Chapter 10

Genome Rearrangements

10.1 Introduction

Genome Comparison versus Gene Comparison In the late 1980s, Jeffrey Palmer
and his colleagues discovered a remarkable and novel pattern of evolutionary
change in plant organelles, They compared the mitochondrial genomes of Brassica
oleracea (cabbage) and Brassica campestris (turnip), which are very closely re-
lated (many genes are 99% identical). To their surprise, these molecules, which are
almost identical in gene sequences, differ dramatically in gene order (Figure 10.1).
This discovery and many other studies in the last decade convincingly proved that
genome rearrangements represent a common mode of molecular evolution.

Every study of genome rearrangements involves solving a combinatorial “puz-
zle” o find a series of rearrangements that transform one genome into another.
Three such rearrangements “transforming™ cabbage into turnip are shown in Fig-
ure 10.1. Figure 1.5 presents a more complicated rearrangement scenario in which
mouse X chromosome is transformed into human X chromosome. Extreme conser-
vation of genes on X chromosomes across mammalian species (Ohno, 1967 [255])
provides an opportunity to study the evolutionary history of X chromosome inde-
pendently of the rest of the genomes. According to Ohno’s law, the gene content
of X chromosomes has barely changed throughout mammalian development in the
last 125 million years. However, the order of genes on X chromosomes has been
disrupted several times.

It 15 not so easy to verify that the six evolutionary events in Figure 1.5 represent
a shortest series of reversals transforming the mouse gene order into the human
gene order on the X chromosome. Finding a shortest series of reversals between
the gene order of the mitochondrial DNAs of worm Ascaris suum and humans
presents an even more difficult computational challenge (Figure 10.2).

In cases of genomes consisting of a small number of “conserved blocks,”
Palmer and his co-workers were able to find the most parsimonious rearrangement
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Figure 10.1; “Transformation”™ of cabbage into turmip.

scenarios. However, for genomes consisting of more than 10 blocks, exhaustive
search over all potential solutions is far beyond the capabilities of “pen-and-pencil”
methods. As a result, Palmer and Herbon, 1988 [259] and Makaroff and Palmer,
1988 [229] overlooked the most parsimonious rearrangement SCENaros 1n more
complicated cases such as turnip versus black mustard or turnip versus radish.

The traditional molecular evolutionary technique is a gene companson, in
which phylogenetic trees are being reconstructed based on point mulations of a
single gene (or a smal]l number of genes). In the “cabbage and turmip™ case, the
gene comparison approach is hardly suitable, since the rate of point mutations in
cabbage and turnip mitochondrial genes is so low that their genes are almost idenu-
cal. Genome comparison (i.e., comparison of gene orders) is the method of choice
in the case of very slowly evolving genomes. Another example of an evolutionary
problem for which genome comparison may be more conclusive than gene comi-
parison is the evolution of rapidly evolving viruses.

Studies of the molecular evolution of herpes viruses have raised many more
questions than they've answered. Genomes of herpes viruses evolve so rapidly that
the extremes of present-day phenotypes may appear quite unrelated: the similanty
between many genes in herpes viruses is so low that it is frequently indistinguish-
able from background noise. Therefore, classical methods of sequence comparison
are mot very useful for such highly diverged genomes; ventures into the quagmire
of the molecular phylogeny of herpes viruses may lead to contradictions, since dif-
ferent genes give rise to different evolutionary trees. Herpes viruses have from 70
to about 200 genes; they all share seven conserved blocks that are rearranged in
the genomes. of different herpes viruses. Figure 10.3 presents different arrange-
menis of these blocks in Cytomegalovirus (CMV) and Epstein-Barr virus (EBV)
and a shortest senies of reversals transforming CMV gene order into EBV gene
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Figure 10.2: A most parsimonlous rearrangement scenario for transformation of worm Ascaris
S mitechondrial DNA into human mitochondrial DNA (26 raversals),

order (Hannenhalli et al., 1995 [152]). The number of such large-scale rearrange-
ments (five reversals) is much smaller than the number of paint mutations betwesn
CMV and EBV (hundred(s) of thousands). Therefore, the analysis of such rear-
rangements at the genome level may complement the analysis at the gene leval
traditionally used in molecular evolution. Genome comparison has cerain mer-
its and demerits as compared to classical gene comparison; Zenome comparison
ignores actual DNA sequences of genes, while £ene COmparison ignores ene or-
der. The ultimate goal would be to combine the merits of both genome and gene
companson in a single algarithm.
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Figure 10.3: Comparative genome organization (z) and the shortest series of rearrangements rmns-
forming CMV gene oeder into EBY gene order (b).

The analysis of genome rearrangements in molecular biology was pioneered in
the late 1930s by Dobzhansky and Sturtevant, who published a milestone paper pre-
senting a rearrangement scenario with 17 inversions for the species of Drosophila
fruit fly (Dobzhansky and Sturtevant, 1938 [87]). With the advent of large-scale
mapping and sequencing, the number of genome comparison problems is rapidly
growing in different areas, including viral, bacterial, yeast, plant, and animal eve-
lution.

Sorting by Reversals A computational approach based on comparison of gene
orders was pioneered by David Sankoff (Sankoff et al., 1990, 1992 [302, 304] and
Sankoff, 1992 [300]). Genome rearrangements can be modeled by a combinatonal
problem of sorting by reversals, as described below. The order of genes in two
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organisms is represented by permutations m =mymo...mpand o = o109 ... 0n. A
reversal p{i, 7] of an interval [i, j] is the permutation

12, 0=-1ii4+ ... 5-2155+%1...n
l 2uva =1 Jj=lwwikij+1lm

Clearly pl1. ;) has the effect of reversing the order of 7;m;.1 . .. 7y and ransform-
INZ 7] - Wy o= TRyl - T MO T-p(4, 1) = T o Wi T W) - - - Ty

Given permutations « and o, the reversal distance problem 18 1o find a series of
reversals g, po, ..., gesuch that w-pgq - po -+ - oy = o and ¢ is minimal. We call ¢ the
reversal distance between 7 and 7. Sorting 7 by reversals is the problem of finding
the reversal distance d{7r) between 7 and the identity permutation (12...n).

Computer scientists have studied a related sorting by prefiv reversals problem
(also known as the pancake flipping preblem): given an arbitrary permutation 7,
find d. 77 ), which is the minimum number of reversals of the form p(1, {) sorting
7. The pancake flipping problem was inspired by the following “real-life” situation
descnibed by Harry Dweigter:

The chef tn our place is stoppy, and wien he prepares a siack of pancakes they come our all differenr
siges. Therefore, when | deliver them to @ customer, on the way to a table [ rearvange them (5o that
the smallest winds up on top, and 50 an, down fo the largest at the bottom ) by grabling several from
rhe rap and fiipping them aver, vepeating whis {varving the number [ flip) as many times a5 necessany
If there are n pancakes, what iy the maximum number of fips thar Twill ever have to ase o rearrange
them?

Bill Gates (an undergraduate student at Harvard in late 1970s, now at Mi-
crosoft) and Crstos Papadimitiou made the first attempt to solve this problem
(Gates and Papadimitriou, 1979 [120]). They proved that the prefix reversal diam-
eter of the symmetric group, dyre;(n) = max.c5, e 7(7), is less than or equal
to %14 + 3. and that for infinitely many n. dy.;{n) > ttn. The pancake flipping
problem still remains unsolved,

The Breakpoint Graph What makes it hard 1o sort a permutation? In the very first
computational studies of genome rearrangements. Watterson et al., 1982 [366] and
Nadeau and Tavlor, 1984 [248] introduced the noton of a breakpeoinr and noticed
some correlations between the reversal distance and the nomber of breakpoints. (In
fact. Sturtevant and Dobzhansky, 1936 [331] implicitly discussed these correlations
60 years ago!) Below we define the notion of a breakpoint.

Leti ~ jif |t — j| = 1. Extend a permwtation w = mywe. .7, by adding
mg = Oand 721 = n+ 1. Wecall a pair of elemems (m;, m41), 0 <t < =,
of @ an adjacency if w; ~ w1, and & breakpoinr if 7 & w4 (Figure 10.4), As
the identity permutation has no breakpoints, sorting by reversals corresponds (o
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eliminating breakpoints. An observation that every reversal can eliminate ar most
2 breakpoints immediately implies that d(x) > Q-L_,’:i, where b(#) is the number of
breakpoints in 7. Based on the notion of a breakpoint, Kececioglu and Sankoff,
1995 [194] found an approximation algorithm for sorting by reversals with per-
formance puarantee 2. They also devised efficient bounds, solving the reversal
distance problem almost optimally for n ranging from 30 to 50, This range covers
the biologically important case of animal mitochondnial genomes.

However, the estimate of reversal distance in terms of breakpoints is very in-
accurate. Bafna and Pevzner, 1996 [19] showed that another parameter (size of a
maximum cycle decomposition of the breakpoint graph) estimales reversal distance
with much greater accuracy.

The breakpoint graph of a permutation 7 is an edge-colored graph G(=) with
n + 2 vertices {mg, M1,. ..y Wy Tz} = {0, 1,0, n. 1+ 1} We join vertices w;
and 7 by a black edge for 0 < i < n. We join vertices m; and 7; by a grav
edge if m; ~ ;. Figure 10.4 demonstrates that a breakpoint graph is obtained by a
superposition of a black path traversing the vertices 0,1, ... ,n,n+ 1 in the order
given by permutation 7 and a gray path traversing the vertices in the order given
by the identity permutation,

A cycle in an edge-colored graph (7 is called alternating if the colors of every
two consecutive edges of this cycle are distinct. In the following, by cycles we
mean alternating cycles. A vertex v in a graph G is called balanced if the number of
black edges incident to » equals the number of gray edges incident to v. A balanced
graph is a graph in which every veriex is balanced. Clearly &) is a balanced
graph: therefore, it contains an alternating Eulerian cycle. Therefore, there exists
a cvele decampaosition of (3 () into edge-disjoint alternating cycles (every edge in
the graph belongs to exactly one cycle in the decomposition), Cycles in an edge
decomposition may be self-intersecting. The breakpoint graph in Figure 10.4 can
be decompesed into four cycles, one of which is self-intersecting. We are interested
in the decomposition of the breakpoint graph into a maximum number () of edge-
disjoint alternating cycles. For the permutation in Figure 104, e{x) = 4.

Cycle decompositions play an important role in estimating reversal distance.
When we apply a reversal to a permutation, the number of cycles in 2 maxi-
mum decomposition can change by at most one (while the number of breakpoints
can change by twao), Bafna and Pevener, 1996 [19] proved the bound dim) >
n + 1 — ¢{m), which is much tighter than the bound in terms of breakpoints
d(m) = b(w}/2. For most biological examples, d{(7) = n + 1 — ¢(7), thus re-
ducing the reversal distance problem to the maximal cycle decomposition problem.

Duality Theorem for Signed Permutations Finding a maximal cycle decompo-
sition is a difficult problem. Fortunately. in the more biologically relevant case of
signed permutations, this problem is trivial. Genes are directed fragments of DNA,



10.1. INTRODUCTION 181

permutation: 2314657
adjacencies
I
extend the ! i
|
permutation by 0 2?:\’ 1 4 E?S 7
0 in the beginning G

and n+1 in the end

breakpoints
black path
[ & z & - - =
0] 2 3 4 4] 7
gray }]nﬂ[h A o e "F- R, v i .'
L] e ] [ ] i ] [

1] 2 3 1 4 ¥ 3
Superposition of black and gray paths forms

THE BREAKPOINT GRAPH
..-___...- ik _ _-_"_'-_‘__..- k- :___ 4 :. "'_H=
0 2 3 1 4 7

CYCLE DECOMPOSITION
of the breakpoint graph  into four eycles

® [ S— ° (] » - ®

2 3 1 4 5] 3 T
. P o e
0 2 3 4 & ] 7
° ® . — 3 —e

)] 2 3 l 4 6 5 7

Figure 10.4: Breakpoints, breakpoint graph, and maximum cycle decomposition.
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and a sequence of n genes in a genome is represented by a signed permutation on
{1....m}p with a + or — sign associated with every element of #. For example,
the gene order for B. eleracea presented in Figure 10.] is modeled by the signed
permutation (+1 —5+4 = 3+ 2), In the signed case, every reversal of fragment
i, 7] changes both the order and the signs of the elements within that fragment
(Figure 10.1). We are interested in the minimum number of reversals d{w) re-
quired to transform a signed permutation = into the identity signed permutation
[+1+2. ., +nl.

Bafna and Pevzner, 1996 [19] noted that the concept of a breakpoint graph
extends naturally to signed permutations by mimicking every directed element 4 by
two undirected elements 4, and 1y, which substitute for the tail and the head of the
directed element 1 (Figure 10.5),

For signed permutations, the bound d(z) > n + 1 — e{x) approximates the
reversal distance extremely well for both simulated and biological data. This in-
triguing performance raises the question of whether the bound dim) 2 n+1—¢lx)
overlooks another parameter (in addition to the size of a maximum cyele decompo-
sition) that would allow ¢losing the gap between d{7) and n+1 —efw). Hannenhalli
and Pevzner, 1995 [154] revealed another “hidden” parameter (number of Aurdles
in =) making it harder to sort a signed permutation and showed that

n+l—glm) 4+ hinr) <dir) <n+2-¢(m)+ hir) (10:1)

where i1 7) is the number of hurdles in 7. They also proved the duality theorem for
signed permutations and developed a polynomial algorithm for computing d(= ).

Unsigned Permutations and Comparative Physical Mapping Since soring
{unsigned) permutations by reversals is NP-hard (Caprara, 1997 |57]), many re-
searchers have wied to devise a practical approximation algorithm for sorting {(un-
signed permmutations) by reversals.

A block of = is an interval =r; ... m; containing no breakpoints, i.e.. (74, Tior)
is an adjacency for) <4{ < k < j < n-+1. Define a strip of « as a maximal block.
1.e., a block 7; . . . m; such that (m,_;, m;) and (m;. 7j=1) are breakpoints, A strip of
one element is called a singleton, a strip of two elements is called a 2-strip, and a
strip with mare than two elements is called a long strip. It turns out that singletons
cause 3 major challenge in sorting unsigned permutations by reversals.

A reversal pl1,7) cuts a strip 7. ... 7 if either b < 1 < lork < 7 < |,
A reversal cutting 4 strip separates elements that are consecutive in the identty
permutation. Therefore, it is natural to expect that for every permutation 7 there
exists an (optimal) sorting of = by reversals that does not cut strips. This, how-
ever. is false. Permutation 3412 requires three reversals if we do not cut strips, and
yet it can be somed with two: 3412 — 1432 — 1234, Kececioglu and Sankoff,
1993 [192] conjectured that every permutation has an optimal sorting by rever-
sals that does not cut long strips and does not increase the number of breakpoints.
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Figure 10.5; Modeling 4 signed permutation by an unsigned permutariog

Since the identity permutation has no breakpoints, sorting by reversals correspands
to eliminating breakpoints. From this perspective, it is natural to expect that for ev-
ery permutation there exists an optimal sorting by reversals that never increases
the number of breakpoints. Hannenhalli and Pevzner, 1996 [155] proved both the
“reversals do not cut long strips™ and the “reversals do not increase the number of
breakpoints™ conjectures by using the duality theorem for signed permutations.
Biologists derive gene orders either by SBqUENCINg entire genomes or by us-
ing comparative physical mapping, Sequencing provides informarion about (he
directions of genes and allows one to represent a genome by a signed permutation.
However, sequencing of entire genomes is still expensive, and most currently avail-
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Comparative physical maps of cabbage and turnip
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Figure 10.6: Comparative physical map of cabbage and turnip (unsigned permutation) and come-
sponding signed permutation.

able experimental data on gene orders are based on comparative physical maps.
Physical maps usually do not provide information about the directions of genes,
and therefore lead to representation of a genome as an unsigned permutation w.
Biologists try to derive a signed permutalion from this representation by assizm-
ing & positive (negative) sign to increasing (decreasing) strips of = (Figure 10.6).
The “reversals do not cut long strips” property provides a theoretical substantiation
for such a procedure in the case of long strips. At the same time, for 2-sirips this
procedure might fail to find an optimal rearrangement scenario. Hannenhalli and
Pevzner, 1996 [155] pointed to a biological example for which this procedure fails
and described an algorithm fixing this problem.

Permutations without singletons are called singleton-free permutations. The
difficulty in analyzing such permutations is posed by an alternative, “fo cul or not
1o cur” 2-strips. A characterization of & set of 2-strips "to cut” (Hannenhalli and
Pevzner. 1996 [155]) leads to a polynomial algorithm for sorting singleton-free
permutations and to a polynomial algorithm for sorting permutations with 2 small
number of singletons. The algorithm can be applied to analyze rearrangement
<cenarios derived from comparative physical maps.

Low-resolution physical maps usually contain many singletons and, as a result,
rearrangement scenarios for such maps are hard to analyze. The Hannenhalli and
Pevzner. 1996 [155] algorithm runs in polynomial time if the number of single-
tons is O(logm). This suggests that O(logn) singletons is the desired trade-off of
resolution for comparative physical mapping in molecular evolution studies. If the
number of singletons is large, a biologist might choose additional expeniments |
i.¢., sequencing of some areas) 10 resolve the ambiguities in gene directions.
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Figure 10.7: Evolution of genome I into genome [

Rearrangements of Multichromosomal Genomes When the Brothers Grimm
described a transformation of a man into g mouse in the fairy tale “Puss in Boows,”
they could hardly have anticipated that two centuries later humans and mice would
be the most genetically studied mammals. Man-mouse comparative physical map-
ping started 20 years ago, and currently a few thousand pairs of homologous genes
are mapped in these species. As a result, biologists have found that the related
genes in man and mouse are not chaotically distributed over the Zenomes, but form
“conserved blocks” instead. Current comparative mapping data indicate that both
human and mouse genomes are comprised of approximately 150 blacks which are
“shuffled” in humans as compared to mice | Copeland et al., 1993 [74]). For exam-
ple, the chromosome 7 in the human can be viewed as a mosaic of different genes
from chromosomes 2, 3, 6, 11, 12, and 13 in the mouse (Fig 1.4), Shuffling of
blocks happens quite rarely (roughly once in a million vears), thus giving biolo-
2ists hope of reconstructing a Tearrangement scenario of human-mouse evolution.
In their pioneering paper, Nadeau and Taylor, 1984 [248] estimated that surpris-
ingly few genomic rearrangements (178 = 39) have happened since the divergence
of human and mouse 80 million YEars ago.

In the model we consider, every gene is represented by an integer whose sign
("+" or ") reflects the direction of the gene. A chromasome is defined as a se-
guence of genes, while a genome is defined as 3 sor of chromosomes. Given two
genomes IT and I, we are interested in a most parsimonious scenario of evolution
of Il into I, i.e.. the shortest Sequence of rearrangement events (defined below) re-
quired to transform [T into ', In the following we assume that IT and T contain the
same sel of genes. Figure 10.7 illustrates four fearrangement events transforming
one genome into another,

LetIl = {#{1),....7(N)} be a genome consisting of V chromosomes and
let w{i) = (=(i); coo {1 )n, ), n; being the number of genes in the i-th chromo-
some. Every chromosome = can be viewed either from “left to right” (i.e., as
T = (M ...7ma)) or from “right to left” (ie., as —x = (=Tn...— 1)), leading
10 two equivalent representations of the same chromosome (Le., the directions of
chromosomes are irrelevant). The four most common elementary rearrangement
events in multichromosomal genomes are reversals, translocations, fusions, and
fissions, defined below.
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Letw = my...mp beachromosome and 1 < i < j < n. A reversal plw,1,§)
on a chromosome 7 rearranges the genes mside @ = My .., Wi Wio. . W72 .. 7y,
and transforms 7 MO Wy ... Tjm] — T oo — TiFjpl oo The LLT_H—“J_...:,_H.I'I.d
g = gj.. mbEtWGEhIDmt]EDm&Sdndi"f::{'irl—|-1i{rhm—l
A .'rcmﬂ’acanan plm, o, i, j) exchanges genes berween chromosomes 7 and & and
transforms them into chromosomes 71 ... 7 _10;...0m and 07 ... 0517 ... 7y

with (i—1)+(m—j+1)and (j—1)+ [n—i+1) genes respectively. We denote
as IT - p the genome obtained from IT as @ result of 4 resrrangement (reversal or
translocation) p. Given penomes Il and I, the genomic sorting problem is 1o find a

series of reversals and translocations gy, ..., pesuchthat Il - py--pp =T and # 15
mlmmal. Ve call ¢ the genomic distance between [l and ', The Genomic distance
problem 1s the problem of finding the genomic distance d{I1, T') between TT and T

A translocation p{, o.n + 1,1) concatenates the chromosomes = and o, re-
sulting in a chromosome ... T,0] ... 0y, and an empry chromosome . This
special translocation, leading to a reduction in the number of (non-empty) chromo-
somes, is known in molecular biology as a fusion. The translocation p(7. 0,1, 1)
for 1 < i < n“breaks” a chromosome = into two chromosomes (71 ... 7] and
{7 ... 7p). This translocation, leading to an increase in the number of (non-smpty)
chromosomes, is known as a fission. Fusions and fissions are rither common in
mammalian evolution; for example, the major difference in the overall senome
organization of humans and chimpanzees is the fusion of two chimpanzes chromo-
somes into one human chromosome.

Kececioglu and Ravi, 1995 [191] made the first attampt to analyze rearrange-
ments of multichromosomal genomes. Their approximation algorithm addresses
the case in which both genomes contain the same number of chromosomes. This is
a serious limitation, since different organisms (in particular humans and mice) have
different numbers of chromosomes. From this perspective, every realistic model
of genome rearrangements should include fusions and fissions, It tums owt that fu-
sions ind fissions present 4 major difficulty in analyzing genome rearrangements.
Hannenhalli and Pevzner, 1995 [153] proved the duality theorem for muluchromo-
somal genomes, which computes genomic distance in terms of seven parameters
reflecting different combinatorial properties of sets of stongs. Based on this result
they found a polynomial algorithm for this problem.

The idea of the analysis is to concatenate N chromosomes of 11 and T into
p-;rmu[anﬂnb r and -y, respectively, and to mimic genomic sorting of II into I by
sorting 7 into <y by reversals. The difficulty with this approach is that there exist

N12% different concatenates for 1T and I, and only some of them, called oprimal
concatenares, mimic an optimal sorting of I inte ['. Hanneohalli and Pevener.
1995 [153] introduced techniques called flipping and capping of chromosomes that
allow one to find an optiimal concatenate.

Of course, gene orders for just two genomes are hardly sufficient 1o delineate
a correct rearrangement scenario. Comparative gene mapping has made possible
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the generanion of comparative maps for many mammalian species (O'Brnen and
Graves. 1991 [254]). However, the resolution of these maps is significantly lower
than the resolution of the human-mouse map: Since comparative physical mapping
is rather labonous, one can hardly expect that the remendous effort invelved in
obtaining the human-mouse map will be repeated for other mammalian genomes.
However, an expenmental technique called chromosome painting allows one 1o
derive gene order without actually building an accurate “gene-based” map. In the
past, the applications of chromosome painting were limited to primates (Jauch et
al., 1992 [178]); attempts to extend this approach to other mammals were not suc-
cessful because of the DNA sequence diversity between distantly related species.
Later, Scherthan et al,, 1994 [307] developed an improved version of chromosome
painting, called ZOO-FISH., that is capable of detecting homalogous chromosome
fragments in distant mammalian species. Using ZOO-FISH, Rettenberger et al.,
1995 [284] guickly completed the human-pig chromosome painting project and
identified 47 conserved blocks common to human and pig. The success of the
human-pig chromosome painting project indicates that gene orders of many mam-
malian species can be generated with Z00-FISH inexpensively, thus providing an
invaluable new source of data to attack the 100-year-old problem of mammalian
evolution.



