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Parametric genome rearrangement
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Abstract

Algorithms inspired by comparative genomics calculate an edit distance between two linear orders based on elementary edit operations
such as inversion, transposition and reciprocal translocation. All operations are generally assigned the same weight, simply by default,
because no systematic empirical studies exist verifying whether algorithmic outputs involve realistic proportion of each. Nor do we have
data on how weights should vary with the length of the inverted or transposed segment of the chromosome. In this paper, we present a
rapid algorithm that allows each operation to take on a range of weights, producing an relatively tight upper bound on the distance
between single-chromosome genomes, by means of a greedy search with look-ahead. The efficiency of this algorithm allows us to test
random genomes for each parameter setting, to detect gene order similarity and to infer the parameter values most appropriate to the
phylogenetic domain under study. We apply this method to genome segments in which the same gene order is conserved in Escherichia
coli and Bacillus subtilis, as well as to the gene order in human versus Drosophila mitochondrial genomes. In both cases, we conclude
that it is most appropriate to assign somewhat more than twice the weight to transpositions and inverted transpositions than to inversions.
We also explore segment-length weighting for fungal mitochondrial gene orders.

1. Introduction

The algorithmic study of comparative genomics has
focused on inferring the most economical explanation for
observed differences in gene orders in two or more genomes
in terms of a limited number of rearrangement processes.
For single-chromosome genomes, this has been formulated
as the problem of calculating an edit distance between two
linear orders on the same set of objects, representing the
ordering of homologous genes in two genomes. In the

Žmost realistic version of the problem, a sign plus or
.minus is associated with each object in the linear order,

representing the direction of transcription, or strandedness,
of the corresponding gene. The elementary edit operations
may include one or more of:

Ž .1 Inversion, or reversal, of any number of consecutive
terms in the ordered set, which, in the case of signed
orders, also reverses the polarity of each term within the

w xscope of the inversion 1,5,4,8–11 .
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Ž .2 Transposition of any number of consecutive terms
from their position in the order to a new position between

w xany other pair of consecutive 2 . This may or may not also
involve an inversion.

In addition, for multi-chromosome genomes, a major
Ž . w xrole is played by: 3 reciprocal translocation 3,7 .

Where there is more than one type of edit operation, the
tendency has been to consider all types as contributing the

Ž . w xsame amount cost or weight to the edit distance 6,14 .
This is hardly justified, since, for example, transpositions
are observed much less frequently than inversions in many
evolutionary contexts, and hence should cost much more.
Some effort has been made to devise algorithms where the

w xoperations are weighted differently 13,14 , and has led
both to technical problems in extending the algorithms,
and to questions of what costs or weights to use.

There are as yet no systematic studies, either within or
across major phylogenetic groups, of the relative frequen-
cies of inversion, transposition, and other rearrangement
processes, based on any type of comparative mapping.
Consequently, it is not known what values to assign to the
cost parameters for the different types of rearrangement in
order to infer an evolutionary history with a biologically
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realistic proportion of each of these types. And we have
even less knowledge of the typical lengths of chromosome
fragments which participate in the rearrangement pro-
cesses. A consequence of this lack of data is that we
cannot test whether two genomes are closer together than
random genomes since we do not have an empirical basis
on which to base simulation studies. Eventually, knowl-
edge of this type may be generated through comparative
studies, but cost parameter assignment is unlikely to ever
be a cut-and-dried process. It is clear, for example, that
there is no clock, and hence no universal parameter values,
for these types of evolutionary operations; translocations
are common in mammals, almost non-existent in
Drosophila. Inversions are common in animal mitochon-
drial genomes, rare in fungal mitochondrial genomes.

In this paper, we suggest approaches to these types of
problem, focusing on single-chromosome genomes. While
there does not seems to be much hope in transferring the
algorithmic machinery developed for the uniform cost
problem to the parametric problem, where each process
can take on a range of weights, a rapid and constructive
upper bound algorithm based on a greedy search with
limited look-ahead has been shown to be rather precise in

w xmany contexts 10 , and incorporates weights with no
difficulty. The efficiency of this algorithm can be greatly
improved by including some branch-and-bound techniques
and by excluding some highly unlikely configurations.
This allows us to test experimentally characterized genomes
against a large number of random genomes for each
parameter setting. Under the hypothesis that ‘‘wrong’’
values of the parameters introduces noise into the analysis,
the ‘‘true’’ value of the genomic distance is likely to be
close to those found by parameter settings whose output
deviates as much as possible from randomness. In this way
we can simultaneously test for detectible gene order simi-
larity, and also infer the parameter values most appropriate
to the phylogenetic domain under study.

2. Formalization and algorithm

Our discussion applies to circular genomes, though it is
easily modified for the linear case. Starting with any gene,
label the genes in one genome in order 1,2, . . . ,n, and their
homologues as a permutation p , p , . . . , p , where p has1 2 n i

negative polarity iff gene i is transcribed in the opposite
directions in the two genomes. The problem is to find the

Žmost economical sequence of moves inversions, transposi-
.tions and inverted transpositions that transforms

p , p , . . . , p into the identity permutation 1,2, . . . ,n, or its1 2 n

inverse yn,ynq1, . . . ,y1.
Ž .A breakpoint is any adjacent pair p , p , includingi iq1

Ž .p , p , such that p yp /1, and p yp /1yn,n 1 iq1 i iq1 i

for is1, . . . ,n. The identity permutation and its inverse
being the only ones having no breakpoint, a solution to our
problem requires the successive elimination of breakpoints

from the permutation p. Inversions affect two adjacent
pairs, so that they change the number of breakpoints by
two at most. Transpositions and inverted transpositions
involve three pairs and can eliminate up to three break-
points.
inversion: ...ab...cd... becomes ...a
yc...ybd...
transposition: ...ab...cd...ef... be-
comes ...ad...eb...cf... or (with inver-
sion) ...ad...e yc...ybf...
An exhaustive search for a solution considers all possi-

ble moves on p, and for each new permutation thus
produced, solves the problem recursively until all possible
ways of arriving at the identity permutation in less than n

w xmoves 10 have been examined. This is not feasible for
even moderate n, since the number of moves possible for
each permutation is on the order of n3, so that the search
tree soon becomes unmanageable. Even restricting the
search to moves where the two or three adjacent pairs
affected are all among the b breakpoints, while in practice
reducing the calculations considerably, does not change the
fundamental computational complexity of the problem.

We adopt a number of compromises which, although
they reduce the computation drastically by sacrificing the
guarantee of optimality, are unlikely to produce a solution
containing more than one or two extra moves:

Ž .1 We consider only moves that reduce the number of
breakpoints. This reduces the search on each permutation
to a task quadratic in b.

Ž .2 We use a depth-first search with limited look-ahead
and branch-and-bound; with look-ahead ks1, the best
possible move is executed on p, then the best possible on
the resulting permutation and so on, until the identity is
reached.

Ž .3 To implement a longer look-ahead, e.g. ks4, we
do not try all possible combinations to find the four best
moves; for the first move we consider all possibilities that
remove at least one breakpoint; for the second move, if
there are any that remove at least two breakpoints, we
consider only them, and for the third move, if there are any
transpositions that remove three breakpoints, we consider
only them. Empirically, restricting the number of possibili-
ties in this way in order to achieve a longer look-head
results in better solutions. Note that once an optimum
sequence of k moves is found, we only implement the first
of these before beginning our search again.

ŽThe exhaustive search within the constraints just men-
.tioned in a look-ahead is accelerated by a branch-and-

bound technique. Once a first solution for a k-move look-
ahead is reached, we backtrack, undoing the most recent
move and trying the next-best alternative as long as one
exists. If not, we undo the most recent move at the
previous level. After each backtrack step, we again pro-
ceed until a complete k-move look-ahead is found, and this
solution is evaluated to see if it is better than, and thus can
replace, the current best look-ahead. For any point r in the
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look-ahead search tree, if m moves are required to reach r
from the starting point q, and there remain b breakpoints
more than in the current best k-move look-ahead from q,
where

b
mq )k ,

3

then point r, and all its ‘‘descendants’’, need not be
considered since they cannot possibly lead to an optimal
solution, each move removing at most three breakpoints.
ŽThis rule is actually implemented in terms of costs – see

.Section 3 below – and not moves.
Much work on rearrangement algorithms has been de-

voted to improving lower bounds, e.g. the br3 in the
w xpreceding paragraph, 2,11 , and when this is successful, it

may allow optimal look-ahead for large k, and eventually,
if kGn, optimal solutions for the full rearrangement prob-
lem, but for the generalizations we shall discuss, particu-
larly those in Section 3, this does not seem feasible.

One technique that we found to improve our solution,
though it does not further restrict the search space, is
‘‘chunneling’’; instead of proceeding from the identity to
p, we search for the best k moves from the identity to p
and the best k in the other direction, and choose the better
of the two. The solution is thus constructed from both
ends.

3. Weights

The goal of this research is to explore the effect of
weighting each kind of move differently. In analogy to

w xparametric sequence alignment 15 , this provides a range
of solutions, in which the proportions of the different kinds
of moves vary.

For single-chromosome genomes, we not only need to
weight transpositions differently from inversions, we also
need to account for inverted transpositions. Somewhat
arbitrarily, we weight inverted transpositions in the same
way as transpositions; once a genome fragment is dis-
placed, it does not seem of overwhelming importance
whether it is re-inserted in its original orientation, or on the
opposite strand. In phylogenetic domains where transcrip-
tion is universally from one strand, perhaps this parameter
should instead be weighted in the same way as inversions:
with high or infinite cost.

For technical reasons, we included in our local cost
function a term which depends on how many breakpoints
are removed by an operation. At first glance this might
seem superfluous, since the sum over all operations in a
solution of the number of breakpoints removed is a con-
stant; it does not change from solution to solution. Since
our algorithm tries to find an optimal solution by a greedy
search strategy, however, it is important to include the
breakpoints term, given the reduced search space of the
algorithm; it ensures that inversions that remove two

breakpoints or transpositions that remove three are not
overlooked. The cost for any sequence of moves is then

costs w yBÝ x x
moÕe in sequencex

where w and B indicate the weight of a move and the
number of breakpoints it removes, respectively. To restore

Ž .to this possibly negative cost the properties of a metric,
we can simply add a constant representing the number of
breakpoints.

The inversion weight was fixed at w s1, and weI

varied the transposition weight from somewhat less to
somewhat more than w s2, the ‘‘phase transition’’ pointT

in solution space, where for a typical permutation the best
transposition x or inversion y have w yB s0 or w yT x I

B s0; there is almost always a transposition possible in ay

permutation that removes two breakpoints and an inversion
that removes one, and only rarely in most permutations is
there a move that removes an extra breakpoint. Thus for
w -2, transpositions are favoured, while for w )2,T T

inversions are favoured.
We also added an optional cost aL)0 on each move,

depending on the length L of the segment affected. This
enables us to model the hypothesis that shorter moves may
be favoured in some biological contexts.

4. Implementation

ŽThe C program DERANGE II Accession Number
3.BC00444 incorporating weights and performing the al-

gorithm in Section 2 is available from the authors. This
program was used in the analyses discussed below.

5. The bacterial genome

Associating different weights to each kind of move
allows us to influence the proportion in which the different
moves will be used in the solution. For each parameter
setting, we compare the analysis of the experimental per-
mutation with the same analysis of 1,000 random permuta-
tions.

w xKunisawa 12 identified some 47 genomic segments
containing two or more homologous genes conserved dur-
ing the evolutionary divergence of E. coli and B. subtilis.
These segments contain a total of 255 genes. As input to
DERANGE II, we considered each of these segments as if
they constituted a single ‘‘gene’’, since conserved seg-
ments need never be split up during the analysis.

The results are shown in Fig. 1, which plots the number
Žof moves required to sort a permutation normalized by n,

.the length of the permutation , as a function of the weight

3 ftp:rrftp.ebi.ac.ukrpubrsoftwarerunixrderange2.tar.Z
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Ž .Fig. 1. Number of moves required to sort permutation normalized by n, the length of the permutation , as a function of the weight associated with a
Ž .transposition inversion weights1 .

Ž .associated with a transposition. Inversion weights1. .
Most of the data curve falls directly on the random permu-
tation curve. A significant deviation occurs, however, be-
tween 2-w -2.5, where the experimental permutationT

requires only 31 moves: 16 inversions and 15 transposi-
tions, about 11 moves less than the random permutations,
which have only one or two transpositions each. Both the
economical accounting for the observed data, and the
inference that many transpositions are retained despite
their elevated cost, suggest that this may be a meaningful
solution, and that w slightly greater than 2 may be anT

appropriate value.

6. The mitochondrial genome

Gene orders were obtained from F. Lang, drawn from
his database on mitochondrial genomes. Testing the 37
homologous genes in human and Drosophila shows a
great deal of non-randomness. This, however, is already
clear from the fact that there are only 21 breakpoints in

this comparison, instead of the 35 or so to be found in
typical random genomes.

Normalizing the results by the number of breakpoints in
the initial permutation, however, equivalent to analyzing
permutations of conserved segments as in Section 5 rather
than gene orders, gives additional results, seen in Fig. 2.
First, for w -2, it takes 12 moves to sort the 21-break-T

point Drosophila-human permutation, somewhat more than
for random permutations. For w )2, on the other hand,T

16 moves including 13 inversions, or 17 moves including
15 inversions are required, less than for random permuta-
tions. In particular, the number of inversions is 30% below
what would be expected from the simulations. Some trans-
positions do not seem to be replaceable by inversions, even

Žwith high values of w . Note that the random curveT

constructed in Section 5 also serves here, since when the
number of moves in a solution is normalized by the
number of breakpoints, results from random trials do not

.vary perceptibly over a wide range of n.
The deviations from randomness of this solution sug-

gest that 2-w -2.5 is an appropriate weighting in thisT
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Fig. 2. Total number of moves in optimal sorting of permutation, and number of inversions in this sorting, both normalized by the number of breakpoints in
the initial permutation.

context as well, giving a solution with 16 moves, of which
13 are inversions.

7. Weighting segment lengths

In a second series of experiments, we added a linear
Ž .function of the physical length in base pairs of the

segment to the cost of transposing or inverting it, lacking
empirical grounds for choosing some biologically more
realistic convex function. Here again, we plotted curves
representing the average total number of moves necessary

Žto solve a random permutation normalized by the number
.of breakpoints in the initial permutation as a function of

the weight a , while transposition and inversion weights
were held at 1.

ŽIn Fig. 3, the random permutation curve sample size
.100 at each point is shown as background to the curve

obtained from the mitochondrial genomes of two fungi,
Neurospora crassa and Aspergillus nidulans. As a in-

Žcreases, the weighted distance is affected less about 50%
.less than the simulation results. This suggests that the

‘‘true solution’’ may not involve the movement of many
long segments, so that penalizing long moves has a rela-
tively small effect.

The region where the distance is sensitive to a , roughly
10y3 -a-10y2.5 may represent a meaningful range for
this parameter, since it would seem to reflect the increas-
ing cost of some stable solution. The insensitivity of the
distance to changes in a at higher values necessarily
reflects different solutions for each value of the parameter.
On the other hand, lower values of a do not have an
appreciable effect on the analysis of sequences of this
length. Of course, other genome pairs may give somewhat
different results.

8. Conclusions

The number of breakpoints in a genome or, equiva-
lently, the number of conserved segments, contains much
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Fig. 3. Normalized number of moves required to sort a permutation as a function oflength coefficient in cost function.

of the information about the amount of rearrangement
between two genomes. Both the bacterial genome compar-
isons and the mitochondrial genome comparisons, how-
ever, show that algorithmic inference of rearrangement
events can yield additional information. In our framework,
the weighting 2w -w -2.5w seems to be the mostI T I

revealing. This puts into question analyses of genome
rearrangement that count each event equally.

Our exploration of segment-length weights points out
the sensitivity of some rearrangement analyses to this
parameter, and hence to the need for the empirical study of
the lengths of inversions and transposed segments.
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