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Abstract—Next-generation sequencing (NGS) is becoming the
mainstream format for genome-sequence data and creates
new challenges in genome-sequence comparison. The multiplesequence alignment approach is not suited to NGS data because
of short-read assembly and computational resource problems.
Therefore, alignment-free methods are needed for comparisons
involving NGS data. Most alignment-free methods rely on k-merbased distance measures. However, the characteristics of NGS
data mean that k-mer-based alignment-free methods might not
be optimal. NGS data contain substantial amounts of overlap
among the NGS reads, which will affect the distances between the
NGS sets for each input species as calculated by these methods.
We propose a novel alignment-free sequence-comparison method,
based on the number of neighbors in the NGS data, which aims
to reduce the effect of the NGS-read overlap. We performed
experiments that compared the proposed method with two existing methods. The results show that our method can distinguish
the differences between diverse species better than the compared
methods. Moreover, our method performs NGS data comparisons
while showing robustness with respect to the k parameter, in
contrast to the compared methods.
Keywords–NGS; Phylogeny; Sequence comparison; Alignmentfree

I. I NTRODUCTION
Next-generation sequencing (NGS) is a method used to
transform data from genome samples to a digitized data sequence, achieving a rapid throughput compared with traditional
sequencing processes. Instead of one long sequence of genome
data, NGS produces large numbers of sequence fragments
called reads per genome sample. NGS can be applied to
many biological problems, including de novo whole-genome
sequencing and RNA-seq [1].
For most genome-sequence analysis applications, shortread data is a new challenge [2], where sequence comparison
and phylogeny analysis are issues that we are interested
in. Normally, sequence-comparison algorithms use one long
genome sequence, such as 16S rRNA in mitochondrial DNA
(mtDNA), and the whole genome when measuring the distance
between sequences [3], [4], [5]. Clustering and classification
algorithms are applied via distance matrices to produce a
phylogenetic tree from which evolutionary relationships among
species can be inferred. The emergence of NGS short-read
methods, with their new form for genome sequences, will
challenge the approach to genome-sequence analysis. In fact,
existing methods and algorithms are no longer efficient for this
new type of genome data [6].
The traditional method for sequence comparison is the
multiple-sequence alignment (MSA) method, which has trou-
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ble dealing with a large proportion of NGS short-read data.
Its approach is to reconstruct the short reads into one long
sequence. In a process called assemble, NGS reads are mapped
onto the template sequence, which involves significant computational cost. To assemble the genome without template
sequences is very challenging because the reads are mostly
short and contain large numbers of repeated genome data.
Recently, the alignment-free method for sequence comparison
has attracted attention from researchers because of its processing efficiency compared with the alignment-based method
[6]. This method does not require an assembly process, and
is therefore scalable to large numbers of NGS short reads,
which avoids the main problem with MSA. Most alignmentfree methods rely on k-mer frequencies as the sequence profile
used to measure the distance between profiles [5]. However,
alignment-free methods remain less accurate than MSA.
Several studies have proposed techniques that focus specifically on NGS short-read data. CV T ree [7], [8] and dS2 [9]
have shown good results for distance measurements and phylogeny reconstruction with both NGS data and long genome sequences. For a given k, CV T ree and dS2 calculate the distance
between two NGS samples (or two DNA sequences) based
on the normalized k-mer frequencies. Because these methods
rely on k-mers, we need to consider the random overlaps
between NGS short reads. These overlaps affect the frequency
of occurrence of k-mers within NGS sets, which could lead to
an inaccurate distance matrix. The random overlaps between
NGS short reads can cause differences between the k-mer
frequency profiles of any two NGS sets obtained from the
same species sample.
In this paper, we propose an assembly-free and alignmentfree sequence-comparison method for NGS data called dN S .
The main aim of dN S is to reduce the effect of the overlap
among NGS short reads in sequence comparisons. By grouping
similar short reads together, we can assume that reads sharing
the same overlap are likely to fall into the same group.
Using a statistical assessment of the number of short reads
included in the neighbor search with a set of queries, the
method provides information about the similarity between
NGS sets. We performed experiments with two simulated NGS
datasets. According to the results using 29 mammalian mtDNA
sequences [10], [11], dN S performed well when reconstructing the phylogenetic tree of a diverse-species dataset, which
indicates that dN S can achieve sequence comparisons using
NGS data. For a 29-member Escherichia/Shigella wholegenome dataset [12], dN S outperformed dS2 and matched the
performance of CV T ree. In addition, the results showed that
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er means that if any NGS read have Jaccard similarity more than 0.5 and 0.7 respectively,
kely to put at the same bin
dN S is more robust with respect to various values for k than
dS2 and CV T ree, which indicates that dN S is robust against
the effects of NGS short-read overlap on the k-mer frequency
distribution. Because this neighbor-search-based alignmentfree approach to sequence comparison is novel, there is plenty
of scope for further development and possible improvements.

f bins, generate 1000 dna fragment as queries

milar NGS fragments from bins

II. BACKGROUND AND R ELATED W ORK
Two k-mer frequency-based alignment-free methods are
considered in this paper, namely CV T ree [7], [8] and dS2 [9].
Both CV T ree and dS2 focus on normalized k-mer frequencies.
The difference is that CV T ree calculates the distance between
two genome sequences or NGS short-read sets by using
their normalized k-mer frequency vector, called the composite
vector (CV), whereas dS2 is a statistical approach to modifying
raw distance measures to produce measures better suited to
NGS data.

all of queries

A. CV T ree: CV alignment-free method
The CV T ree process is as follows. For a fixed length k,
count separately the number of substrings of length k, k − 1,
k − 2 on each input sequence. The initial CV is the number
of k-mer items, which is N = 4k total dimensions for DNA
sequences and N = 20k for protein sequences in lexicographic
order. Calculate the subtraction score for the k-mer:
f (α1 α2 ...αk ) − f 0 (α1 α2 ...αk )
ai (α1 α2 ...αk ) ≡
,
f 0 (α1 α2 ...αk )
where f (α1 α2 ...αk ) is the frequency of k-mer α1 α2 ...αk
and f 0 (α1 α2 ...αk ) is the predicted frequency of the k-mer,
calculated by using a (k − 2)-th Markov assumption.
Let CVA = (a1 a2 ...aN ) and CVB = (b1 b2 ...bN ) be the
CVs for the species A and B, respectively. Finally, calculate
the distance matrix for the modified CV:
D(A, B) = (1 − C(CVA , CVB ))/2,
where
PN

ai × bi
C(CVA , CVB ) = qP i=1
PN 2 .
N
2×
a
i=1 i
i=1 bi
B. dS2 k-mer statistical alignment-free method
dS2 statistics is a modified version of D2 , D2∗ , and D2S
statistics [13], [14]. They are applicable to NGS data by
considering the random processes of NGS data in terms of D2 ,
D2∗ , and D2S to model the correct k-mer distribution of NGS
data. NGS short reads are small fragments from the original
long sequence, which means that the method of sampling those
reads will affect the k-mer frequency distribution. Another
characteristic of NGS data relevant to dS2 statistics is that
an NGS short read can originate from the forward or reverse
strand of the original genome, requiring consideration of not
only the k-mer distributions of short-read data themselves but
also their complementary sequences. dS2 can be calculated by:


2
D
1
S
,
q
d2S = 1 − qP
P
2
˜
˜
2
2
˜
˜
w∈Ak Xw /Zw
w∈Ak Yw /Zw
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Figure 1. Neighbor search in NGS short reads

where
D2S =
and
Z˜w =

q

X˜w Y˜w
Z˜w
X˜w2 + Y˜w2 .

Suppose that M reads of length β are sampled from a
genome of length n. Let Xw and Yw be the numbers of
occurrences of word pattern w in the M pairs of reads from the
first genome and the second genome, respectively. We define
2 = X − M (b − k + 1)(p + p ) with Y˜2 being defined
X˜w
w
w
w̄
w
analogously. Let w = w1 w2 ...wk and pw = pw1 pw2 ...pwk ,
with w̄ being the complement of word w. Consider two
genome sequences taking L letters (0, 1, ..., L − 1) at each
position. For the null model, we assume that the two genomes
are independent and both are generated by models with pl
being the probability of taking state l, l = 0, 1,..., L − 1.
III. P ROPOSED M ETHOD
The NGS data comprise a very large quantity of short
reads that contain overlapping data. Particularly for wholegenome sequences, the number of overlaps and repeats can
grow dramatically. Most existing research on alignment-free
methods adopts k-mer frequencies to specify the profile of a
sequence and when obtaining distances in NGS sets. However,
the random overlap of short reads in NGS data will clearly
affect the distribution of k-mer frequencies. This is the key
problem we focus on in this research.
Because the problem is caused by the overlap and the
repeating data, the key idea is to reduce their effect by grouping
similar short reads. We can then use a statistical approach to
calculate the evolutionary distance between NGS short reads.
Fig. 1 shows a feature space spanned by the k-mers. (As
mentioned above, the dimensionality of the space is 4k , but,
for readability, we show a 2-D space.) Each dot represents
an NGS short read. Dots of the same color indicate that the
corresponding NGS short read comes from the same genome
sequence. For a given short read r, its set of neighbors is
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defined as the set of short reads whose distance from r is
within a predefined threshold. The circle in Fig. 1 encloses
the neighborhood of the short read represented by the triangle.
The assumption is that the short reads that are placed near
each other in the feature space will have a high probability of
sharing overlapping data. We define the difference between
any two NGS sets by comparing the number of neighborsearch results that correspond to the same collection of search
queries on their NGS short reads. Because this method does
not consider k-mer frequencies in the similarity measures of
NGS sets, any overlap effects on the final distance matrix are
reduced.
A. Notations and equations
Denote dN S (X, Y ) as the pairwise distance between NGS
sets X and Y , where X = {x1 , x2 , ...xn } and n is the number
of NGS short reads of X. Similarly, Y = {y1 , y2 , ...ym } and m
is the number of NGS short reads of Y . For a query sequence q,
q
let RX
denote the number of neighbors of q in X. dN S (X, Y )
can then be calculated as follows:
dN S (X, Y ) = (D(X, Y ) + D(Y, X))/2,

(1)

where
D(X, Y ) =

n
X
i=1


1 −

min
max




x

RXi
n

x

,

x

RXi
n

,

RYi
m



×
xi 

RY
m



R xi
Pn X xi
i=1 RX


.

(2)
D(X, Y ) is a divergence measurement calculated by summation of the rational difference between the number of
neighbors in NGS sets X and Y for all NGS short reads
x1 , x2 , ...x
n ∈ X.x The min to max ratio of two normalized
x
R i
R i
values nX and mY in Eq. (2) indicates the rational similarity
between those two values. If the normalized numbers of
neighbors for X and Y are the same, this term will be equal
to 1. Subtracting the term from 1 makes it a divergence
measurement. For each short read in X and Y , the distance is
weighted by the normalized number of the neighbors for that
query. Because D(X, Y ) is an asymmetric function, we define
the distance dN S (x, y) as the average value of D(X, Y ) and
D(Y, X).
In the current implementation, we use locality-sensitive
hashing (LSH) [15] for the neighbor search because of its
lightweight nature. Minhash [16] was originally used to compare the similarity between documents. This algorithm provides a fast approximation of the Jaccard similarity between
two sets by using their Minhash signatures and simply counts
the number of components of the signatures that are equal.
Let h be the hash function for mapping an integer to another
different integer, with no collisions. Apply n hash functions
in H = h1 , h2 , ..., hn to the set of integers. For each hi from
i = 1 to n, the minimum hash value produced by hi will
be assigned to the ith component of the Minhash signature.
We use this process to obtain the Minhash signature of an
NGS short read. The set of k-mers that appear in an NGS
short read are transformed into a set of integers to enable
the hash functions to be applied. These hash functions are
randomly generated with various values for the parameters
that produce different hash functions. LSH is a process for
finding a group of items whose Minhash signature is similar
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to a query’s signature. It separates the Minhash signature into
a series of bands, each comprising a set of rows. For example,
200 Minhash signatures might be separated into 20 bands of 4
rows each. Each band is then hashed to a “bucket. If two sets
have the same Minhash signature in a band, they will be hashed
to the same bucket, and will therefore be considered candidate
pairs. In our approach, utilizing LSH with Minhash enables us
to search for similar NGS short reads easily. However, dN S
could adopt alternative neighbor-search algorithms because the
distance measurements in dN S are based on the results of
neighbor search, rather than its method.

IV.

E VALUATIONS AND R ESULTS

A. Experiment setup
Two datasets, comprising 29 mammalian mtDNA sequences [10], [11] and 29 Escherichia/Shigella [12]
genomes were used to evaluate dN S by comparing it with
two existing k-mer-based alignment-free methods, namely
CV T ree and dS2 . Because both datasets were originally made
up of long sequences, we used a tool called M etaSim [17] to
simulate NGS short reads from long genome sequences. We
used three error models, namely 454, Empirical(Illumina), and
Sanger, which enabled us to simulate the NGS high-throughput
sequencing results from three different NGS platforms. These
sequenced the actual samples into NGS data. In the following
discussion, the term “Exact” refers to the non-error case in
simulating NGS short reads from long genomic sequences.
We used sampling depths of 1, 5, 10, and 30, where the
sampling depth means the average number of occurrences
of the character at each position in the original sequences
appearing in the NGS set. The length of NGS short reads was
set to 100, with a default parameter for the error distribution
for each model. For the parameter k, we considered using
k values in the range 6 to 10. Although a larger k should
give a better result, the processing time to map each NGS
short read to the feature space would increase significantly.
We planned our experiments to use this range of k values
for several reasons. One reason was that CV T ree and dS2
proponents have suggested it as a suitable range. Second, for
dN S , k values out of this range would affect the efficiency of
the neighbor-search process.
MSA was used as the benchmark method for comparison
with the alignment-free methods to evaluate their performance
on phylogeny reconstruction. We used the ClusterOmega
tool [18], followed by the dnadist tool in the PHYLIP package
[19], on aligned sequences from MSA to calculate distance
matrices.
For a distance matrix, either from MSA or from an
alignment-free method, we used the neighbor tool in the
PHYLIP package to construct a phylogenetic tree using the
neighbor-joining method [20]. We used the popular Robinson–
Fould distance (RF) [21] for evaluation, as described in [22].
The RF value can be calculated by counting the internal nodes
that appear in one tree but not in the other. A small RF value
means that the shape of the trees is close to the benchmark
tree. The values for RF range from 0, meaning two tree are
exactly the same, to 2(n − 3) where n is the number of leaf
nodes.
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TABLE I. BEST RF RESULT FOR ANY K PARAMETER ON NGS
READS OF 29 MAMMALIAN MTDNA SEQUENCES WITH A
SAMPLING DEPTH OF 5
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Figure 2. The RF of phylogenetic tree results for each method on NGS
reads of 29 mammalian mtDNA sequences with a sampling depth of 5

B. Experimental results
1) The 29 mammalian mtDNA sequences: The 29 mammalian mtDNA sequences are a well-studied dataset, being widely used for the evaluation of existing sequencecomparison methods. The MSA tree for this dataset is therefore
a reliable benchmark for our experiments. Because the evolutionary relation between each species in this dataset is diverse,
a sequence-comparison method should be able to reconstruct
a phylogenetic tree almost identical to that for MSA to offer
confidence in the performance of the method.
We applied three alignment-free methods, namely dN S ,
CV T ree, and dS2 , to simulated NGS short-read data. We compared the resultant phylogenetic trees with the benchmark tree
obtained from MSA with mtDNA sequences. At a sampling
depth of 1, the phylogenetic trees obtained from the three
alignment-free methods were very different from the MSA
benchmark tree because of the shallow sampling depth.
Fig. 2 shows the RF between the MSA benchmark tree
and the phylogenetic tree obtained by dN S , CV T ree, and dS2
on four types of NGS reads, using a sampling depth of 5
and various k parameter values. The figure shows that dN S
produces a more accurate tree than either CV T ree or dS2 in
most cases.
Table I summarizes the most accurate result for each
alignment-free method shown in Fig. 2. Note that RF can
be up to 52 for this dataset. The best RF result in the table
among all three methods is 8, which means that the rational
distance between the tree obtained via alignment-free methods
and the benchmark tree is 8/52 = 0.154. We can therefore
consider that dN S and the other two alignment-free methods
all perform well using this dataset. dN S produced the best
result among the alignment-free methods across all NGS error
models. Regarding the sampling depth, we found no significant
differences with 10 and 30 sampling, as shown in Fig. 3 for
dN S . The same result was found for CV T ree and dS2 [22].
We investigated how parameter values affect the performance of dN S . Fig. 3 shows the result of dN S on NGS reads
of 29 mammalian mtDNA sequences with a parameter setup
that included four NGS error models, k values from 6 to 10,
and sampling depths of 1, 5, 10, and 30. With a sampling
depth of 1 for any NGS error model, dN S could not produce
an accurate phylogenetic tree for this dataset. The reason could
be that the numbers of queries used in the neighbor search are
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too small to retrieve good distance measurements. According
to this result for dN S , we can infer that a more suitable value
for the k parameter would be 8 or 9.
2) The 29 Escherichia/Shigella whole-genome sequences: We used this dataset to evaluate the performance
of dN S on the whole genomes of species that are close
to each other in evolutionary terms. The 29 whole-genome
sequences come from two main genera, namely Escherichia
and Shigella, which are from the same Enterobacteriaceae
family in the Bacteria kingdom. Because the dataset is large,
MSA’s lack of scalability prevents it from being applied.
We obtained the benchmark tree for this dataset from [12].
This involved concatenating the alignments of the 2034 core
genes of the Escherichia/Shigella genomes, then using a
maximum-likelihood method to construct the phylogenetic tree
for this dataset.
With the close evolutionary relationship between the
Escherichia and Shigella species, all alignment-free methods tested in this experiment failed to obtain an accurate RF
result when comparing their resultant trees with the benchmark
tree. As shown in Table II, the best RF value was 16, with the
rational distance between the result tree and the benchmark
tree being 16/52 = 0.3. The performances of all three methods
were below a satisfactory level. There was no significant
difference among the dN S , CV T ree, and dS2 methods. In fact,
dS2 performed better for the Exact error model, whereas dN S
and CV T ree performed better for the other error models.
A point to note is that dN S appears more robust with
respect to variations in the k parameter than CV T ree or dS2 ,
as shown in Fig. 4. For most k, and for each error model,
dN S ’s phylogenetic tree is more accurate than those of the
other methods, with the RF value being at the same level. For
example, although dS2 performs best on the Exact model with
RF of 18 when k = 9 and 10, the RF values are much bigger for
other k values. Robustness against the parameter k is beneficial
because it makes parameter tuning easier and we can optimize
the processing efficiency by choosing a smaller value for k.
The reason for this effect is that the k parameter does not
directly affect how dN S calculates the distance between each
species. It uses the k value only for constructing the feature
space. Because of limited computing resources, we examined
only the case of the 1 sampling depth.
The main aim of this research is to introduce a novel
approach to performing NGS data comparisons. It is to be
expected that the computational efficiencies of CV T ree and
dS2 would exceed that of dN S in its current implementation.
Table III confirms that dN S ’s runtime is slower than the others.
However, the k parameter value does not affect the runtime of
dN S , unlike those for CV T ree and dS2 . In particular, dS2 ’s
runtime grows dramatically between k = 6 and k = 10. It is an
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Figure 3. The RF of phylogenetic tree results for dN S on NGS reads of 29 mammalian mtDNA sequences using four NGS error models, k = 6–10, and
sampling depths of 1, 5, 10, and 30
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TABLE II. BEST RF RESULTS FOR ANY K VALUE ON NGS READS
OF 29 ESCHERICHIA/SHIGELLA WHOLE-GENOME
SEQUENCES WITH A SAMPLING DEPTH OF 1
dN S

CV T ree

dS
2

26
20
26
16

26
20
24
20

18
20
28
22

advantage that the k value has little effect on the runtime of
our proposed method. In addition, the runtime of dN S shows
linear growth with varying sampling depth, as shown in Fig.
5
V. C ONCLUSION AND F UTURE W ORK
In conclusion, we propose a novel approach for an
alignment-free method dN S that is focused on NGS shortread data and based on neighbor searching. Its main advantage
is that it is an accurate alignment-free sequence-comparison
method for reconstructing a phylogenetic tree more consistently than other k-mer-based alignment-free methods. Although it might lose significant information in the NGS data
when ignoring the k-mer frequencies, the method is able to
specify the distance between NGS sets with good accuracy
when a sufficient number of queries is used.
According to our experimental results on mammalian
mtDNA and Escherichia/Shigella whole-genome sequences
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Figure 5. Computational runtime (seconds) for dN S on the 29 mammalian
mtDNA dataset with NGS sampling depths of 1, 5,10, and 30

with simulated NGS short reads, the dN S method can construct
a phylogenetic tree that is almost as accurate as a benchmark
tree. In addition, dN S is able to deal with NGS short-read faults
in the k-mer distribution, as shown in our results. However,
the main drawback of dN S is the computational inefficiency
of the neighbor-search process, which consists of many NGS
short-read comparisons.
Because this method is a novel approach to NGS short-read
comparison, there are many aspects of it that we can develop
to make the method more accurate and more computationally
efficient. First, we should consider modifying dN S toward
a parameter-free approach. To improve the dN S accuracy,
we should consider applying different processes for mapping
the NGS reads to a high-dimensional space during neighbor
search, rather than using a k-mer frequency vector. This
modification would seek to obtain more reliable grouping
of overlapping NGS reads. Second, we should modify the
equation for distance measurement used in this approach.
We have noticed that calculating distances in the NGS data
using only the number of neighbor query results might be
insufficient to achieve better results. This information is quite
coarse in comparison with normalized k-mer frequencies. We
should consider combining our approach with other alignmentfree methods to achieve higher accuracy. Finally, we need
to optimize this method to be more scalable with respect to
computational efficiency by considering alternative neighborsearch algorithms. In fact, we might consider a completely
different approach, other than neighbor search, to the grouping
of overlapping NGS reads.
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TABLE III. COMPUTATIONAL RUNTIME FOR EACH ALIGNMENT-FREE METHOD (SECONDS) WITH 5 COVERAGE FOR MAMMALIAN mtDNA
AND 1 COVERAGE FOR THE ESCHERICHIA/SHIGELLA WHOLE-GENOME DATASET

29 mammalian mtDNA
29 Escherichia/Shigella whole genome

dN S

dS
2 (k = 6)

dS
2 (k = 10)

CV T ree(k = 6)

CV T ree(k = 10)

230
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4
30
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1050

2
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