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Abstract
Alignment-free methods are increasingly used for genome analysis and phylogeny reconstruction
since they circumvent various difficulties of traditional approaches that rely on multiple sequence
alignments. In particular, they are much faster than alignment-based methods. Most alignmentfree approaches work by analyzing the k-mer composition of sequences. In this paper, we propose
to use ‘spaced k-mers’, i.e. patterns of deterministic and ‘don’t care’ positions instead of contiguous k-mers. Using simulated and real-world sequence data, we demonstrate that this approach
produces better phylogenetic trees than alignment-free methods that rely on contiguous k-mers.
In addition, distances calculated with spaced k-mers appear to be statistically more stable than
distances based on contiguous k-mers.
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1

Introduction

Traditional methods for comparative sequence analysis and phylogeny reconstruction are
based on pairwise and multiple sequence alignment, see e.g. [14, 29] for an overview. During
the last years, however, a large number of alignment-free methods have been proposed for
sequence comparison, see [38] for a review. The main advantage of these methods is that
they are much faster than alignment-based approaches. While aligning two sequences takes
time proportional to the product of the sequence lengths, most alignment-free approaches
work in linear time.
Consequently, alignment-free methods are increasingly used for genome comparison, in
particular for genome-based phylogeny reconstruction [17, 10, 24]. In addition to being faster,
alignment-free approaches circumvent some well-known problems such as finding ortholog
genes [32] or aligning large genomic sequences [4]. Another advantage of alignment-free
genome comparison is that these approaches can work with unassembled reads [34] and are
not sensitive to genome rearrangements. Alignment-free methods have also been used for
database searching [40] and to construct guide trees as a prerequisite for progressive multiple
sequence alignment [22, 11, 3]. Here, alignment-free sequence comparison could crucially
speed-up progressive multiple alignment, since the run time for alignment-based phylogeny
reconstruction becomes prohibitive if the number of input sequences exceeds a few hundred
or so.
Most alignment-free methods that have been proposed so far rely on some sort of k-mer
statistics. That is, for a fixed integer k, they consider the (relative) frequencies of all possible
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k-mers for each of the input sequences and then define some distance measure based on these
frequency vectors [20, 7, 39, 15]. Standard distance-based methods such as UPGMA [33] or
NeighbourJoining [31] can then be used to calculate phylogenetic trees from the resulting
distance matrices. Other approaches consider the local context of each sequence position in
terms of overlapping k-mers [8]. Some alignment-free methods do not rely on a fixed k but
allow for matches of variable length [37, 19, 9]. However, these methods are still based, in
one way or the other, on contiguous exact matches.

Exact pattern matching is used in many areas of biological sequence comparison, see for
example [16]. A traditional application of k-mer comparison in bioinformatics is database
searching. Fast alignment programs such as FASTA [27] and BLAST [1] originally relied
on identifying word matches of a fixed length. Such word matches, that are referred to as
seeds, can be rapidly found in an initial phase of the algorithm, in a second phase these
‘seeds’ are then extended into both directions by slower but more accurate methods for local
sequence alignment. The size of seeds is a trade-off between sensitivity and speed: short
words are more sensitive, since more matches are found where local alignments are triggered
and evaluated. This increases, however, the running time of these programs, since the local
alignment step is the most time-consuming part of the algorithm. Longer word lengths lead
to an increase in speed, but result in lower sensitivity.

In a pioneering paper, Ma et al. proposed to use spaced seeds instead of contiguous word
matches as the first step in database searching [28]. That is, they proposed to use fixed
patterns of match and don’t care positions and to search for word pairs matching at the
pre-defined match positions, with possible mismatches at the don’t care positions. Their
approach is implemented in the program PatternHunter [25]. The main advantage of spaced
seeds is that hits at different positions are statistically less correlated with each other than
contiguous word matches are. Also spaced seeds are better able to identify homolog sequence
regions in the presence of mismatches. Ma et al. showed that for database searching, spaced
seeds are superior to contiguous word matches in terms of sensitivity and speed. For this
reason, the original contiguous seeds have been largely replaced by spaced seeds in rapid
database search programs. Similarly, Burkhardt and Kärkkäinen [6] used gapped q-grams
instead of contiguous q−grams (q-mers) in a filtering step for the well-studied k-differences
problem.

In this paper, we propose to use spaced k-mers, i.e. k-mers with don’t care characters at
fixed, pre-defined positions, as a basis for alignment-free sequence comparison. Note that
this approach is quite different form the above mentioned spaced-seeds approach to database
searching: instead of using spaced k-mers to trigger local alignments for homology searching,
we want to estimate the global degree of similarity between sequences by comparing their
spaced k-mer composition. To do so, we use a generic distance measure on DNA and protein
sequences based on their spaced k-mer frequencies. We use these distances to construct
phylogenetic trees for simulated and real-world sequences, and we compare these results with
trees constructed by the same method, but with contiguous k-mers that are traditionally used
by alignment-free methods for sequence comparison. Our study shows that, for phylogeny
reconstruction, spaced k-mers often outperform contiguous k-mers. In addition, we found
that the variance of distances values calculated from spaced k-mers is lower than the variance
calculated with contiguous k-mers.
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Figure 1 Tree representing the frequencies of spaced k-mers (k = 3) for an underlying pattern P =
X0X0X in a set of three sequences S1 = AT T CGCCAT T G, S2 = GT T CACACCAT T, S3 =
GT T CCAT T GGT T . For example, the spaced 3-mer corresponding to the word T GT and pattern
P occurs twice in sequence S3 and does not occur in sequences S1 and S2 .

2

Calculating trees with spaced k-mers

As usual, for an alphabet A and l ∈ N, Al denotes the set of all sequences over A with length
l. S[i] denotes the i-th character of a sequence S. In our study, the alphabet A represents
the set of nucleotides or amino acids, respectively. In analogy to the terminology introduced
by Ma et al., we define a spaced k-mer as a sequence P ∈ {0, X}l , i.e. a sequence of ‘0’
and ‘X’ characters (the underlying pattern), such that there are exactly k positions i in P
with P [i] = 1, together with a finite sequence w ∈ Ak (the underlying word) with l, k ∈ N
and k < l. In addition, we require that P [1] = P [l] = X holds, i.e. the first and the last
characters in P must be ‘X’. The ‘X’ positions in the pattern P denote match positions
while the ‘0’ positions are the don’t care positions. We call l the length of the spaced k-mer
and k its weight. (One could also include the case k = l, but in order to distinguish ‘spaced
k-mers’ from words or k-mers in the usual sense, we require k to be smaller than l.) We use
the notation length and weight for the underlying pattern P accordingly.
Let α be a spaced k-mer with pattern P , word w, weight k and length l such that
1 = p1 , . . . , pk = l denote the positions of the ‘X’ characters in P . We say that α occurs
in a sequence S at position i if S[i + pj − 1] = w[j] for all 1 ≤ j ≤ k. For example, the
spaced k-mer α consisting of the pattern P = XX00X and the word w = AGT occurs in
the sequence S = GGAGCT T CAGGAT CC at positions 3 and 9.
In order to define a distance function on a set of sequences S1 , . . . , SN over A, we consider
a fixed pattern P with length l and weight k. We then calculate for each sequence Si the
relative frequencies of all possible spaced k-mers that involve our pattern P – relative to
the sequence length –, and we represent each sequence Si by the |A|k -dimensional vector
of the relative frequencies of the spaced k-mers with respect to the pattern P - similarly as
sequences are represented as vectors of (relative) k-mer frequencies in standard alignment-free
approaches.
The spaced k-mer frequencies of the input sequences S1 , . . . , SN can be conveniently
stored in a tree, as for the usual (contiguous) k-mers, see Figure 1. It is straight forward
to calculate the spaced k-mer composition of a sequence of length n in O(n × k) time with
a ‘naive’ algorithm. For contiguous k-mers, this can be reduced to O(n) time, e.g. using a
rolling hash approach [21]. This approach can be easily generalized to spaced k-mers by first
considering (contiguous) l-mers and then correcting for the don’t-care positions. This way,
the spaced-k-mer frequencies can be calculated in O(n × d) where d = l − k is the number of
don’t-care positions in the pattern P .
Once the spaced k-mer compositions are calculated for all input sequences, we proceed
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Figure 2 Performance of different patterns of weight w = 10 on simulated DNA sequences.
We used Rose [35] to create 40 sequence sets, each containing 100 simulated DNA sequences of
length 20,000. Tree topologies calculated with spaced and contiguous 10-mers were compared to the
respective reference trees from Rose using the Robinson-Foulds metric. The horizontal green line is
the RF distance obtained with the contiguous 10-mer.

as other alignment-free methods: we define the distance between sequences Si and Sj as
the distances of the corresponding frequency vectors. In the present study, we used the
Jensen-Shannon distance [26] as this distance measure led to better results than alternative
distances. Finally, we construct unrooted trees from the calculated distance matrix using the
Neighbour-Joining program [31] from the PHYLIP package [13].

3

Benchmark data

To evaluate the k-mer and pattern-based methods, we used four different categories of
benchmark data, consisting of simulated and real-world sets of DNA and protein sequences.
For each sequence set, we used a reference tree that we consider to be reliable. We evaluated
the methods under consideration by comparing the trees that they produce to the respective
reference trees in our benchmark sequence sets.
To generate simulated sequences, we used the program Rose [35]. Rose mimics molecular
evolution by producing a set of sequences along an evolutionary tree, starting with a
common ancestral sequence. Mutations are randomly incorporated according to a predefined stochastic model of molecular evolution. As a result, one obtains a set of sequences
with known evolutionary history that can be used to benchmark methods for phylogeny
reconstruction. The parameter relatedness determines the average evolutionary distance,
measured in PAM units, between the sequences produced by Rose.
For DNA sequence comparison, we created 40 sets of sequences, each of which containing
20 sequences of length 20,000 using Rose with a relatedness value of 70. In addition, to
evaluate the variance of the distances defined with contiguous and spaced k-mers, we created
pairs of DNA sequences with Rose using different values for relatedness (see below for details).

M. Boden et al.

25

Figure 3 Performance of different patterns of weight w = 4 on BAliBASE. The total sum of
Robinson-Foulds distances over the BAliBASE is shown for spaced k-mers with weight = 4 and
length between 4 and 8.

As real-world DNA sequences, we used a set of 27 primate mitochondrial genomes that has
already been used by Haubold et al. [18] as benchmark data for alignment-free sequence
comparison.
To benchmark the various phylogeny-reconstruction methods on protein sequences, we
simulated sets of 100 protein sequences with Rose, each sequence with a length of 300. Here,
we used the Rose default values, together with relatedness values of 200, 350, 450 and 550.
As real-world protein sequences, we used the BAliBASE benchmark database, a standard
benchmark database for multiple alignment [2]. Since BAliBASE contains no information
about the underlying phylogenetic trees, we applied Maxium Likelihood [12] approach to
the reference multiple alignments from BAliBASE, and we used the resulting trees as the
reference trees in our program evaluation.
To evaluate the various alignment-free methods described in the previous section and to
compare them to the classical alignment-based approach, we compared the tree topologies
generated by these methods to the topologies of the respective reference trees using the
Robinson-Foulds (RF) metric [30].

4

Test results

To each category of benchmark data, we first applied the above outlined approach using
contiguous k-mers with various values for k. This way, we identified for each category of
benchmark sequences the k-mer length that gives the best result regarding the RF distances
to the respective reference trees. For the this value of k, we then generated patterns with
weight k and with varying lengths. Since the number of possible patterns grows rapidly with
k, we randomly selected patterns for those data sets where the optimal k was too large to
test all possible patterns exhaustively.
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Figure 4 Performance of different approaches on protein sequences, simulated with Rose using
relatedness values of 200 (left) and 350 (right). Clustal W and Maximum Likelihood

4.1

Genomic sequences

For the simulated DNA sequences of length 20,000, we found that k-mers with k = 10 gave
the best results, with an average RF distance of 5 to the respective reference trees. Thus, we
created patterns with a weight of 10; we varied their lengths between 11 and 13. That is,
each pattern contained 10 ‘match’ positions and between one and three ‘don’t care’ positions.
Overall, we used 32 different patterns of weight w = 10, namely 3 patterns of length 11, 8
patterns of length 12 and 21 patterns of length 13; the patterns were randomly selected.
The test results with these patterns are shown in Figure 2. All patterns of length 11 and
most patterns of length 12 produced better results than the corresponding approach with
the contiguous 10-mer.
For the primate mitochondrial genomes, we obtained the best results with k-mers of
length k = 8, so we generated patterns P with a weight of 8 and with varying lengths. In
contrast to the simulated DNA sequences, our pattern-defined spaced 8-mers performed
slightly worse than the contiguous 8-mer. The RF distance to the reference tree was 4 for
the contiguous 8-mer, while the average RF distance for our spaced 8-mers was 4.68, with a
range between 2 and 10.

4.2

Protein sequences

On our simulated and real-world protein sequences, contiguous k-mers with k = 4 produced
the best results, with the exception of simulated Rose sequences with relatedness of 200 where
k = 3 performed better, see Figures 3,4, 5. For protein sequences, we therefore generated
patterns with weight k = 4 and varying lengths.
As shown in Figure 3, 4 and 5, all test runs with spaced 4-mers of length l ≤ 7 gave better
results than the corresponding test runs with contiguous 4-mers – with the notable exception
of the periodic pattern P = X0X0X0X which performed similar to the contiguous k-mers
or even worse. On the simulated sequence sets with a relatedness value of 550, however, the
difference was less clear. On these distantly related protein sequences, contiguous and spaced
4-mers performed almost equally.
We also applied the classical approach to phylogeny reconstruction to our sequence sets
by calculating multiple alignments with Clustal W [36] and then applying the Maximum
Likelihood (ML) software from the PHYLIP package [13]. The results of these test runs for
the simulated protein sequences are inluded in Figures 4 and 5. On BAliBASE, the total RF
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distance between the Clustal/ML trees and the reference trees was 4,478. On all sets of real
and simulated protein sequences, this classical approach produced better results than our
alignment-free methods, except for the simulated protein sequences with relatedness of 550
where both approaches performed comparably.

4.3

Variance of sequence distances calculated with spaced and
contiguous k-mers

Finally, we investigated the variance of the distances that we used for the various alignmentfree methods in this study. To do so, we simulated pairs of DNA sequences with pre-defined
evolutionary distances with Rose, using relatedness values between 2 and 51. For each
relatedness value we created 200 pairs of sequences of length 2,500 each. We then calculated
the distance for each sequence pair as described in section 2 with a value of k = 5 which
performed best on DNA sequences of this length. We measured the variance of these distance
values for each value of relatedness, for all 200 sequence pairs and for each 5-mer. It turned
out that for the contiguous pattern XXXXX and for the periodic pattern X0X0X0X0X,
the variance was considerably higher than for the non-periodic patterns. The results are
summarized in Figure 6.

5

Discussion

The k-mer composition of DNA and protein sequences is frequently used to analyse evolutionary relationships and to construct phylogenetic trees. A certain disadvantage of this
approach is the fact that k-mer occurrences at different sequence positions are far from
independent from each other. For this reason, some authors corrected the k-mer statistics of
sequences for the dependency of overlapping k-mer matches, e.g. Göke et al. [15]. For the
same reason, k-mer matches have been replaced in homology searching by so-called spaced
seeds where non-periodic patterns of ‘match’ and ‘don’t care’ positions are used instead of
contiguous word matches [28]. Motivated by this approach, we propose to use spaced k-mers
instead of the traditionally used contiguous k-mers to define distances between sequences
and to construct phylogenetic trees. While, under an i.i.d. Bernoulli model, the expected
number of occurrences of a spaced k-mer in a random sequence is approximately the same as
for a contiguous k-mer, occurrences of a spaced k-mers at different sequence positions are
less dependent, provided that a non-periodic underlying pattern P is used.
To compare spaced and contiguous k-mers, we implemented a generic approach to phylogeny reconstruction based on the (spaced) k-mer composition of sequences and evaluated the
resulting trees on various types of benchmark data. Figures 3, 4 and 5 show that distance
matrices based on spaced 4-mer frequencies in protein sequences led to consistently better
phylogenetic trees than the same approach with contiguous 4-mers. This is similar for
simulated DNA sequences as shown in Figure 2, although here improvements could only be
achieved with shorter patterns containing only up to two don’t care positions. If the number
of don’t care positions - and thus the length of the pattern - was further increased, the
results deteriorated. This is probably due to the frequency of insertions and deletions in Rose
which make longer gap-free matches in ‘homologous’ regions less likely. Not surprisingly, the
conventional approach for phylogeny reconstruction using maximum likelihood and multiple
alignments performed better than the alignment-free approaches that we tested. Nevertheless, for very distantly related simulated protein sequences, the performance of k-mer and
alignment-based phylogeny methods converged.
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Figure 5 Performance of different approaches on protein sequences, simulated with Rose using
relatedness values of 450 (left) and 550 (right).

As mentioned, a main advantage of spaced k-mers is that matches at different sequence
positions are statistically less dependent on each other than matches of contiguous words
are - as long as the underlying pattern is non-periodic (or ‘irregular’). Distance measures
using spaced k-mers can therefore be expected to be more stable than distances based on
contiguous words. Figure 6 shows, for example, that the statistical variance of distances based
on the contiguous pattern XXXXX and the periodic (‘regular’) pattern X0X0X0X0X is
higher than for non-periodic patterns with the same number of ‘match’ positions.
Correspondingly, for the real-world and simulated protein sequences, ‘non-regular’ patterns
for which matches at different sequence positions have less overlap, often performed better
than ‘regular’ patterns where matches at different positions are statistically more dependent.
For BAliBASE and for the Rose sequence sets of relatedness 200 and 350, for example,
the ‘irregular’ pattern X0X00XX performed clearly better than the more ‘regular’ pattern
XX000XX. Spaced 4-mers performed always better than contiguous words on these sequence
sets – except for the periodic pattern X0X0X0X. Spaced k-mers with this periodic pattern
often performed similar or even worse than the contiguous 4-mer.
A crucial question in our approach is how to select good patterns P . One approach would
be to minimize the dependency of spaced k-mer matches at different sequence positions. First
test runs indicate that the summed correlation coefficients for matches at different positions
may be an indicator of how good a pattern is at distinguishing random similarities from true
homologies.
The statistical properties of spaced seeds used in database searching have been studied
extensively during the last ten years, and efforts have been made to identify optimal spaced
seeds, see for example [23, 5]. Note, however, that these questions are quite different from
the questions that are relevant in our approach. In database searching, one is interested
in the probability of finding (at least) one hit between sequences with a certain degree of
similarity, to trigger a local alignment. This probability determines the sensitivity of a
spaced seed and has to be balanced against the number of random hits that slow down the
program. By contrast, with our spaced k-mer approach, we want to study the global degree
of similarity between two sequences by comparing their (spaced) k-mer compositions. Here,
we are interested in the expected number of matching spaced k-mers and its variance in
homologous vs. unrelated sequences. We are planning to study the statistical behaviour
of spaced and contiguous k-mer matches in more detail to identify optimal patterns for
alignment-free sequence comparison and phylogeny reconstruction.
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Figure 6 Variation coefficients for the distance values calculated with various spaced and contiguous
5-mers. We used Rose to simulate pairs of DNA sequences with different values of relatedness, i.e.
evolutionary distances. For each value of relatedness between 2 and 51, we we generated 200 sequence
pairs of length 2,500 and estimated the pairwise distances with the different k-mer based approaches.
For each approach, the graphic shows the variation coefficient for the resulting 200 distance values.
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