicated in Figure 2. One should note that this estimator will fail badly for the

Based on this observation, computing the transpositit@verse identity. For example, it only needs four steps to
distance can be transferred to find the fewest number of stégsform(7 6 5 4 3 2 1) into (1 2 3 4 5 6 7),
that will bring the number of breakpoint to zero. Since nwhile our estimator needs seven steps. However, such cases
polynomial algorithm exists to find the transposition dista, are very rare, as indicated by Figure 3.
in this paper, we develop a heuristic that uses a brute-forée
approach to quickly reduce the number of breakpoints. '

The algorithm works as follows: it starts from, and  We extended Siepel's algorithm [23] to handle transposi-
move towardsr;, and at each step, it will enumerate alfions using a branch-and-bound approach:
transpositions and apply the one ag that can reduce the « Given the three permutations,, 7, and w3, com-
most number of breakpoints. It will continue the processlunt  pute the lower bound on the median scof®(M) =
the number of breakpoints becomegi.e. 7 is transformed d”+d““273+d“
to 71). The transposition distance is then the number of stepse Pick one permutation fromr;, 7o, 73 as start (the so-
it uses to bringry to ;. When there are multiple choices, it called trivial median) and push it into a queue; its median
will randomly choose one. score is the initial best-so-far.

Transposition Median Solver



. . . . . . —— In the other words, we will ignore those neighbors which grin
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Fig. 4. lllustration of the two bounds
100 T T T T T T T T T //‘I
% F T
80 - 4 When the genomes are relatively close, our distance esti-
70 | i mation is near optimal, hence the above bounds will still be
8 ol i effective.
b g The speed of our median solver is regulated by two factors:
2 the distance from the median to its closest leave, and the
[ number of genes present. To make the genome length rejativel
unimportant, We can condense the genomes using the concept
of conserved adjacency. A gene pair (X, y) is conserved
A adjacent if (x, y) or its inverse (-y, -x) is present in all games
10 20 30 40 50 60 70 80 90 100 as consecutive elements [13]. A block/ofdjacent genes can
Estimated Distance be replaced by a pseudo-gene and the total number of genes
(b) 100 genes reduces byk — 1 [6]. This condensation procedure is very

effective when the genomes are close.
Fig. 3. Distance estimation results for 37 genes (top) andged@s (bottom).

C. Phylogenetic Analysis
When a tree is given, we will use the iterative approach
. lteratively remove a permutation from the queue until outlined in Figure 1 to find the best tree score. This prooedur
the queue is empty: of scoring depends on the initial assignment of gene oraers t
_ If the median score ofr meets the lower bound internal nodes, which has no gene-orders assigned when the
dr1+dr2+dr3 = D(M), then stop. scoring starts.

_ If the median score of is less than the current best- Internal genomes can be initialized trivially, by givingcha
so-far, update the latter internal node a random gene order. However, other complex

— create all(’}) neighboring permutations (one transpoli\)/lrofhedureﬁ_ yr:eld better reiu!tst, suclh a; rﬂ;arest gelghb?rt_
sition away fromr), discard those with lower bounds € (?d which assigns €ach Internal node the median solution
that exceed the best-so-far, and add the survivirﬁﬁ)m its three nearest leaves, using a median solver of ehoic
ones to the queue In GRAPPA- TP, we choose to use transposition median solver

. " . in the initialization procedure as well. Although using &ke
Clearly, since there arég) neighbors for each step, the

. : : oint median solver may be faster, it may introduce genessign
success of this algorithm relies on good lower bounds F y Y 9 g

L . . Rat is hard to deal with, due to the fact that transpositioesd
eliminate as many neighbors as possible. Several Iowerdmu%t deal with signs at all

hhave been f[?rov_ed. Among them, the following two bounds a"€1o search through the large tree space, we will enumerate
the most e eC“V‘? [23], [26]: . all trees and use the tightened circular-ordering lowembisu
(Bound 1) 'W IS a pgrmutatpn on the shortest path fro"f'o discard bad trees before scoring them [17].
m to the median, then it obeys: The lower bound used b¥RAPPA is derived from the
dog +dsgptdas _ D(M) following theorem:
2 - ' Theorem 1:Let d be an x n matrix of pairwise distances
(Bound 2) If ¢ is a permutation on the shortest path fronpetween the taxa in a sét let 7' be a tree leaf-labeled by
m to the median andy is derived from¢ by applying one the taxa inS andw be an edge-weighting (tree score) b
inversion, then, ify is also on the shortest path from to A7, so that we havev;; = > .p w(e) > di;, whereP;; is a
it obeys (Figure 4)d,  +da, +ds, < diy+day+ds,+1. path fromito j on treeT. Setw(T) = 3 g wle). If

dy,¢ +



1,2,...,n is a circular ordering of the leaves @f, then we 20 T T T T
haVGQ’LU(T) > d172 + d273 + -+ dn,l- INV —--x---
This immediately gives us a (circular ordering) lower bound

for the tree score, i.e. the tree scax€7’) should at least

be du2tdattdni gjince our transposition distance com-
putation is not exact, using the lower bound to prune trees
become become heuristic, however it is still very effective
and more than 99.9% are pruned away in our experiements.
Because the lower bound can be computed very efficiently
and is much cheaper than the scoring procedure, such high
pruning rate generally indicates more than 100 times spged-
Other lower bounds have been developed recently, all based
on pairwise distances, hence the speed38APPA- TP can

be further improved by using those bounds.

15 - I -

10

# of BP to the true ancestor

number of events (r)

(a) 37 genes

IV. EXPERIMENTAL RESULTS TP —+—

We set out to examine the performance of the new 5 5| IE\F{ o,
GRAPPA- TP, through two simulation studies: the first study g
is to measure the accuracy of the inferred median genome f T * 1
(estimated ancestor) compared to the true ancestor, using % sl B y ]
datasets of three input genomes; the second is to measure s * e ’*/
the accuracy of the inferred phylogeny compared to the true o 2 x T * .
tree, using datasets df) genomes. All the experiments are 52
conducted on a Linux cluster with 152 Intel Xeon CPUs, but  ® 1 T
each CPU works independently on a test task. 1—.f/:/f
A. Accuracy of Ancestor Inference ? numier of e\,eni 0 °

We first examine the quality o&RAPPA- TP for finding (b) 100 genes

ancestor genomes. In our simulation study, each genome has
9 y 9 jg. 5. Breakpoint distance from the inferred median to the @ncestor.

. . . F
37 and 100 genes, spanning the range from rT“tOChond”a-T#gindicates the result obtained froBRAPPA- TP, INV indicates the result
chloroplast. obtained by using the Caprara’s inversion median solverBihéhdicates the

We create each dataset by first randomly generatingreéu't obtained by using the breakpoint median solver.
tree topology with three leaves and assigning its three dge
with different lengths. The length (humber of events) of

each edge is sampled from a uniform distribution on th@ismatched evolutionary models. Although breakpoint dis-

set {0.5r,...,1.5r}, where r is the expected number oftance and median are generally viewed as not so sensitive

evolutionary events. In this experiment, we use= 2 ~ 8, to model mismatch, our testing results directly contratiés

wherer = 2 is considered easy and = 8 is very difficult copjecture.

especially for datasets with genes. _ _ As indicated above, our simple distance estimator uses a
The gene orders on the leaves are generated by first assigpyomized approach, thus the number of repeats may have

ing the identity permutatiodyy to the root, then evolving the impact on its performance. To assess the impact, we compare

permutation down the tree, applying along each edge a numpginppa- TP using two numbers of repeats: and 10, and

of transpositions equal to the assigned edge length. report the results in Figure 6. Surprisingly this figure show

Given an estimated ancestor gene ordgr, we can use the ot the impact of number of repeats is very small, even when
breakpoint distance betwee,, and G, as a measurementipa genomes are getting distant=£ 6 ~ 8).

of how close the inferred ancestor is to the true ancestor.
For each dataset, we obtain the estimated ancestors by u
the following three methodsERAPPA- TP (TP), breakpoint
median solver (BP) and inversion median solver (INV). We We also test the performance GRAPPA- TP on phylogeny
repeat 100 times for each setting and the average of thagesahalysis.
are reported. We first define our measure for the accuracy of reconstructed
Figure 5 shows the result. From this figure, we find thatees. Given an inferred tree, we compare its “topological
the median genomes returned BRAPPA- TP are always accuracy” by computing “false negatives” and “false pos#l’
the closest to the true ancestors. The medians returnedwith respect to the “true tree” [14]. For every tree there is a
both breakpoint and inversion median solvers are furtheyawnatural association between every edge and the bipartiion
from the true ancestors, a result mainly due to the usagetbé leaf set induced by deleting the edge from the tree.

%r'gAccuracy of Phylogeny Inference
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. . breakpoint and inversion median solvers again give very bad
10 repeats —+—

1 repeats ---x--- results, even for easy datasetsrof= 2. The results clearly

x show the importance of model match in genome rearrangement

/ analysis. One should also note that unlike the results inaned
accuracy, using breakpoint medians in phylogenetic aigalys
has better performance than using inversion medians. More
research in the future is needed to determine the factors
contribute to this discrepancy.

/
/
10 - ; .
/
/

# of BP to the true ancestor

1 1 1
2 4 6 8
number of events (r)

Fig. 6. Breakpoint distance from the inferred median to the tancestor,
using two number of repetitions for the distance computation.

RF rates

Let T' be the true tree and I&f’ be the inferred tree. An B
edgee in T is “missing” in 7" if 7" does not contain an ]
edge defining the same bipartition; such an edge is called a
false negativg FN). Note that the external edges (i.e. edges ™
incident to a leaf) are trivial in the sense that they aregmes
in every tree with the same set of leaves. Talse negative
rate is the number of false negative edgesiihwith respect
to 7" divided by the number of internal edges’ih Thefalse

S e 2
|/ L2 Ir 2 I L I 2

INV BP  TP-NJ INV-NJ BP-N

Fig. 7. RF errors for six methods under different expected raermbevents.
The horizontal line indicates the acceptance threshold.

positive (FP) rateis defined similarly, by swapping and7”. ~ Although the number of genomes is relatively small in
The Robinson-Fould{RF) rate is defined as the average ofis test, the high accuracy @RAPPA-TP makes it ideal
the EN and FP rates. as a base method for the DCBRAPPA developed by Tang

In this study, we generate uniformly random tree b t al. [25], hence can be easily extended to handle several

randomly picking a tree from all possible trees—there af/ndred genomes.
(2N —5) x (2N —7) x --- x 3 trees forN taxa. We use trees V. CONCLUSIONS

W'_th N = 19 and 37 genes, which is the number of genes in |, g paper, we present our new method to handle transpo-
mltochondrla_l genomes. We ch(_)osc,t 2 3 and4 to vary gjiong and report experimental results on simulated dé&tas
the level of difficulty, where~ = 4 is considered very hard for Ayhqgh GRAPPA- TP uses a brute-force distance estimator, it
for these datasets. For each combination of parameters, Whhains very accurate for transposition phylogeny. Oudietu
generatel0 datasets and report the average results. suggest that model match is very important in both ancestor
In our experiments, each dataset is tested using six methaggerence and phylogenetic reconstruction. The main probl
GRAPPA- TP (TP), GRAPPA using inversion median (INV), of this method is of course its distance estimator, thus & fas

GRAPPA using breakpoint median (BP), NJ using transpositiofhq exact method to compute transposition distance is alway
distances (TP-NJ), NJ using inversion distances (INV-Md) agesiraple.

NJ using breakpoint distances (BP-NJ). Figure 7 shows the

results; we placed a line at the 5% error level, the typical VI. ACKNOWLEDGMENTS
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