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Exact sequence matches in genomic studies

M. Sheinman

Abstract. The purpose of this article is to review usage of exact sequence matches in different field of genomic studies.
Methods. The presentation is built in the form of a brief review of clearly non-exhaustive list of works in which the authors
inferred biological knowledge using statistical properties of exact matches between different genomic texts or self-matches
along the same genomic sequence. Results. Often, in genomic studies, different genomic loci exhibit different statistical
properties, while their boundaries are not known a priory. In such cases we conclude that studying statistical properties of exact
sequence matches is a useful alternative to other methods, for instance, based on arbitrary-size (non-)sliding windowing of the
genome. Conclusion. This review demonstrates that exact sequences matches are not only an important auxiliary alignment
step, but also helpful in other contexts. Their statistical properties are relatively easy to calculate analytically or numerically
under various assumptions and compare to empirical data, validating models and fitting the models’ parameters.
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Точные соответствия последовательностей в геномных исследованиях

М. Шейнман

Аннотация. Цель этого обзора — рассмотреть использование точных соответствий геномных последовательностей
в разных контекстах. Методы. Здесь представлен явно не исчерпывающий список работ, в которых авторы добились
интерпретируемых результатов, используя статистические данные точных соответствий разных геномных последова-
тельностей или самосоответствий на одном геноме. Результаты. Часто в геномных исследованиях разные геномные
локусы обладают различными статистическими свойствами, в то время как их границы изначально не известны.
В таких случаях рассмотрение статистических свойств точных соответствий является полезной альтернативой других
методик, например основывающихся на разделении генома на произвольного размера участки — так называемые
скользящие или нескользящие окна. Заключение. Этот обзор демонстрирует, что анализ точных соответствий это
не только вспомогательный шаг в выравнивании геномных последовательностей, но также выявляет биологические
закономерности в различных контекстах.

Ключевые слова: геномика, точные соответствия, максимально точные соответствия, 𝑘-меры, эволюция генома,
горизонтальный перенос генов.
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Introduction

Genomic sequences evolve via error-prone DNA replication. Therefore, comparing DNA sequences
from different origins we often find similar texts. Significant similarity suggests common ancestor
of such DNA regions and we define such regions that have a common evolutionary origin as
homologous [1, 2]. Homologous sequences typically share more and longer exact matches, compared to
non-homologous ones.

𝑘-mers. There are different ways to analyze the exact matches. One can look at the shared
sequences of specific length 𝑘, so-called 𝑘-mers. For instance, two sequences: ACGCGATTGCTAA
and ACGAGATTTCTAA share two 4-mers: GATT and CTAA. There are 6 shared 3-mers: CGA,
ACG, GAT, ATT, CTA and TAA. Homologous sequences are expected to share more long 𝑘-mers than
non-homologous ones.

Similarly, one can compare a sequence to itself searching for self-matches. Using an efficient
software, like Jellyfish [3], one can obtain all the exact matches of length 𝑘 along a genomic
sequence — all it 𝑘-mers. Abundance of genomic 𝑘-mers (as well as 𝑘-mer peptide abundances in
protein sequences [4]) is informative. For 𝑘 = 1 this boils down to GC content, which is an important
genomic trait and is often used to characterize within- and between-genome variations [5], especially
for bacterial organisms [6]. 𝑘=2-mers-dinucleotides — are also used [5, 7], while local abundance of the
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CG 2-mer is especially interesting (see review about CpG islands in Ref. [8]). 𝑘 = 3-mers abundances
reflect codon usage bias: the preferential or non-random use of synonymous codons — an intriguing
phenomenon observed in all domains of life [9]. Longer 𝑘-mers are discussed in the following sections.

MEMs. Another way to analyze sequence (self-)similarities is to find maximal exact matches
(MEMs). These are exact matches between two sequences that cannot be extended either way without
introducing mismatches [10]. Since the early days of bioinformatics, MEMs are used to visualize
(self-)similarities of genomic sequences using so-called dotplots [11]. In the example above MEMs
are given by ACG, GATT and CTAA. Lengths of MEMs reflect degree of similarity: for two random
sequences of length 𝐿 ≫ 1 an average number of MEMs of length 𝑟 decays exponentially with 𝑟
following

𝑚(𝑟) =
𝐿2

2
(1− 𝑝)2𝑝𝑟, (1)

where 𝑝 — the probability of matching nucleotides, which is equal to 1/4 for an i.i.d. sequence with
equal proportions of nucleotides. This exponential match length distribution leads to the Gumbel
distribution for longest matches in an alignment of i.i.d. sequences, which is commonly used to assess
the significance of local alignments [12, 13].

In the following sections I review usage of exact sequence matches in different contexts.

Exact matches as alignment seeds

Aligning two or more genomic (or protein) sequences is arguably the most fundamental tasks
in bioinformatics. If two sequences align well, they are likely homologous. A common approach to
alignment is the seed and extend approach [14]. In a first step, very short local similarities are found.
These similarities are often required to be exact sequence matches. Then they are used as alignment
seeds. In a second step, starting from these seeds, alignments are constructed. This construction is often
the slowest step, so that the seeds are ought to be sensitive and specific and, yet, their search should
be fast [15, 16].

Classical aligners use simple 𝑘-mers (exact sequence matches of length 𝑘) as seeds [14, 17, 18]. 
Later, seeds in the form of gapped 𝑘-mers were introduced, where bases at certain positions of the 𝑘-mer 
are not required to match [19, 20]. Such spaced seeds (with some variations, like differentiation between 
different types of mismatches: transitions and transversions) are currently used in alignments like 
BLASTZ [21], YASS [22], DIAMOND [23], LASTZ [24], and MegaBLAST version of BLASTn [25]. 
Recently, other modified 𝑘-mer methods were suggested [26], like mimimizers [27], syncmers [28] and 
strobemers [29].

An alternative approach is to use MEMs beyond certain length as alignment seeds. This was
implemented in aligners like MAVID, [30], GAME [31], CoCoNUT [32] and MUMmer [33, 34]. The last
was the first software system that used suffix trees to find MEMs as potential seeds for an alignment. A
suffix tree is a data structure for representing all the subsequences of a sequence [35]. For a sequence of
length 𝐿 it can be represented in space 𝒪(𝐿) and fast algorithms have been found to construct a suffix
tree in time 𝒪(𝐿), e.g. [36]. Given the suffix tree of one sequence and another sequence of length 𝐿′,
one can compute all MEMs between the sequences in time 𝒪(𝐿′) [33].

Insights into evolutionary history using exact matches

Beyond technical aspects, exact matches can be used directly to infer information about evolu-
tionary history of genomes. The reasons for this are that (i) one can relatively easily obtain them
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empirically, (ii) in contrast to alignments, where some properties depend on the alignment algorithm
and its parameters, exact matches are unambiguously defined, (iii) statistical properties of exact matches
within the framework of theoretical models can be often obtained analytically or their numerical
calculation is relatively fast. In sum, one can often compare empirical data to theoretical predictions
using exact sequence matches, validating a model and fitting its parameters. In the following we review
a few such cases.

Sequences similarity estimates using exact matches–alignment-free methods. An important
direction in bionformatics is direct phylogeny reconstruction without the alignment step, using exact
matches [37, 38]. For phylogenetic reconstruction, a first step is to estimate pairwise evolutionary
distances between protein or nucleic-acid sequences [39]. Also, statistical properties of pairwise
evolutionary distances between members of a taxon can shed light on its speciation history [40].
The distances are usually inferred using pairwise or multiple-sequence alignments. However, sequence
alignment happens to be too slow for huge amount of data. To cope with this problem alignment-free
approaches have been being developed. In contrast, some alignment-free approaches are based on
𝑘-mer abundances [41–45]. The tools Cnidaria [46] and AAF [47] use the Jaccard index between
two sets of 𝑘-mers to estimate the distance between them, while SlopeTree [48] defined a distance
measure using the decay of the number of 𝑘-mer matches between two sequences, as a function of 𝑘.
Other approaches take the length of maximal (non)exact matches as an input [49–53].

Similar methods are currently used not only for phylogeny, but also in metagenomic analysis
[54–57], to identify genome rearrangements [58], in haplotype classification [59], in medical applications
[60–63] and other fields. In all these applications, one requires fast estimate of pairwise similarity in
large sets of sequence data and analysis of exact matches often allows to circumvent tedious alignment
process.

Evolution of DNA repeats and their pseudo-linguistic features. Sequencing of genomes has
revealed that genetic texts comprise repeats of different kinds [64]. Repetitive DNA contains many
homologous sequences, sharing significant similarities to each other. Hence, statistical properties of
genomic sequence differ from those of random ones in this respect [65]. One of these properties, which
we discuss here, is that certain 𝑘-mers are much more abundant than others (this property is used to
identify repeat families [66]). In particular, 𝑠 — the abundances of long 𝑘-mers — exhibits a wide,
scale-free distribution: number of 𝑘-mers with abundance 𝑠 scales as 𝑛𝑘(𝑠) ∼ 𝑠−α with α ≃ 2, as
shown in Fig. 1, a. This phenomenon resembles statistical properties of human texts, where abundances
of words also exhibit a scale-free distribution [67]. For human texts such a linguistic feature is often
presented as Zipf law [68,69] (see Fig. 1, a (Inset)). Despite an incomplete analogy, (𝑘-mers are not
genomic “words”), this intriguing similarity between genomes and human texts has led some researchers
to analyze genetic sequences from a linguistic perspective [70–72], while many others questioned this
approach (see e.g. [73]).

It was shown [74] that a simple “copy-paste” model of selfish DNA in a fixed-size genome
generates a fat tail in the distribution of 𝑘-mer abundances distribution, 𝑛𝑘(𝑠) ∼ 𝑠−α, but the value of
the power-law exponent in Ref. [74] was α(𝑘) = −1 and 𝑘-independent—different from the empirical
results, where the exponent was α ≃ 2 (see Fig. 1, a) and increased with 𝑘 (see Fig. 1, d). After this, it
was demonstrated [75] that, taking into account increase of the genome size due to spreading of selfish
DNA (see Fig. 1, b), one can analytically calculate the power-law α(𝑘) (upper-left corner of Fig. 1, c).
Taking separately one repeat family (Alu family [76] in Ref. [75]), i.e. considering only 𝑘-mers from
the repeats of the family, the analytical predictions account very well for the empirical results. Fitting
the model parameters to the empirical data per repeat family, the spreading rates of different families
was obtained using the analytic formula (see Fig. 1, c). Furthermore, numerical simulation of the model
with the fitted parameters accurately reproduces abundance distribution of 𝑘-mers for all 𝑘 values
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Fig. 1. a — Distributions of abundances of 𝑘-mers for 𝑘 = 40 in human genome. 𝑠 is the number of copies of a certain
𝑘-mer and 𝑛𝑘(𝑠) is the number of different 𝑘-mers with abundance 𝑠. Distributions for different genomic compartments are
presented: the whole genome (solid, black), the whole genome after masking the repeat elements (solid, green) and the Alu
family of repeats (solid, blue). For comparison the distribution of word abundances in Pride and Prejudice [77] is also shown
(solid, red). The dashed line represents the power-law 𝑛𝑘(𝑠) ∼ 𝑠−α with α = 2. For a randomly shuffled human genome or a
random sequence of the same length there is not a single 𝑘-mer with 𝑠 > 1. Inset: the corresponding Zipf ’s plots for the main
figure. For each 𝑘-mer (or a word for Pride and Prejudice) its abundance is plotted vs. the rank of its abundance. The dashed
line represents the power-law 𝑠 ∼ 1/rank(𝑠). b — Illustration of the analysed model for the dynamics of repeat elements. Each
branch represents a sequence of the repeat. Active elements are depicted in thick, black lines, while silent ones are shown in
thin, gray lines. During the activity burst, selfish elements duplicate exponentially with time and accumulate mutations (red
marks). After the burst sequences do not duplicate anymore but still mutate. c — Estimation of parameters of the model using
the analytic fit of the empirical data. Circles represent the empirical power-law exponent α as a function of 𝑘. The line is
the numerical fit of the data points using the analytical prediction (upper-left corner). The resulting estimator is presented
below the equation (µ is the mutation rate, γ is the duplication rate and δ is the fraction of active repeats after a duplication).
d — Distributions of abundances of 𝑘-mers, 𝑛𝑘(𝑠), for different values of 𝑘, from 5 to 90 in steps of 5, from top to bottom
(see numbers in the figure). Circles represent 𝑛𝑘(𝑠) in the empirical data for the Alu family of repeats. Dots represent 𝑛𝑘(𝑠)
in a random sequence, of the same length as the empirical one for 𝑘 = 5 (red) and 𝑘 = 10 (blue). Lines represent 𝑛𝑘(𝑠) in
simulated Alu elements using the set of parameters in (c). The dashed lines represent the power-law decay 𝑛𝑠 ∼ 𝑠−α with
α = 2. For visibility the values of 𝑛𝑘(𝑠) are normalized differently for each value of 𝑘 (but in the same way for the empirical
and the simulated data), so that the units of the vertical axis are arbitrary. The figure adapted with permission from [75]
(color online)
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(see Fig. 1, d). This study, using statistical properties of 𝑘-mers, showed that Zipf law in genomic texts
is rather a consequence of the evolutionary dynamics of DNA repeats and does not reflect linguistic
features of genomic texts. Moreover, evolutionary dynamics of DNA repeats can be well-modelled as
exponentially growing process on a large scale.

How to relate time divergence distribution to genomic data using MEMs. Before I proceed
to concrete examples, let’s discuss here how to validate a model for evolutionary history using genomic
sequence data in case that the model predicts distribution of pairwise evolutionary time distances between
different loci along the genome(s) and the borders of the loci are not known in advance. In principle,
using the molecular clock assumption, the evolutionary time divergence τ between two DNA loci with
effective mutation rate µ is related to the density of mismatches at these loci, µτ≪ 1 (ignoring back
mutations). However, identifying loci with constant mutational density is often challenging, requires
setting of arbitrary parameters, like size of the window in the case of windowing the genome to regions
of fixed size (see e.g. [78,79]). MEMs analysis circumvents this problem and was used in Refs. [80–86].
The main idea is to use statistical properties of the MEMs lengths instead of the statistical properties
of loci time divergences. One can show [87], using the result derived in [88] that the molecular
clock instead of fraction of mismatches can be formulated in terms of the MEMs lengths distribution
(MLD) 𝑟.

Namely, for a given time divergence τ (twice the time to their last common ancestor) between two
loci of length 𝐾 the expected number of differences is µτ𝐾 and follows Poisson distribution. In contrast,
the expected number of MEMs (the distances between subsequent differences) of length 𝑟 in the regime
𝐾 ≫ 𝑟 ≫ 1 is given by

𝑚(𝑟|τ) =
[︀
2τµ+ (τµ)2(𝐾 − 𝑟)

]︀
𝑒−τµ𝑟 ≃ 𝐾(τµ)2𝑒−τµ𝑟. (2)

Using Eq. (2) one can relate the empirically observed distribution of MEMs length 𝑚(𝑟) to the
distribution of loci pairwise time evolutionary distances 𝑃 (τ), predicted by a model, using

𝑚(𝑟) =

∞∫︁
0

𝑚(𝑟|τ)𝑃 (τ)𝑑τ = 𝐿

∞∫︁
0

(τµ)2𝑒−τµ𝑟𝑃 (τ)𝑑τ = 𝐿
𝑑2 ̃︀𝑃 (µ𝑟)

𝑑𝑟2
, (3)

where 𝐿 is the total length and ̃︀𝑃 (σ) = L {𝑃}(σ) =
∫︀∞
0 𝑒−στ𝑃 (τ)𝑑τ is the Laplace transform of

𝑃 (τ). One can see that length distribution of exact sequence matches between two sequences is related
to the Laplace transform of their time divergence distribution. Hence, there is a direct relationship
between the MLD 𝑚(𝑟) and the Laplace transform of the loci pairwise time divergence distribution.
In particular, as discussed in detail in Ref. [83], scaling behaviour of pairwise distances distribution for
close pairs, 𝑃 (τ) ∼ τα−3 as τ→ 0 dictates power-law tail of MEMs length distribution, 𝑚(𝑟) ∼ 𝑟−α as
𝑟 →∞. In sum, studying 𝑚(𝑟) – a quantity that can be easily computed from empirical data – allows
to reconstruct the evolutionary history of the genomes.

Using the same arguments, if different loci mutate with different mutation rate and the rate is
distributed as 𝑃mut(µ), while the evolutionary time distance between all loci τ is the same, MEMs
distances are distributed as

𝑚(𝑟) = 𝐿
𝑑2 ̃︀𝑃mut(τ𝑟)

𝑑𝑟2
. (4)

In the following we demonstrate how using this approach one can shed light on different aspects of
genomic evolutionary history.
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Self MEMs reflect segmental duplication history of genomes. MEMs along genomes exhibit
interesting statistical features. In particular, distribution of their lengths, 𝑚(𝑟), strongly deviates for
the random-sequence prediction (1). The dot-plot, shown in Fig. 2, a, demonstrates that the genome
contains many paralogous sequences. As discussed in the previous section, repeat families generate such
repetitive sequences. However, cleaning the repeats using the repeat masking software one can still
observe long similar sequences that look like broken sticks [87] on a dot-plot (see example in Fig. 2, b).
Length distribution of MEMs along such “sticks” was found [89] to obey α = −3 power-law:

𝑚(𝑟) ∼ 𝑟−3, (5)

where 𝐿 is the genome length, as shown in Fig. 2, c.
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Fig. 2. a, b — Dot-plot of self-MEMs along a part of human chromosome 1 before (a) and after (b) repeat masking. c — The
MEMs length distribution (MLD) for a self-alignment of the human genome. The MLD for the complete genome excluding
repetitive sequences (in total 𝐿 = 1.23 Gbp) is shown in black and shows the described power law tail. The MLD for a
human sequence of the same length but including repetitive elements is shown in red. For small lengths both distributions
coincide and are dominated by random sequence matches, which occur in randomly shuffled sequences, that follows Eq. (1)
(blue curve). The dashed line represents the theoretical prediction (6), see below. The inset gives an example for an alignment
grid of a self-alignment of a sequence of length 12. Matching nucleotides are marked by diagonal lines forming MEMs. The
global MEM is shown in red along the main diagonal. Off-diagonal MEMs are depicted in black. The grid is symmetric and
only MEMs above the main diagonal are counted. In this example there are six MEMs of length one, three matches of length
two, and one match of length three. d — The simulated MLD for various values of mutation rate µ and duplication rate γ.
Theoretical predictions (6) using the stick-breaking model [81] are shown with dashed lines. The dotted line is based on
Eq. (1). The panels (c-d) adapted from Ref. [81] with permission (color online)
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These observations were explained in Ref. [81] using a simple model of neutral duplication and
mutation of genomic loci. The model assumes that genomic loci duplicate (copy-paste themselves)
to another part of the genome with a constant rate and also undergo point mutations. Using the formalism
presented above, if loci of length 𝐾 duplicate with rate (per bp) γ (such that duplication rate per locus
is γ𝐾) and mutate with rate µ, the distribution of pairwise time divergences between paralogous loci
in a genome in a steady state is uniform and given by 𝑃 (τ) = (2𝐾γ)−1, such that ̃︀𝑃 (σ) = (γ𝐾σ)−1.
Then, using Eq. (3), one gets

𝑚(𝑟) =
γ𝐾
µ

𝐿

𝑟3
. (6)

Eq. (6) fits the tail of the empirical (see Fig. 2, c) and simulated (see Fig. 2, d) MLDs and allows to
estimate the duplication rate γ in the genome: assuming that mutations occur with a rate of about 1.5%
per 10 million years, γ = 4.5 Mbp per million years have been duplicated in the human lineage, in good
agreement with Ref. [90].

Retroduplications generate a different MEMs lengths distribution. Segmental duplication is
not the only biological process that produces duplications in eukaryotic genomes. Retroduplication is a
well-known biological mechanism which consists of the retrotranscription of an mRNA molecule into
the genome. For this reason, retroduplication will solely duplicate transcribed segments of the genome.
Besides, this mechanism generates partial duplicates which do not include introns. As retroduplicants
also do not contain regulatory elements and promoters, they mostly produce nonfunctional copies,
highly similar to the concatenated exons of the functional gene, commonly known as processed
pseudogenes [91]. Various functions have been found for such pseudogenes [92, 93], even though they
often result in evolutionary dead ends.

As an example, consider large family of 113 processed pseudogenes of the ribosomal protein
RPL21 in the human genome [82]. Its distance matrix and a compatible phylogenetic tree in Fig. 3, a.
The matrix and the tree suggest that all these pseudogenes were actually generated by retrotranscription
of a single functional gene. Following this mechanism, a gene of length 𝐾 duplicates with rate γ𝐾,
while its duplicates (processed, nontranscribed pseudogenes) do not duplicate. Since the evolutionary
pressure on the pseudogenes is expected to be much weaker (if any), we assume that the gene and
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is the sum of the evolutionary distance covered by each pseudogene since its retroduplication event and the evolutionary
distance covered by the gene between the two retroduplication events. All circles represent contemporary sequence segments.
b — The MLD computed from the self-alignment of the human processed pseudogenome. The total length of this genome is
𝐿 = 6, 433, 368 bp. The red dotted line represents the expected distribution for random sequences, and the red and black
dashed lines represent power laws with exponent α = −4 and α = −3, respectively. Adapted from [82] with permission
(color online)
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its pseudogenes exhibit different effective mutation rates. This results in a tree similar to the one shown
in Fig. 3, a (Inset). The evolutionary time that separates two leaves on such a tree is a sum of three
times: The evolutionary time elapsed after the first retroduplication event, the evolutionary time elapsed
after the second retroduplication event, and the evolutionary time elapsed in the source gene between
the two retroduplications (see the green path of the tree in Fig. 3, a (Inset)).

One can show [82] that the distribution of the pairwise distances on such a tree scales as 𝑃 (τ) ∼ τ
as τ → 0. Thus, its Laplace transform scales as ̃︀𝑃 (σ) ∼ σ−2 as σ → ∞, so that, using Eq. (3), one
obtains 𝑚(𝑟) ∼ 𝑟−4. In sum, MEMs of processed pseudogenes (retroduplicants) are expected to generate
MLD with a power law tail with exponent α = −4. Indeed, concatenating all the annotated processed
pseudogenes of the human genome to construct the so-called human “processed pseudogenome”, the
MLD computed from this processed pseudogenome shows a good agreement with this prediction (see
Fig. 3, b). The deviation of the power law in the very tip of the MLD can be explained either by
subsequent segmental duplication of retroduplicated loci or by selective constrains on the retroduplicants
making them more conserved than expected by the neutral model.

MEMs of different genomes from the same population reflect demographic history

Genetic diversity within a population is shaped by many factors: mutagenesis initially introduces
genomic variation into the genome of a single individual, which is then subject to natural selection and
genetic drift. In a neutral evolution the average diversity depends on the mutation rate and the effective
population size. For diploid organisms with constant effective population size 𝑁𝑒 it is given by

θ = 4µ𝑁𝑒. (7)

The evolutionary pairwise time distances in such a population (time is measured in generations) is
distributed exponentially [94, 95]

𝑃 (τ) =
1

4𝑁
𝑒−

τ
4𝑁 . (8)

In addition to described evolutionary processes, genetic recombination shuffles genetic material of
different individuals into a single genome, such that, assuming random mating [95], comparing two
genomes from the populations, one gets loci with different evolutionary distance, following Eq. (8).
Therefore, using Eqs. (8,2,3), lengths of MEMs of two haploid genomes from the diploid populations
are distributed as [86]

𝑚(𝑟) =
2θ𝐿2

(1 + θ𝑟)3
. (9)

In practice, instead of taking genomes of two individuals one can find MEMs of sister chromosomes
from the same individual, i.e. the distances between sequential heterozygous sites [80, 86]. Thus, Eq. (9)
predicts distribution of distances between sequential heterozygous sites of an individual from a neutrally
evolving fixed-size population of diploid organisms [86]. Often, MEMs of sister chromosomes in the
literature are referred to as runs of homozygosity (ROH) and beyond inferring population history are also
used to calculate genomic inbreeding, decipher genetic architecture of complex traits and diseases [96].

Interestingly, Eq. (9) agrees very well only with empirical distances between sequential hetero-
zygous sites of individuals from African descent [86]. Other individuals exhibit enrichment of long
MEMs relative to the theoretical prediction and African individuals [80, 86]. The most plausible
explanation is that non-Africans underwent a population bottleneck while moving out of Africa [97].
To account for such non-fixed population size demographic history, suitable theoretical framework
was developed in Ref. [86]. Using this approach 𝑚(𝑟) for population with a bottleneck was obtained
and fitting the parameters to the empirical data the timing and the bottleneck strength were estimated.
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In sum, MEMs length distribution can be used to analyse demographic history using unphased genomic
data of a single individual. It is still unclear how this approach compares to other methods based on the
Sequential Markovian Coalescent (e.g. Ref. [98]) and how to extend it to polyploid organisms.

MEMs identify evolutionary conserved sequences. Distant organisms rarely share long MEMs.
In higher organimsm such MEMs (for instance, the ones shared between human, mouse, and rat genomes
and longer than 200bp) are usually interpreted as ultra-conserved elements, [99]. Although functions
of such elements is still mostly unclear, their existence clearly demonstrates that effective mutation
rate varies along the genome possibly due to different selective pressure acting on different loci of the
genome [100].

MEMs reveal statistical properties of evolutionary conserved sequences. Variation of
selective pressure along a genome generates a certain distribution of loci effective mutation rate.
The selective pressure on a locus is affected by the fitness effect of a mutation at this locus and by
the effective population size of the taxon [101,102]. The distribution of fitness effects can in principle
be assessed [103], but these methods require in general to conduct complex experiments in controlled
environments. However, studying MEMs one can directly model the mosaic distribution of effective
mutation rates under simple assumptions, following Refs. [82, 83, 85].

The evolutionary distance between orthologous regions of two taxa 𝐴 and 𝐵 along locus 𝑖 is given
by τ2(µ

𝑖
𝐴+ µ𝑖𝐵), where τ is the time divergence (twice the time to the last common ancestor of 𝐴 and 𝐵)

and µ𝑖𝐴 is the effective mutation rate along locus 𝑖 in taxon 𝐵. If we assume that (i) different loci have
different effective mutation rates, such that µ𝑖𝐴 and µ𝑖𝐵 are distributed with certain non-trivial probability
distributions along the genome that does not vanish at zero and (ii) µ𝑖𝐴 and µ𝑖𝐵 are not correlated, the
density of the average mutation rate µ𝑖 = (µ𝑖𝐴 + µ𝑖𝐵)/2 scales as 𝑃 (µ𝑖) ∼ µ𝑖 as µ𝑖 → 0. Using this
consideration and Eq. (4), the MEMs length distribution of two taxa that evolve under assumptions
(i) and (ii) has a power-law tail with exponent α = −4: 𝑚(𝑟) ∼ 𝑟−4. This prediction is validated for
different pairs of taxa (bacterial pairs and eukaryotic pairs) (see [82, 83, 85, 89, 104]), demonstrating
how generic and robust are the taken model assumptions. In fact, one should distinguish between
purely orthologous genomic regions and paralogous ones. For the last ones segmental duplication might
have occurred before splitting of the considered pair of taxa. The MEMs along such loci is predicted
and found empirically to follow a power-law tail with exponent α = −5: 𝑚(𝑟) ∼ 𝑟−5. See detailed
discussion about this in Ref. [83].

In Ref. [85], it was shown that using this approach on can unravel conserved sequences and
horizontally transferred ones (see below more detailed discussion about the latter ones) and construct
calibrated phylogenetic trees of bacterial taxa (Enterobacteriaceae family was taken as an example).
In sum, statistical properties of MEMs between different taxa shed light on the evolution of their
genomes before and after their split, including non-neutral effects due to selective pressure.

MEMs identify and quantify horizontal gene transfers. In contrast to higher organisms, in
bacterial domain of life, an ubiquitous source of long MEMs between distant taxa is horizontal gene
transfer (HGT): transfer of genetic material from one organism to another [105, 106]. This happens via
a variety of mechanisms: conjugation, transduction, and transformation [107]. In fact, to some extent,
HGT present in all domains of life [108], but in the bacterial one, exchange of genetic material is a key
driver of evolution (see e.g. [109]).

Since the discovery of HGT [110], several methods have been developed to infer HGT (see
review in [111]). Arguably, the simplest one is to search long MEMs between two genomes, much
longer that one would expect based on their average genome-wide genomic divergence [84,112,113].
An example of how this works one can see on Fig. 4 [84]. In the dot plot comparing the genome
sequences of Escherichia coli and Salmonella enterica from the Enterobacteriaceae family (Fig. 4, a),
there are many exact matches shorter than 300 bp along the diagonal, revealing a conservation of
the genomic architecture at the family level. Filtering out matches shorter than 300 bp (Fig. 4, b)
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completely eliminates the diagonal line, suggesting that exact matches in the orthologous sequences
of these genomes are invariably short. Because very long exact sequence matches are extremely unlikely
in orthologs, those that do occur are most likely xenologs [114]: sequences that are shared due to
HGT event. As an example, Fig. 4, c shows a dot plot comparable to Fig. 4, a, but now comparing
the genomes of distant Enterococcus faecium and Atopobium minulum. No diagonal line is present
because these genomes belong to different phyla and therefore have low sequence identity. Nevertheless,
an exact match spanning 19, 117 bp is found (diagonal green line highlighted by the red ellipse). The
most parsimonious explanation for such a long match is a recent HGT event. In addition, the GC content
of the match (55%) deviates strongly from that of both genomes (38.3% and 48.9%, respectively),
another indication that this sequence originates from HGT [111]. Alignment of this exact match with all
non-redundant GenBank CDS translations using blastx [14], one finds very strong hits to VanB-type

Fig. 4. Dot plots of MEMs found in pairs of distant bacteria. On panels a and b resp. c and d, each dot/line on the grid
represents a MEM at locus 𝑥 of the genome of Escherichia coli (resp. Enterococcus faecium) and locus 𝑦 of the genome
of Salmonella enterica (resp. Atopobium minutum). Blue dots/lines indicate MEMs between the forward strands of the two
species, and green dots/lines those between the forward strand of E. coli (resp. E. faecium) and the reverse complement
strand of S. enterica (resp. A. minutum). a, b — Full genomes of E. coli K-12 substr. MG1655 (U00096.3) and S. enterica
(NC_003198.1), which both belong to the family of Enterobacteriaceae. Panel a shows all MEMs longer than 25 bp. The
sequence similarity and synteny of both genomes, by descent, is evident from the diagonal blue line. Panel b only shows
MEMs longer than 300 bp. c, d — Same as panels a, b, but for the first 1.4 Mbp of E. faecium (NZ_CP013009.1) and A.
minutum (NZ_KB822533.1), which belong to different phyla, showing few MEMs longer than 25 bp (panel c). Yet, a single
MEM of 19,117 bp is found, as indicated with red ellipses in panels c, d. The most parsimonious explanation for this long
MEM is an event of horizontal gene transfer. Adapted from Ref. [84] with permission (color online)
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Fig. 5. a — MEMs length distributions in pairs of genomes from different genera (see legend). Each distribution is normalised
to account for differences in the number of available genomes in each genus. Only the tails of the distributions (length
𝑟 ⩾ 300) are shown. Solid lines are fits of power-laws with exponent α = −3 Eq. (10) with just a single free parameter 𝐴.
b — MEMs lengths resulting from comparison of all pairs of genera at a given taxonomic distance. G/F (blue circles): pairs
of genera that belong to the same family. F/O (red squares): pairs of genera that belong to the same order, but to different
families. O/C (green diamonds): Pairs of genera from the same class, but different orders. C/P (black stars): Same phylum,
different classes. P/D (red circles): Same domain, different phyla. Grey lines indicate power-laws 𝑚 ∼ 𝑟−3 for comparison.
Inset: Fitted prefactor 𝐴 for each of the distributions in the main figure. The prefactor decreases by orders of magnitude as the
taxonomic distance increases. Adapted from Ref. [84] with permission (color online)

vancomycin resistance histidine, antirestriction protein (ArdA endonuclease), and an LtrC-family phage
protein that is found in a large group of phages that infect Gram-positive bacteria [115]. Together, this
suggests that the sequence was transferred by transduction and established in both bacteria aided by
natural selection acting on the conferred vancomycin resistance. More general enrichment/depletion
analysis (in Ref. [84]) of genes located along such long MEMs in different bacteria pairs indicated
which groups of genes are more/less prone to HGT (see also [116] for comparison with other studies).

In addition to HGT events identification, long MEMs allow to estimate pairwise rate of HGT
between two taxa using a simple model [84]. The model assumes that HGT acts as a continuous process
on the evolutionary time-scale with rate (per bp) ρ between two taxa. Then the evolutionary time
divergence between transferred genomic loci in the two taxa is uniformly distributed: 𝑃 (τ) ∼ ρ. Using
this and Eq. (3) one obtains that the distribution of MEMs lengths 𝑟 between two taxa along horizontally
transferred loci is

𝑚(𝑟) =
𝐴

𝑟3
, (10)

where the prefactor 𝐴 ∝ ρ/µ (µ is the mutation rate). Maybe not so surprisingly, if you have read through
the review to this point, the empirical distributions of MEMs length nicely validate this prediction, as on
can see in Fig. 5, a. Fitting prefactor 𝐴 for different pairs of taxa, one can estimate HGT rate between
these pairs. Using this approach one can also average HGT rate for different groups of taxa. For instance,
as shown in Fig. 5, b, the average HGT rate strongly depends on the taxonomic distance and differs by
3 orders of magnitude for same-family genera, compared to bacteria pairs from different phyla.

Summary

In this article different ways to exploit exact sequence matches between genomic sequences were
reviewed. It was shown that one can use exact matches (i) as starting points of alignments, (ii) to infer
evolutionary relations of homologous sequences, (iii) to classify genomes and (iv) to validate and fit
models of evolution of genomic sequences. Exact matches are clearly defined and can be relatively
easily obtained from empirical data without setting more or less ambiguous parameters. This review
illustrated application of exact matches in different fields of genomic studies.
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