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Abstract

We present a fast and exact algorithm to compute the (k, e)-mappability. Its inverse, the (k, e)-
frequency counts the number of occurrences of each k-mer with up to e errors in a sequence. The
algorithm we present is a magnitude faster than the widely used algorithm by the GEM suite
while not relying on heuristics, and can even compute the mappability for short k-mers on highly
repetitive plant genomes. We also show that mappability can be computed on multiple sequences
to identify marker genes illustrated by the example of E. coli strains. GenMap allows exporting
the mappability information into different formats such as raw output, wig and bed-files. The
application and its C++ source code is available on https://github.com/cpockrandt/genmap.
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1. Motivation1

Analyzing data derived from massively parallel sequencing experiments often depends on the process2

of genome assembly via re-sequencing; namely, assembly with the help of a reference sequence.3

In this process, a large number of reads derived from a DNA donor during these experiments4

must be mapped back to a reference sequence, comprising a few gigabases to establish the section5

of the genome from which each read originates. An extensive number of short-read alignment6

techniques and tools have been introduced to address this challenge emphasizing different aspects7

of the process [1]. In turn, given a set of reads of some fixed length k the process of re-sequencing8

depends heavily on how mappable a genome. Thus, for every substring of length k in the sequence9

we want to count how many times this substring appears in the sequence while allowing for a small10

number e of errors. A great variance in genome mappability between species and gene classes was11

revealed in [2].12

The concept of mappability for sequence analysis was introduced by Koehler et al. [3], taken up13

again and later formalized by Derrien et al. [2] (see also [4]). They also implemented an algorithm14

based on a heuristic to compute the mappability as part of the GEM tools.15
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Definition ((k, e)-mappability and (k, e)-frequency).16

Given a string T of length n, the (k, e)-frequency counts occurrences of every single k-mer in T17

with up to e errors. We denote the k-mer starting at position i in T as Ti. The values are stored18

in a frequency vector F of length n− k + 1 such that19

F [i] = |{j | D(Ti, Tj) ≤ e, 1 ≤ j ≤ n− k + 1}|

where D(Ti, Tj) denotes the distance of two k-mers given a metric such as Hamming or Edit20

distance. Its inverse is called the (k, e)-mappability and stored in a mappability vector M with21

M [i] = 1/F [i] for 1 ≤ i ≤ n− k + 1.22

i: 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

T [i]: A T C T A G C T T G C T A A T C T A

F0[i]: 2 2 1 1 1 1 1 1 1 1 1 1 1 2 2

(a) (4, 0)-frequency

i: 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

T [i]: A T C T A G C T T G C T A A T C T A

F1[i]: 3 3 3 2 4 2 2 2 2 4 2 1 1 3 3

(b) (4, 1)-frequency

Figure 1: (k, e)-frequency vectors Fe for k = 4 and e ∈ {0, 1} on the same sequence. A frequency of 1 indicates that
the k-mer starting at that position in the text is unique in the entire sequence without errors respectively with up to
1 mismatch.

Intuitively speaking a mappability value of 1 represents a unique k-mer, a mappability value23

close to 0 indicates a k-mer occurring in repetitive regions. Figure 1 gives an example for the24

(4, 0) and (4, 1)-frequency of a given text.25

Since for some applications an exact computation of mappability is favorable, we propose a new26

algorithm that is not only faster than previous ones, but also exact, i.e., without approximating27

mappability values. Mappability can not only be used straightforward to retrieve information on28

the repetitiveness of the underlying data. In this paper we will also illustrate that it can be used29

to find marker sequences that allow distinguishing similar strains of the same species, as well as30

separate strains by groups sharing common k-mers.31

2. Algorithm32

Before we present our algorithm we give an overview on the approach of Derrien et al. to compute33

the (k, e)-mappability. For reasons of clarity we consider computing its inverse, the (k, e)-frequency34

and neglect searching the reverse strand throughout this paper. To consider the reverse strand,35

each k-mer has simply to be searched by its reverse complement leading to a doubling of the running36

time. Furthermore, we consider Hamming distance, if not stated otherwise. It can be applied to37

other distance metrics such as Edit distance as well.38
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To achieve a feasible running time for their algorithm by Derrien et al. they implemented a39

heuristic to approximate some of the frequency values. First, they initialize the frequency vector40

with 0s and perform a linear scan over the the text (see Algorithm 1). Then each k-mer Ti is41

searched with e errors in an FM index and the number of occurrences is stored in F [i]. If the42

count value exceeds some user-defined threshold parameter t, the locations of these occurrences are43

located. Let j be such a location. Since Ti has a high frequency, i.e., F [i] > t and D(Ti, Tj) ≤ e, it44

is likely that Ti and Tj share common approximate matches. Hence, F [j] is assigned the frequency45

value F [i]. To speed up the computation, k-mers that already have frequency values assigned due46

to this approximation are skipped during the scan over the text. If a position j is located multiple47

times as an approximate match of a repetitive k-mer, F [j] is assigned the maximum frequency of48

all these k-mers to avoid underestimating the frequency value F [j].49

Algorithm 1 Inexact algorithm to compute the (k, e)-frequency by Derrien et al.

1: procedure inexact frequency(T, k, e, t)
2: F [1..|T | − k + 1]← {0}
3: for i = 1, ..., |F | do
4: if F [i] = 0 then
5: F [i]← |P|
6: P ← approximate matches with e errors
7: if |P| > t then
8: for j ∈ P do
9: F [j]← max(F [j], |P|)

10: return F

Their experiments on chromosome 19 of the human genome with t = 7 show that almost 9050

% of the 50-mers with a frequency of 3 are correct, for 50-mers with frequency values between 851

and 12 only 75 % are correct (similar errors for C. elegans with t = 6). This can be led back to an52

overestimation of rather unique k-mers.53

We now present a fast and exact algorithm to compute the (k, e)-frequency. Similar to the algo-54

rithm implemented in GEM we scan over the text T while searching and counting the occurrences55

of each k-mer Ti for 1 ≤ i ≤ n−k+1 with up to e errors in an index on T . In contrast to the GEM56

we improve the running time by reducing redundant searches with three major improvements we57

introduce in the following.58

2.1. Adjacent k-mers59

Adjacent k-mers in T are highly similar, since they have a large overlap. Hence, we do not search60

every k-mer separately. Consider the adjacent k-mers Tj , Tj+1, . . . , Tj+s−1 for some integer s ≤61

k − e + 1 which all share the common sequence T [j + s − 1..j + k − 1] of length at least e. Since62

we already need to allow for up to e errors in their common sequence when searching each k-mer,63

this infix should only be searched once. Thus, we start with searching this infix and extend it64

afterwards to retrieve the occurrences for each k-mer separately.65

A search in an index is performed character by character. Unidirectional indices only support66

extending characters into one direction, either to the left or to the right, while bidirectional indices67
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support searching into both directions in any arbitrary order [5]. To perform approximate string68

matching, backtracking is performed to search for every possible approximate match within the69

given error bound. First, backtracking with up to e errors is performed to search the infix and70

afterwards it is extended to search each k-mer separately using backtracking allowing for the re-71

maining number of errors not spent in the search of the infix. Since the extension is performed into72

both directions, a bidirectional index is required. Figure 2a illustrates this approach.73

To further reduce the number of redundant computations, the set of overlapping k-mers is74

recursively divided into two sets of k-mers of roughly equal size that each share a larger common75

overlap among each other. This overlap is then searched using backtracking before the next recursive76

partitioning of k-mers. The recursion ends when a single k-mer is left and the number of occurrences77

can be reported and summed up, or no hits are found. The recursive extension is shown in figure 2b.78

Note, that there are two recursions involved: subdividing the set of k-mers and backtracking in each79

recursion step. Hence, the same partitioning steps and backtracking steps have to be performed80

for each set of preliminary matches represented by suffix array ranges in the FM index.81

i 1 2 3 4 5 6 7 8 9 10 11 12 13 14 . . .

T [i] A G C C G T A C A A G T A T . . .

T1 A G C C G T A C A A G

T2 G C C G T A C A A G T

T3 C C G T A C A A G T A

T4 C G T A C A A G T A T

(a) First, the common overlap (light gray) is searched using optimum search schemes. Second, the
search of T1 and T2 is continued recursively by extending the previously identified approximate
matches of the infix in the index by GC to the left (allowing for the remaining number of errors;
medium gray). T1 and T2 are then retrieved separately by backtracking in the index by one
character to the left and one character to the right (allowing for an error, if any left; dark gray).
T3 and T4 are extended analogously in a recursive manner.

T [4, 11]

T [2, 11]

T1

A

T2

T

←−−
G C

T [4, 13]

T3

C

T4

T

−−→
T A

(b) The same strategy presented as a backtracking tree. It is traversed for all occurrences reported
by the search of the infix T [4, 11] using optimum search schemes. Each edge also has to account
for remaining errors, i.e., approximate string matching is performed using backtracking.

Figure 2: Searching s overlapping k-mers using optimum search schemes for the infix and extending it using back-
tracking. Illustrated for k = 11 and s = 4.
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2.2. Approximate String Matching using Optimum Search Schemes82

Backtracking performed in an index to search for approximate matches leads to an exponential83

running time in the number of errors. Especially allowing for errors at the beginning of the k-mer,84

i.e., branching at the topmost nodes in the backtracking tree is expensive. Hence, we use optimum85

search schemes [6] when searching the infix, a sophisticated search strategy that reduces the number86

of search steps performed in the index while still searching for all possible approximate matches.87

Optimum search schemes are based on a framework by Kucherov et al. called search schemes88

that allows formalizing search strategies in a bidirectional index [7]. The sequence to be searched89

is split into p pieces and searched by certain combinations of the pieces in the index while trying90

to reduce the number of search steps performed in the index.91

Formally, a search is a triplet S = (π, L, U) of integer strings each of length p. π is a permutation92

of the numbers {1, 2, ..., p} indicating the order in which the pieces are searched. Starting from an93

arbitrary piece π[0] the subsequent pieces need to be adjacent to the previously searched pieces.94

L and U are non-decreasing integer strings indicating the lower and upper bound of errors. After95

the piece π[i] is searched a total number of L[i] and U [i] errors must have been spent. A set96

of searches that covers all possible error distributions with e errors and p pieces forms a search97

scheme. Intuitively speaking, approximate string matching is sped up by reducing the number of98

errors allowed in the first pieces of each search. By performing multiple searches starting with99

different pieces, it is guaranteed that all possible error distributions among the pieces are still100

covered.101

Optimum search schemes are search schemes that are optimal under certain constraints, i.e.,102

the number of backtracking steps in an index over all searches are minimized while still covering103

all error distributions. Figure 3 illustrates the optimum search scheme for e = 2 errors, p = e + 2104

pieces and up to 3 searches.105

C G

0− 0

T A

0− 0

C A

1− 2

A G

1− 2

(a) Forward search
Sfwd = (1234, 0011, 0022)

C G

2− 2

T A

0− 2

C A

0− 1

A G

0− 0

(b) Backward search
Sbwd = (4321, 0002, 0122)

1 2

C G

0− 1

T A

0− 1

C A

0− 0

A G

0− 2

(c) Bidirectional search
Sbi = (3214, 0000, 0112)

Figure 3: The optimum search scheme for 2 mismatches consists of 3 searches with 4 pieces each. The arrows
indicate in which order the pieces are searched. The error bounds below each part are cumulative bounds, i.e. the
minimum respectively maximum number of errors that must respectively can be spent up until searching the end
of the corresponding piece. Illustrated for searching the 8-mer CGTACAAG. The forward searches covers the error
distributions 0010, 0011, 0020, the backward search covers 2000, 1100, 0200, 1010, 0110, and the bidirectional search
0000, 0001, 0002, 1000, 1001, 0100, 0101.

To allow searches that start with a middle piece as illustrated in figure 3c a bidirectional index106

is required again. To improve the overall running time of the index-based search we use a fast107

implementation of bidirectional FM indices based on EPR dictionaries [8].108

The question remains on how to choose s, i.e., how many adjacent k-mers should be searched109
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together starting with their common sequence. Since searching the infix using optimum search110

schemes is more efficient than extending this infix with simple backtracking, the infix should be111

longer for larger number of errors. GenMap chooses s based on optimal values that were determined112

experimentally on different genomes such as the human and barley genome (see [9] for details).113

2.3. Skipping redundant k-mers114

Finally, we avoid searching the same k-mer multiple times. Especially k-mers from repeat regions115

may occur many times without errors in the text. Since they all share the same frequency value,116

it should be avoided to compute it more than once. Hence, after searching and counting the117

occurrences of a k-mer, we locate the positions of the exact matches and set all their frequency118

values in F accordingly.119

We observed that this strategy leads to longer runs of frequency values forwarded to positions120

with uncomputed frequency values. When we encounter forwarded frequency values of previously121

counted k-mers during the scan over the text, they can be skipped.122

3. Benchmarks123

At first we compare the running times for computing the frequency on the human genome for124

different lengths and errors. We ran GEM in its exact mode as well as with its approximation. For125

the latter the authors recommend t = 7. Table 1a compares the running times for shorter k that are126

of interest for applications such as identifying marker genes, presented in section 4. Table 1b shows127

typical instances used for applications in read mapping based on a typical Illumina read length.128

Even though longer Illumina read lengths are more common these days, we choose a shorter read129

length, since the frequency is easier to compute for longer k-mers and a fixed number of errors.130

Tool (36, 0) (24, 1) (36, 2) (50, 2) (75, 3)

GEM exact 5h 10m N/A N/A N/A N/A

GEM approx. 22m 44s N/A 7h 11m 5h 50m 4h 26m

GenMap 3m 8s 23m 12s 1h 19m 42m 12s 1h 36m

(a) Instances are taken from the experiments by Derrien et al. [2].

Tool (101, 0) (101, 1) (101, 2) (101, 3) (101, 4)

GEM exact 44m 10s 7h 28m 7h 34m 7h 45m 8h 8m

GEM approx. 28m 8s 2h 40m 3h 17m 3h 31m 3h 49m

GenMap 2m 29s 7m 5s 16m 35s 49m 27s 3h 7m

(b) Typical Illumina read length with growing number of mismatches.

Table 1: Running times for computing the frequency of the human genome (GRCh38) using 16 threads. Timeouts
of 1 day are represented as N/A.

For all computed instances, GenMap is faster than GEM. Compared to the approximate mode131

we are almost a magnitude faster for smaller number of errors, but for 4 errors the heuristic of132
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GEM pays off and is almost as fast as our algorithm. Interestingly, the increase of the running133

time of GEM in its exact mode gets smaller with more errors. For 101-mers with 1 to 4 errors134

the running time is always about 7 to 8 hours, nonetheless GenMap is still faster by a factor from135

2.5 of up to 50 (4 and 1 errors). Even when searching without errors where no backtracking has136

to be performed, our tool is faster by a factor of between 17 and 100 (for 101-mers and 36-mers).137

The most noticeable improvement is achieved for short k-mers. Derrien et al. point out that their138

algorithm is not suitable for small k and completely unfeasible for k < 30 without its approximation139

which is reflected by our benchmarks, whereas GenMap can handle these instances easily. GEM140

takes significantly longer, often does not even terminate within 24 hours on 16 threads.141

GenMap is also faster than GEM when computing the frequency of small genomes like D.142

melanogaster. Since smaller genomes are generally less challenging, we omit the benchmarks here.143

For the human genome the memory consumption of GenMap is about 9 GB (using a bidirectional144

FM index with EPR dictionaries and a suffix array sampling rate of 10), while GEM takes up 4.5145

GB (using an unspecified FM index implementation with a suffix array sampling rate of 32).146

GenMap is also suitable to compute the frequency of larger and more repetitive genomes than147

the human genome. We computed the (50, 2)-frequency of the barley genome [10] as it contains148

large amounts of repetitive DNA [11]. Barley has 4.8 billion base pairs while the human genome149

has 3.2 billion base pairs. As expected the human genome has considerably more unique regions150

than the barley genome. To be precise 75.4 % of the k-mers are unique in the human genome, and151

only 26.4 % in the barley genome. There are 12.0 % (54.4 %), 7.6 % (42.1 %) and 4.8 % (25.6 %)152

k-mers in human DNA (resp. barley DNA) with at least 10, 100 and 1,000 occurrences. Computing153

the (50, 2)-frequency of barley on 16 threads took less than 1h 15m with GenMap and nearly a day154

with GEM using its heuristic with t = 6 (automatically chosen by GEM).155

In conclusion, GenMap is a magnitude faster than GEM in its exact mode, and still faster than156

GEM using its heuristic, while GenMap is always exact. Even for up to 4 errors GenMap achieves157

a reasonable running time. This is due to the three techniques described in the previous section.158

Further improvements can be implemented which might speed up the algorithm even further, such159

as in-text verification [9], i.e., locating at some point the partially searched k-mers and verifying160

whether their locations in the text match the k-mer with respect to the error bound. A location161

and verification step in the text is often several times faster than finishing the index-based search.162

All tests were conducted on Debian GNU/Linux 7.1 with an Intel Xeon E5-2667V2 CPU. To163

avoid dynamic overclocking effects in the benchmark, the CPU frequency was fixed to 3.3 GHz and164

the benchmark was performed on a single thread. The data was stored on a virtual file system in165

main memory to avoid loading it from disk during the benchmark which might affect the results166

due to I/O operations.167

We used the only available version 1.759 beta of the GEM suite that included the mappability168

program. We did not reach the authors for other versions including the mappability tool. Other169

available and newer versions do not offer this feature anymore. The running times we measured for170

GEM approx differs considerably from the running times for GRCh37 published by the authors.171

Even when we ran it on a similar CPU with the same number of cores we were 2 to 5 times slower172

than their published benchmarks. One reason might be that the only available version of GEM173

with the mappability functionality was published as a beta version, however it was a year after174

their paper. Nonetheless, GenMap is still faster than the running times published by Derrien et175
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al. For a fair comparison in our benchmark we reduced the genomes to the dna4 alphabet, i.e.,176

replaced Ns by random bases. Based on some tests we observed that GEM neither computes the177

mappability of k-mers that have unknown bases, nor considers them as mismatches in its default178

mode even when errors are allowed.179

4. Experiments180

Although the main focus of this work lies on presenting a new and fast algorithm for computing the181

mappability of a genome, we propose an application for identify marker genes illustrated by a small182

example on E. coli strains. Marker genes or marker sequences, are short subsequences of genomes183

whose presence or absence allow determining the organism, species or even strain when sequencing184

an unknown sample or help building phylogenetic trees [12]. Depending on the marker length it can185

span up to dozens of reads. Instead of assembling the strain to search for marker genes or applying186

experimental methods such as PCR-based AFLP (amplified fragment length polymorphism) [13],187

we propose using its mappability. GenMap can be used to compute the mappability on a set of188

sequences, i.e., each k-mer is searched and counted in all strains at once. We consider two use189

cases: on the one hand we want to identify k-mers that match a sequence uniquely to determine190

the exact strain. On the other hand, we want to search for k-mers shared by many strains in the191

same phylogenetic group.192

Small adjustments to the mappability algorithm are necessary. The frequency vector can be193

computed on multiple strains at once, but the algorithm does not distinguish whether a k-mer194

of some strain matches the same strain multiple times or different strains. While the original195

algorithm simply counts the occurrences, we are now interested in the number of different strains196

it matches for finding marker sequences. A k-mer with a frequency greater than 1 can still be a197

suitable marker sequence if it only matches one of the strains. We also extended GenMap to output198

a CSV file with the locations of each k-mer which can be parsed to filter k-mers that only occur in199

a subset of strains.200

To test this approach we used a data set of E. coli strains. It was shown that E. coli can be201

grouped into four major phylogenetic groups (A, B1, B2, and D) [14]. The authors identified two202

marker genes (chuA and yjaA) and an anonymous DNA fragment (TspE4.C2) whose combination203

of presence or absence in the genome can determine the phylogenetic group.204

We computed the (30, 2)-mappability on four different strains of group B11. According to the205

study all strains within B1 share the anonymous DNA fragment TspE4.C2 of 152 base pairs. We206

used the GenMap to search for both, unique k-mers among all strains as well as k-mers that occur207

in each strain at least once, see figure 4a for an illustration. We observed that TspE4.C2 is an208

exact match in all strains and the 30-mers in this region also have a mappability value of exactly209

0.25 when accounting for 2 errors. We further found numerous 30-mers with a mappability of 1,210

thus allowing to determine a strain among those four, while still accounting for sequencing errors211

and mutations. Table 2 lists the number of k-mers identified. We counted the number of k-mers212

1Strains and GenBank accession numbers of their assemblies: IAI1 O8 (GCA 000026265.1),
SE11 O152:H28 (GCA 000010385.1), 11128 O111:H- (GCA 000010765.1), 11368 O26:H11 (GCA 000091005.1)
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matching only one strain, i.e., the strain the k-mer originated from. We refer to this count as213

unique. Additionally, we counted how many of these k-mers matched multiple times to the strain,214

referred to as pseudo. To avoid counting highly overlapping k-mers in large unique regions, we215

break down the numbers for non-adjacent k-mers as well, i.e., for a k-mer to be considered it must216

have a preceding k-mer with a mappability value smaller than 1.217

all k-mers non-adjacent k-mers

Strain Unique Pseudo ∅ Dist. Unique Pseudo ∅ Dist.

IAI1 171,942 4,992 27± 627 1,829 81 2, 476± 5, 560
SE11 305,439 10,365 15± 447 2,356 176 1, 942± 4, 708
11128 260,305 40,101 20± 953 2,494 685 2, 049± 9, 517
11368 434,033 108,968 13± 912 3,142 1,116 1, 674± 10, 592

Table 2: (30, 2)-mappability on four strains of E. coli assigned to the phylogenetic group B1 based on the known
marker genes by Clermont et al. We computed the mean distance of the unique marker sequences and their standard
deviation.

In table 3 we present the data of a second experiment, where we select strains from more than218

one group (A and B1), see figure 4b for an illustration. Again, we computed the (30, 2)-mappability,219

but this time we counted k-mers that match all strains in one group but no strain in the other220

group. As the data shows the number of unique k-mers inside a group does not have to be equal221

for each strain. Consider a k-mer k1 from W3110 matching in HS with one error (we call the222

corresponding k-mer in HS k2), and matching no strain in B1, since at least three errors might be223

required for k1 to match. Hence, k1 is counted as a unique k-mer for group A. Due to the symmetry224

of distance metrics, k2 of HS matches k1 in W3110, but this time it might also match a k-mer in225

B1 with only two errors. For e = 0 the number of unique k-mers in a group are identical for each226

strain.227

all k-mers non-adjacent k-mers

Group Strain Unique ∅ Dist. Unique ∅ Dist.

A W3110 109,375 41± 731 2,398 1, 867± 4, 577
A HS 111,179 39± 709 2,414 1, 796± 4, 471

B1 IAI1 125,042 37± 680 3,063 1, 485± 4, 091
B1 SE11 127,302 38± 690 3,123 1, 510± 4, 148
B1 11128 121,325 42± 766 3,275 1, 548± 4, 408
B1 11368 131,121 41± 814 3,473 1, 537± 4, 763

Table 3: (30, 2)-mappability on six strains of E. coli of the groups A and B1. Only k-mers were counted that perfectly
separated the strains in A from B1, i.e., if and only if the k-mer matched all strains of A and no strain of B1 and
vice versa.

This example shows that mappability on multiple species or strains can be used to identify228

possible marker sequences. Short k-mers could be used to search a data set of reads instead of229
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Strain 4

Strain 3

Strain 2

Strain 1

(a) Four strains belonging to the same phylogenetic
group. The sequence in red is conserved within this
group and a marker gene. The red k-mers belonging to
this marker gene are also all found in the other strains.
The k-mers in blue are unique among all four strains
and allow distinguishing each of the strains.

B1, Strain 6

B1, Strain 5

B1, Strain 4

B1, Strain 3

A, Strain 2

A, Strain 1

(b) Six sequences belonging to two different phyloge-
netic groups. Marker sequences are highlighted in red
and blue that only occur in one the groups and are
present in all of its strains.

Figure 4: Illustration of the experiments performed on E. coli sequences in tables 2 and 3

searching for marker genes that span multiple reads. Since computing the (30, 2)-mappability on230

a few E. coli strains even takes less than a minute on a consumer laptop, this method is suitable231

to be run on large sets of similar E. coli strains to identify new marker sequences, even with errors232

accounting for uncertainty from sequencing and mutations such as SNPs.233

5. Discussion and Outlook234

We have presented GenMap, a fast and exact algorithm to compute the mappability of genomes235

up to e errors, which is based on the C++ sequence analysis library SeqAn [15]. It is significantly236

faster, often by a magnitude than the algorithm from the widely used GEM suite while refraining237

from approximations.238

Mappability has already been used for various purposes [2]. In this paper we proposed a new239

application. The computation of mappability on a set of genomes to identify marker genes for240

grouping and distinguishing genomes by short k-mers and illustrated it with a small example on241

closely related E. coli strains.242

The ability to compute the exact mappability opens up new applications such as incorporating243

the mappability information during read mapping instead of into the post-processing. In [9] we show244

that new read mapping strategies can lead to faster mapping. During the index-based search of a245

read the possible locations of the eventually completely mapped read can be examined beforehand246

to filter repetitive regions without repeat masking. This allows for new mapping strategies to247

improve the running time of state-of-the-art read mappers and reduce post-processing overhead.248

10



Acknowledgements249

The authors also acknowledge the support of the de.NBI network for bioinformatics infrastructure,250

the Intel SeqAn IPCC and the IMPRS for Computational Biology and Scientific Computing.251

References252

[1] N. A. Fonseca, J. Rung, A. Brazma, J. C. Marioni, Tools for mapping high-throughput253

sequencing data, Bioinformatics 28 (2012) 3169–3177.254

[2] T. Derrien, J. Estellé, S. M. Sola, D. G. Knowles, E. Raineri, R. Guigó, P. Ribeca, Fast255

computation and applications of genome mappability, PloS one 7 (2012) e30377.256

[3] R. Koehler, H. Issac, N. Cloonan, S. M. Grimmond, The uniqueome: a mappability resource257

for short-tag sequencing, Bioinformatics 27 (2010) 272–274.258

[4] P. Antoniou, J. W. Daykin, C. S. Iliopoulos, D. Kourie, L. Mouchard, S. P. Pissis, Mapping259

uniquely occurring short sequences derived from high throughput technologies to a reference260

genome, in: Information Technology and Applications in Biomedicine, ITAB 2009, IEEE,261

2009, pp. 1–4.262

[5] T. W. Lam, R. Li, A. Tam, S. Wong, E. Wu, S.-M. Yiu, High throughput short read alignment263

via bi-directional bwt, in: Bioinformatics and Biomedicine, 2009. BIBM’09. IEEE International264

Conference on, IEEE, pp. 31–36.265

[6] K. Kianfar, C. Pockrandt, B. Torkamandi, H. Luo, K. Reinert, Optimum search schemes for266

approximate string matching using bidirectional fm-index, bioRxiv (2018) 301085.267

[7] G. Kucherov, K. Salikhov, D. Tsur, Approximate string matching using a bidirectional index,268

Theoretical Computer Science 638 (2016) 145–158.269

[8] C. Pockrandt, M. Ehrhardt, K. Reinert, Epr-dictionaries: A practical and fast data structure270

for constant time searches in unidirectional and bidirectional fm indices, in: International271

Conference on Research in Computational Molecular Biology, Springer, pp. 190–206.272

[9] C. Pockrandt, Approximate String Matching - Improving Data Structures and Algorithms,273

Ph.D. thesis, Freie Universitt Berlin, 2019.274

[10] M. Mascher, H. Gundlach, A. Himmelbach, S. Beier, S. O. Twardziok, T. Wicker, V. Radchuk,275

C. Dockter, P. E. Hedley, J. Russell, et al., A chromosome conformation capture ordered276

sequence of the barley genome, Nature 544 (2017) 427.277

[11] P. Ranjekar, D. Pallotta, J. Lafontaine, Analysis of the genome of plants: Ii. characterization278

of repetitive dna in barley (hordeum vulgare) and wheat (triticum aestivum), Biochimica et279

Biophysica Acta (BBA)-Nucleic Acids and Protein Synthesis 425 (1976) 30–40.280

[12] A. Patwardhan, S. Ray, A. Roy, Molecular markers in phylogenetic studies-a review, Journal281

of Phylogenetics & Evolutionary Biology 2014 (2014).282

11



[13] P. Vos, R. Hogers, M. Bleeker, M. Reijans, T. v. d. Lee, M. Hornes, A. Friters, J. Pot,283

J. Paleman, M. Kuiper, et al., Aflp: a new technique for dna fingerprinting, Nucleic acids284

research 23 (1995) 4407–4414.285

[14] O. Clermont, S. Bonacorsi, E. Bingen, Rapid and simple determination of theescherichia coli286

phylogenetic group, Applied and environmental microbiology 66 (2000) 4555–4558.287

[15] K. Reinert, T. H. Dadi, M. Ehrhardt, H. Hauswedell, S. Mehringer, R. Rahn, J. Kim, C. Pock-288

randt, J. Winkler, E. Siragusa, et al., The seqan c++ template library for efficient sequence289

analysis: a resource for programmers, Journal of biotechnology 261 (2017) 157–168.290

12


	Motivation
	Algorithm
	Adjacent k-mers
	Approximate String Matching using Optimum Search Schemes
	Skipping redundant k-mers

	Benchmarks
	Experiments
	Discussion and Outlook

