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ABSTRACT
Growing sequencing and assembly efforts have been met by the
advances in high throughput machines. However, the presence of
massive amounts of repeats and transposons complicates the assembly process. Given a library of possible repeats, this paper
considers the problem of identifying repeats and transposons in the
fragments (also called reads) generated from sequencing machines.
This is a difficult problem as the locations of the fragments on the
complete genome are not known. Furthermore, due to insertion,
deletion and other evolutionary factors, different copies of repeats
can diverge from each other. The presence of transposons, (also
called jumping genes) makes the problem even harder as they can
split other repeats and make them diverge from the actual repeats.
We develop a graph based method named RepFrag which can
efficiently identify repeats in a given set of fragments. We first
align the fragments to the repeats in the given repeat library. We
model the alignments as the vertices in the graphs. We create edges
between two vertices if they can jointly express a potential repeat
better. We traverse the paths in this graph to find a path that has
a high potential of representing a complete repeat. We mask the
aligned regions on the fragments corresponding to the vertices on
that path. Using the unaligned regions, we create a new fragment
and align it with the repeats. We modify the existing graphs based
on the new alignments, if there are any. We iterate this process of
path selection and modification of graph until no promising path
remains.
We compared the performance of our method to that of RepeatMasker on 30 different fragment datasets generated from five different chromosomes of Arabidopsis Thaliana for varying coverage
values and fragment lengths. On average RepFrag had a 35% better true positive-false positive ratio. RepFrag was 7.3 times faster
than RepeatMasker on the average. Thus, our results suggest that,
our method improves significantly over RepeatMasker in terms of
speed and accuracy.

1.

Figure 1: The figures illustrate how transposons penetrate the
chromosome. Figure (a) shows that the chromosome already
contains one transposon and two other transposons are about
to jump into the chromosome. Figure (b) depicts the chromosome after that event. Note, that one transposon in dark brown
severs the one in light brown.
Availability of high throughput machines has greatly improved
the sequencing efforts. Existing sequencing machines can identify the nucleotide sequences of a large number of short fragments,
called reads. We use the term fragment to denote reads in this
paper. For example, 3730xl DNA Analyzer can create fragments
that are of length roughly 650 bases [1]. Also, 454 sequencing-bysynthesis technology [22] can generate fragments of around 400
bases.
Once the fragments from a genome are obtained, often the next
step is to assemble them to produce the complete genome sequence
which can be composed of many millions of bases. Assembling
the fragments produced by the sequencing machines is a difficult
problem due to two reasons. First, a large number of repetitive
sequences, also know as repeats, transposons and transposable elements are present in the genome sequence. Second, sequencing
machines do not provide information about the location of the fragments on the complete genome. The paper focuses on the first reason.

INTRODUCTION

Repeats and transposons are repetitive sequences. We use the
term repeat to denote repeats and transposons in this paper. They
can occupy a significant portion of the genomes. For example, 45%
of the human genome [11] and 50-80% of the maize genome [23]
consist of transposable elements. Based on their length and structure they can be classified into different categories. Microsatellites
or simple sequence repeats are short repeat sequences consisting
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of 1-6 nucleotides. Minisatellites are longer repeat units that are
of length 10-60 nucleotides. Another important category is transposons or transposable elements that are dispersed throughout the
genome. Transposons are also called the jumping genes, as a transposon in one location of the genome can move (cut and paste) or
replicate (copy and paste) itself to another location of the genome.
A transposon can jump inside another transposon and split it. Figure 1 illustrates the jumping of the transposons into the chromosome.
The repetitive nature of the transposable elements complicates
sequence assembly. So, most of the assembly methods require a
pre-processing of the fragments to identify the repeat sequences.
Identifying repeats is a computationally challenging problem because of the following reasons. First, when a transposon moves
inside another repeat sequence, it can split that repeat into smaller
pieces that diverge from the original repeat. Figure 1 illustrates this
process. Further mutations, such as insertion, deletion and replacement can also alter the sequences of a repeat. In this way, the repeat
sequence in the library and that on the genome sequence can vary
greatly. Thus, it may not be possible to identify them by simply
comparing the fragments to a repeat library with a sequence alignment tool. Second, a fragment may not contain an entire repeat. A
repeat can spread across several fragments, which makes the identification of the complete unit complicated. Finally, fragments can be
very short and numerous. As a result of these challenges, identification of repeats in the fragmented genomes is a complex problem.
In our previous work, we developed a method called Greedier
that identifies repeats from complete genome sequences [16]. However, with fragmented genomes, which is the more common case,
the problem is more difficult as discussed above.

Section 2 summarizes the related work. Section 3 describes our
method. Section 4 presents the results. Section 5 ends with a brief
conclusion.

2.

RELATED WORK

Identification of repeats is a well researched problem. We can
categorize the existing methods based on the their approaches and
the class of repeat they identify. Here, we provide a brief overview
of them. A detailed discussion is available in Lerat [14].
Library based approaches: These methods collate a library of
curated consensus repeat sequences. They compare the chromosome sequences with the repeats in that library. The method that
we develop in this paper also falls in this category. RepeatMasker,
in this category, has become a gold standard in terms of its accuracy. It performs a similarity search based on the local alignment
with Crossmatch or AB-BLAST [2]. In has been extensively used
to search repeat for several organisms such as A.Thaliana [5] and
Homo Sapiens [12]. PLOTREP, also a library based tool, can merge
the fragmented repeats, that arise in the output due to insertion and
deletion between the query and repeat sequences [28]. Greedier detects both fragmented and nested repeats in the chromosome [16].
These methods, apart from Greedier, do not consider the fact that
transposons can move into other repeats and split them. As a result, although they work well for repeats that are intact, their performance drops in the presence of nested transposons. Greedier on
the other hand considers nested transposons. It aims to find repeats
in complete sequences. It creates graphs for each of the repeat by
alignments between a complete chromosome and every repeat. It
then selects the best path from all the graphs, which corresponds to
a complete repeat. Greedier iteratively selects a path, removes the
corresponding components from the graph and aligns the modified
chromosome with the Blast as long as there is a single promising
path. The very nature of the algorithm enables Greedier to locate
the fragmented and nested transposons. However, Greedier works
only for complete sequences. It can not identify repeats when a set
of short fragments are available.
One typical limitation of the library based method is that, they
can not discover any new repeat or new class of repeat. They can
locate only the repeats specified in the repeat library.

Contributions: In this paper, we consider the problem of identifying repeats in a given set of fragments. Assume that we are given
a set of fragments F = {f1 , f2 , . . . , fN } created from a complete
genome sequence. Also, assume that we are given a repeat library
R = {r1 , r2 , . . . , rM }. The problem is to identify the repeat sequences in all fi ∈ F with minimum possible false positives.
We develop a new method called RepFrag, to identify repeats
in fragments. Briefly, RepFrag works as follows. First, we align
all the fragments in F with all the repeats in R respectively using
Blast [4]. The alignments provide us the seeds which will help us
locate the repeats. We, then, build a graph from the alignments
for each repeat in R. We model the alignments as the vertices
of the graphs. We create edges between two vertices if they can
jointly express a potential repeat better (we discuss this in detail in
the following sections). We traverse the paths in this graph. Each
path represents a complete repeat sequence on the non-fragmented
genome. Once we find a path, we mask the aligned regions on the
fragments corresponding to the vertices on that path. We also, remove the vertices and edges associated with those fragments. Then
we create a new fragment from the non-aligned regions of the fragments on the path and align it with the repeats in R. We modify the
existing graphs based on the new alignments, if there are any. This
iterative process of path selection and modification of the graphs
continues as long as there is a single promising path.
We compared our method to RepeatMasker [25], which became
a gold standard among the existing methods due to its accuracy [14].
We have compared the two methods on the datasets we generated
from 5 chromosomes of Arabidopsis Thaliana (A.thaliana) with
different set of fragment length and coverage. On average RepFrag
had a 35% better true positive-false positive ratio. RepFrag is more
than 7 times faster than RepeatMasker on the average. Thus, our
method improves significantly over RepeatMasker in terms of speed
and true positive- false positive ratio.

Signature based approaches: These methods search for a specific structure or motif characteristic to a particular class of repeat.
They can be further categorized based on the specific structure of
repeats that they can identify such as LTR (long terminal repeat)
retrotransposons, non-LTR retrotransposons, MITE etc. The TSDfinder [27], refines the coordinates of the L1 insertions that are detected by RepeatMasker. The SINEDR method detects the SINEs
(short interspersed nucleotide elements) [30]. The RTAnalyzer program is used to detect the origin of retrotransposons [17] .
Several methods are available to detect the LTR retrotransposons
in the genome, such as RetroTector [26], LTR_par [8], find_LTR [21]
and LTR_STRUC [18]. These methods depend on a number of
structural features of the transposons such as the distance between
two LTRs in a sequence, the size of the LTR sequence, the identity
between two LTRs and presence of critical sites for replication.
Methods have been proposed to locate MITE, which is a particular group of transposable elements, that appear in high copy
number. FINDMITE looks for the MITEs that satisfy several criteria, such as particular TSDs (target site duplication), a certain
length of TIR (terminal inverted repeat) and a minimum distance
between two TIRs [29]. TRANSPO detects TIRs from query sequences [24]. The MAK tool kit is a group of program used to
automate the MITE analysis [31].
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Algorithm for RepFrag INPUT: A set of repeats, a set of fragments
1. Align the set of fragments to the set of repeats with a sequence alignment tool, such as Blast.
2. Create a graph for each repeat from the alignments.
3. while there are more vertices in the graphs
(a) Select the path from each graph with the highest fitness.
(b) From all the paths in (a), select the one with the highest
fitness and mask the appropriate regions.
(c) Remove all the vertices and edges from the graphs corresponding to the fragments on the selected path.
(d) Stitch both non-masked ends of the selected path and
cerate a new fragment.
(e) Align that fragment with the repeat library.
(f) Create vertices from the alignments and insert them to
appropriate graphs.

Figure 3: The figure describes different parts of a vertex v.
Shaded intervals show the alignment between a repeat and a
fragment. lur(v) and rur(v) denote the left and the right unaligned regions on the repeat respectively. luf(v) and ruf(v)
stand for the left and the right unaligned regions on the fragment, respectively. rs(v) and re(v) are the start and end positions of the alignment on the repeat. Similarly, fs(v) and fe(v)
are the start and the end positions of the alignment on the chromosome fragment.

Figure 2: Pseudocode of our method.
removal of the selected path.
These methods focus on specific classes of transposons. Although they can be relevant for those specific classes, their success
depends on the knowledge we have about the structures and characteristics of those specific classes of transposons. Furthermore, they
can only work for complete sequences and do not take the effects
of nested transposons into consideration.

3.1

De novo methods: These methods aim to find repeats without
using a repeat library. They can be classified into two main groups.
The first group of methods compare a sequence to itself, while the
others search for small repeated words, known as k-mers.
In the self comparison group, The Repeat Pattern Toolkit depends on a sequence similarity scoring system and uses Blast for
the comparison [3]. RECON is a popular program that also uses
Blast for self comparison [6]. It, then, runs a clustering method
to create repeat families. The PILER program differentiates between the tandem repeats, transposable elements and the terminal
repeats [7]. The BLASTER method also uses Blast [20]. It matches
the repeats to the genome and clusters the sequences into families.
The methods in the k-mer group search for multiple occurrences
of identical or similar sequences. REPuter uses suffix tree for this
purpose [10]. FORRepeats first locates the exact repeat sequences,
then identifies the approximate repeat sequences and compares between them [13]. Programs such as ReAS [15], Tallymer [9] and
RepeatScout [19] create a library of high frequency, fixed length
k-mers and use them as seeds to find the family of repeats.
The advantage of de novo method is that they can identify new
classes of repeats, that library based methods are not able to detect
in general. However, these methods produce a large amount of false
positives [14].
Most of the existing methods are designed for assembled sequence. Hence they can not produce accurate results when the
chromosome is fragmented, which is a more difficult situation as
we discussed. Here, we design our method specifically for identification of repeats from fragments.

3.

Description of the complete algorithm

In this section, we provide a brief overview of the different steps
of the complete algorithm.
Figure 2 presents an algorithmic outline of our method. In Step
1, we align the set of fragments F and the set of repeats R using a sequence alignment tool. In this paper, we use Blast, for this
purpose. It is worth mentioning that one can use another sequence
tool without changing the rest of the algorithm. Step 2 builds a
graph for each repeats from these alignments. We create a vertex
for each alignment. A vertex represents an alignment between a
repeat and a fragment. Thus, there will be multiple vertices for
a repeat-fragment pair if they have alternative high scoring based
alignments. We store relevant alignment information at each vertex. Figure 3 illustrates an alignment between a repeat and a fragment and the information stored in the corresponding vertex. We,
then, build a graph for each repeat in R. We assign a vertex to
a graph, if that vertex consists of the repeat for that graph. Then,
based on a set of constraints, we create directed edges between the
vertices in every graph. We elaborate on this step in Section 3.2.
Once the graphs are built, we iteratively process and update the
graphs. In each iteration, we traverse all the graphs to select the
path that has the highest fitness (Steps 3(a) and 3(b)). We discuss fitness computation in Section 3.3. A path is a sequence of
vertices, that represents an alignment with a complete repeat, had
the genome been non-fragmented. We remove all the vertices and
edges related to the fragments in this path from all graphs. We mask
the aligned fragments in the vertices of this path as a repeat. After
this, we stitch the non-masked portion of the path and create a new
fragment. The new fragment represents a potential portion of the
original sequence before a transposon splits it. We, then, align the
new fragment with the repeat library. We create a vertex for each
alignment if there is any. Then, we insert the new vertices into the
appropriate graphs as described in Step 3(f). We create edges to
connect the new vertices with the existing set of graphs. We repeat
steps 3(a) to 3(f) till number of vertices drops below a cutoff.

METHODS

3.2

In this section, we discusses our algorithm. Section 3.1 summarizes the complete algorithm. The subsequent sections elaborate
different parts of the algorithm. Section 3.2 describes how we build
graphs from the alignments of fragments and repeats. Sections 3.3
discusses how we select a set of fragments to mask from the graph.
Finally, Section 3.4 discusses how we update each graph after the

Creation of graph from alignments

This section describes how we create a graph from the alignments of the fragments in F with the repeats in R.
Blast generates a set of alignments between pairs of repeats and
fragments. These alignments provide us the seeds which will help
us locate the repeats. We have observed that a lot of false posi3

Figure 5: The figure graphically describes the class constraints,
i.e. which classes of vertices can be connected to which classes.
We can create edge from vertices of class 1 to that of class 2,
vertices of class 1 to that of class 3 and vertices of class 3 to that
of class 2. We can also create an edge from a vertex of class 3 to
another vertex of the same class.

Figure 4: An illustration of the four classes of vertices. The
straight boundary on the lateral side indicates the start or the
end of a repeat. The zigzag side indicates that the boundary
is non-terminal. Class 0 represents a match between a fragment and a complete repeat. Class 1 shows that the fragment
matches with some prefix of a repeat. In class 2 the fragment
matches with some suffix of a repeat. Class 3 consists of the
vertices where a fragment matches with the middle portion of
a repeat.

otherwise we call it an external edge. If we create an edge from
vertex vi to vj , we denote vi as incoming vertex to vj and vj as
outgoing vertex to vi . We can connect two vertices by an edge
if they satisfy both class constraints and position constraints. We
discuss these constraints next.
Class constraints: We can create a directed edge from vertex vi
to vj if one of the following holds.
1. vi belongs to class 1 and vj belongs to class 2.

tives arise when the alignment length is small. So, we only consider the alignments that contain 100 or more bases. We create a
vertex from every alignment. Thus, we can create multiple vertices between a fragment and a repeat. Consider a vertex vi . Let
us denote its fragment and repeat by f (vi ) and r(vi ) respectively.
Let f s(vi ) and f e(vi ) denote the start and end of alignment on
the fragment. We represent the start and end of alignment on the
repeat with rs(vi ) and re(vi ). Let a(vi ) and b(vi ) denote the
number of identical bases and the alignment length respectively.
Let o(vi ) ∈ {+, −} denote the orientation of alignment, direct
or complemented, respectively. In complemented alignment, the
fragment is aligned with the reverse complemented version of the
repeat. Also, let us denote the length of the complete repeat r(vi )
by len(r(vi )). Thus, we define a vertex as an ordered tuple vi =<
f (vi ), r(vi ), f s(vi ), f e(vi ), rs(vi ), re(vi ), a(vi ), b(vi ), o(vi ) >.
The subscript i to all the components of the vertex indicate that
they belong to the ith vertex. Figure 3 illustrates different parts of
a vertex.
Based on the start and end position of the alignment on the repeat
sequence, we classify the set of vertices into four different classes.
Figure 4 illustrates them.

2. vi belongs to class 1 and vj belongs to class 3.
3. vi belongs to class 3 and vj belongs to class 3.
4. vi belongs to class 3 and vj belongs to class 2.
Figure 5 summarizes these constraints.
Class constraints are necessary but not sufficient to create an
edge. If two vertices satisfy the class constraints, we can potentially create an edge between them, however that is not guaranteed.
We also need to enforce that the end position of repeat on the incoming vertex matches closely to the start position of repeat on the
outgoing vertex. We refine the edge creating process through the
following position constraints.
Position constraints: Let us denote the average identity between
two random sequences per nucleotide by ρ. We assume the value
of ρ to be 0.25, as for every nucleotide there can be four different
options in the other sequence. Assume that there is an edge from
vertex vi to vj . The position constraints for external and internal
edges are:

1. Class 0: The alignment consists of the complete repeat (i.e.
rs(vi ) = 1 and re(vi ) = len(r(vi ))).

• Direct orientation, external vertices:
1. rs(vj ) − re(vi ) ≤ , if rs(vj ) > re(vi ).

2. Class 1: The alignment contains only a prefix of the repeat
(i.e. rs(vi ) = 1 and re(vi ) < len(r(vi ))).

2. re(vi ) − rs(vj ) ≤ , if rs(vi ) ≤ rs(vj ) ≤ re(vi ).
3. max{ruf (vi ), luf (vj )}−ρ×min{ruf (vi ), luf (vj )} ≤
.

3. Class 2: The alignment contains only a suffix of the repeat
(i.e. 1 < rs(vi ) and re(vi ) = len(r(vi ))).

• Direct orientation, internal vertices:

4. Class 3: The alignment does not contain the start and the end
of the repeat (i.e. 1 < rs(vi ) and re(vi ) < len(r(vi ))).

1. rs(vj ) − re(vi ) ≤ , if rs(vj ) > re(vi ).

For every repeat rk ∈ R, we create a graph denoted by Gk .
We assign a vertex vi to Gk , if rk = r(vi ); i.e. the repeats for
both the vertex and the graph are same. We create directed edges
between the vertices that belong to a particular graph. Intuitively,
an edge corresponds to two close consecutive portions of a repeat
on the genome before fragmentation. The participating vertices
can belong to the same or different fragments. We denote an edge
as internal if the corresponding vertices share the same fragment,

2. re(vi ) − rs(vj ) ≤ , if rs(vi ) ≤ rs(vj ) ≤ re(vi ).
3. f s(vj ) − f e(vi ) ≤ , if f s(vj ) > f e(vi ).
4. f e(vi ) − f s(vj ) ≤ , if f s(vi ) ≤ f s(vj ) ≤ f e(vi ).
The first three constraints are applicable for the external edges
where the two vertices belong to different fragments. Constraint
1 indicates that on the repeat side, the end position of alignment
4

on the first vertex, i.e. re(vi ) is at most the starting position of
alignment on the second vertex, i.e. rs(vj ). Constraint 2 is analogous to the earlier one, but applies for overlapped repeat alignments on the two vertices. It enforces an upper bound to the length
of the overlapping region. This condition indicates that there is
an unaligned region on the repeat from position re(vi ) to rs(vj ).
Thus, this constraint sets an upper bound to the length of this region with the parameter . On the fragment side, it is not possible
to know if the two fragments overlap or not, as we do not have
information about the position of the fragments on the chromosome. min{ruf (vi ), luf (vj )} is the smallest possible overlap on
the fragment, for any external edges. The expected number of identities on the overlapping region in that case is ρ × min {ruf (vi ),
luf (vj )}. Subtracting this value from the length of the largest possible overlaps, we obtain an upper bound to the expected number
of mismatching bases on the fragment side. The third constraint
enforces an upper bound to this value as .
Constraints 1 and 2 for the internal edges are exactly similar to
the first two constraints of external edges. So we do not repeat the
discussion for them. However, the constraints 3 and 4 (on the fragment side) are different, as we know the relative distance between
the fragments in the two vertices. Constraint 3 indicates that on the
fragment side, the end position of alignment on the first vertex, i.e.
f e(vi ) is at most the starting position of alignment on the second
vertex, i.e. f s(vj ). Constraint 4 is analogous to the earlier one, but
applies for overlapped fragment alignments on the two vertices. It
enforces an upper bound to the length of the overlapping region.
This condition indicates that there is an unaligned region on the
fragment from position f e(vi ) to f s(vj ). Thus, the constraint sets
an upper bound to the length of this region as the parameter .
Based on the position and class constraints, edges can be classified into five categories. Figure 6 illustrates four of them.

Figure 6: Four different kinds of edges: (a) This corresponds
to external edges and no overlap on the repeat regions. (b) This
is for external edges and overlap between the aligned repeat regions on the vertices. (c) Internal edges, however no overlap
on either fragment or repeat side. (d) Internal edges, overlap
on the fragment side. There can be a fifth kind of edge, analogous to (d), where the overlap is on the repeat side, not on the
fragment side.
To create the penalty zone, we obtain the minimum of left unaligned regions on the repeat and the fragment of the vertex. Similarly, we obtain the minimum of the right unaligned regions on
repeat and fragment on the vertex. The summation of these left and
right regions defines the penalty zone. Intuitively, this penalty zone
identifies the non-compliant region of a vertex, which is so divergent from the repeats in the library R, that Blast could not align
this region. A smaller penalty zone leads to a higher fitness value
for that vertex and vice versa. We denote the fitness value of the
vertex as,
a(vi ) + ρ × κ(vi )
f (vi ) =
b(vi ) + κ(vi )
The numerator of fitness function corresponds to the sum of the
observed and expected number of identities. The denominator of
this function is the sum of the expected and the observed alignment length. Note, that we define the observed number of identities based on the alignment between the repeat and the fragment,
while we define the expected identities and alignment based on the
penalty zone.

• External edge. There is no overlap on the repeat side.
• External edge. There is an overlap on the repeat side.
• Internal edge. There is no overlap on either repeat or fragment side.
• Internal edge. There is an overlap on the fragment side, but
not on the repeat side.

Fitness of an edge: Similar to the fitness of a vertex, the fitness
of an edge is the ratio of the sum of the expected and the observed
number of identities over the sum of the expected and observed
length of alignments after merging the two fragments of that vertex.
We define the observed and expected number of identities of edge
eij by αo (eij ) and αe (eij ). We define the observed and expected
alignment length of eij by βo (eij ) and βe (eij ) respectively. Thus,
the fitness value of eij is given by,

• Internal edge. There can be a fifth kind of edge, analogous to
the fourth kind, where the overlap is on the repeat side, not
on the fragment side.
We use a similar set of constrains when the two vertices have complemented alignment. However, due to space limitation and their
similarity with the described ones, we do not discuss them here.

3.3

Graph traversal and path selection

g(eij ) =

αo (eij ) + αe (eij )
βo (eij ) + βe (eij )

In this section, we describe how we select the best path from the
set of all graphs (Steps 3(a) and 3(b)). A path is a sequence of
vertices that are connected by edges. All vertices on a path belong
to the same repeat as there are no edges between the vertices of
different repeats. Each path denotes a potential repeat that is spread
across the fragments corresponding to the vertices on that path. In
order to describe how we select a promising path (i.e., a path that
leads to a complete repeat) we first define the concept of fitness for
vertices and edges. In our definition, a large fitness value of a vertex
(edge) indicates that the corresponding vertex (edge) will lead to a
complete repeat with high chance.

We compute αo (eij ) = a(vi ) + a(vj ), which is the sum of
observed identities of the two vertices. βo (eij ) is the sum of the
observed alignment length of the two vertices, given by b(vi ) +
b(vj ).
Recall from Section 3.2 that we classified edges into five categories. Computation of the functions αe and βe for an edge depends on the category that edge belongs to. Next, we discuss the
computation of αe and βe functions for each of the five categories.
We discuss only the vertices with direct orientation as the complementary orientation is similar to it.

Fitness value of a vertex: We define the penalty zone of a vertex
vi as κ(vi ) = min{lur(vi ), luf (vi )} + min{rur(vi ), ruf (vi )}.

• External edge, non-overlapping repeats: The term αe (eij )
is given by ρ×min{ruf (vi ), luf (vj ), (rs(vj )−re(vi ))}+
5

ρ×{lur(vi )}+ρ×{rur(vj )}. The first term is the expected
number of identities between the aligned regions of vi and
vj . The second term is the expected number of identities for
the prefix of the repeat prior to its aligned region in vi . The
last term is the expected number of identities for the suffix
of the repeat after its aligned region in vj . We formulate
βe (eij ) = max{ruf (vi ), luf (vj ), (rs(vj ) − re(vi ))} +
lur(vi ) + rur(vj ). Similar to αe (eij ), this formulation considers the unaligned regions between, before and after the
two aligned regions.

alignment length on the repeat, as there is an overlap on the
fragment side. The second and last terms correspond to the
expected alignment length before and after the aligned regions, respectively.
• Internal edge, overlapping repeats, non-overlapping fragments: In this condition, the repeats overlap and the equations are analogous to that of the earlier one. Thus, αe (eij )
is ρ × {lur(vi )} + ρ × {rur(vj )} − ζ × {re(vi ) − rs(vj )}.
The first term is the expected number of identities for the
prefix of the repeat prior to its aligned region in vi . The second term is the expected number of identities for the suffix
of the repeat after its aligned region in vj . {re(vi ) − rs(vj )}
is the overlapped repeat region. ζ is the identity frequency
a(v )+a(v )
of the overlapped region, calculated as b(vii )+b(vjj) . So, the
last term denotes the number of identities in the overlapped
region on the fragment which we subtract from the expected
number of identities, to amend the effect of overlap. The expected length of alignment is given by βe (eij ) = {f s(vj ) −
f e(vi )} + lur(vi ) + rur(vj ). The first term represents the
expected alignment length on the fragment, as the overlap is
on the side of the repeat. The second and last terms correspond to the expected alignment length before and after the
aligned regions respectively.

• External edge, overlapping repeats: In this case, we have
to adjust the number of identities and the alignment length
due to overlapping of aligned repeat regions between the two
vertices. The term αe (eij ) is given by ρ × {lur(vi )} +
ρ × {rur(vj )} − ζ × {re(vi ) − rs(vj )}. The first term
is the expected number of identities for the prefix of the repeat prior to its aligned region in vi . The second term is
the expected number of identities for the suffix of the repeat after its aligned region in vj . {re(vi ) − rs(vj )} is
the overlapped region on the repeat. ζ is the identity frea(v )+a(v )
quency of the overlapped region, calculated as b(vii )+b(vjj) .
So, the last term denotes the number of identities in the overlapped region, which we subtract from the expected number
of identities to amend the effect of overlap. The length of
the expected alignment becomes βe (eij ) = max{ruf (vi ),
luf (vj )} + lur(vi ) + rur(vj ) −{re(vi ) − rs(vj )}. Similar
to αe (eij ), this formulation considers the unaligned region
between, before and after the two aligned regions. We subtract the last term, as, we assume that there is also an overlap
on side of the the fragments.

Path selection: We select a path from each of the graphs using a
greedy strategy as follows. In each graph, we start from the vertex
with the highest fitness value.
Once we select the first vertex, we extend the path to incoming
and outgoing directions. We discuss how we do the extension in
the outgoing direction. We do not discuss extending the path in the
other direction as it follows the same algorithm in the opposite direction. Let us denote the current vertex by vi . Let us denote the set
of outgoing vertices of vi by the set NR (vi ). Also, let g(eik ) denote the fitness value of the edge by eik = {vi , vk }, vk ∈ NR (vi ).
We select the neighbor vj , such that vj = arg maxvk g(eik ). We
use this new vertex vj to extend further, similarly. We extend the
path till the last possible vertex. Once we complete extending the
path in one direction, we repeat the same extension process to the
other direction.
When the entire path is selected, we calculate the fitness value of
the path. Briefly, the fitness value of a path is a generalization of the
fitness value of an edge over multiple vertices (≥ 2). We calculate
the expected and observed number of identities over the expected
and observed alignment length on the path using equations similar
to that of the fitness of an edge. We skip the detailed formula as it
is trivial to derive it from the fitness of the edges.
We select a path from each graph using the algorithm described
above. Among those paths, we then select the one with the highest
fitness value. We mask the aligned portion on the fragments of this
path as repeat.

• Internal edge, non-overlapping repeats and fragments: When
the edge belongs to internal category, the formulation is different, as we have the relative distance between the two fragments available. αe (eij ) is given by ρ × min{(rs(vj ) −
re(vi ), f s(vj ) − f e(vi )} + ρ × {lur(vi )} + ρ × {rur(vj )}.
The first term denotes the expected number of identities on
the non-aligned region between the two vertices. The second term is the expected number of identities for the prefix
of the repeat prior to its aligned region in vi . The last term is
the expected number of identities for the suffix of the repeat
after its aligned region in vj . The expected length of alignment is given by βe (eij ) = max{(rs(vj )−re(vi ), f s(vj )−
f e(vi )} + lur(vi ) + rur(vj ). The first, second and last term
correspond to the expected alignment lengths between, before and after the aligned regions.
• Internal edge, non-overlapping repeats, overlapping fragments: In this condition, the fragments overlap. We subtract the overlapped identities on the fragment side from the
expected number of identities, to amend to effect of the overlap. Thus, αe (eij ) is ρ × {lur(vi )} + ρ × {rur(vj )} − ζ ×
{f e(vi ) − f s(vj )}. The first term is the expected number of
identities for the prefix of the repeat prior to its aligned region in vi . The second term is the expected number of identities for the suffix of the repeat after its aligned region in vj .
{f e(vi ) − f s(vj )} is the overlapped region on the fragment.
ζ is the identity frequency of the overlapped region, calcua(v )+a(v )
lated as b(vii )+b(vjj) . So, the last term denotes the number
of identities in the overlapped region on the fragment which
we subtract from the first two terms. The expected length
of alignment is given by βe (eij ) = {rs(vj ) − re(vi )} +
lur(vi ) + rur(vj ). The first term represents the expected

3.4

Updating the graphs

Recall that a fragment can appear in multiple vertices as it can
have high similarity with more than one repeats. It can even have
alternative alignments with the same repeat. As a result of this, a
fragment can be a part of many paths in multiple graphs. Once we
pick the best path, we cannot use the fragments on that path to find
another path as those fragments are already masked. In this section,
we discuss how we update the graphs that we built to avoid such
conflicts (Steps 3(c) to 3(g)). In addition to avoiding the conflicts,
our update strategy enables us to find repeats that are split due to
nested transposons.
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Experiment setup.
We implemented RepFrag in Java. There are a significant number
of repeat finding softwares available. Among them, RepeatMasker
is the gold standard to find repeats because of its accuracy [14]. In
this paper, we compared our method to RepeatMasker. We obtained
RepeatMasker from http://www.repeatmasker.org/. We
also compared our method to Crossmatch. However, due to poor
accuracy of Crossmatch we do not report its results.
We ran all our experiments on a Quad-Core AMD Opteron. We
allocated 5-10 GB of RAM for every experiment depending on the
size of the fragment file.
We compare the accuracy and the running time of our method
to those of RepeatMasker. We measure the accuracy as the number and percentage of true positives and false positives. We say
that a nucleotide we identify as repeat is true positive is it is annotated as repeat in the literature. Otherwise, we call it false positive. We use the annotations of A.Thaliana from http://www.
arabidopsis.org/ as the gold standard for this purpose. We
also calculated the ratio of true positive to false positive as it shows
the trade off between the two metrics. Finally, we measured the
running time for both the methods. We report the running time in
minutes.

Figure 7: The figure illustrates how we mask the aligned region in a path and create a new fragment, if possible, from the
unaligned regions of the terminal fragments. (a) A path consists of three vertices. (b) The shaded regions show the parts
of the fragments we mask. Note, that there are some non-zero
unaligned bases on the right side of first and second fragments.
For continuity, we also mask them. Thus, we mask part of the
first and last vertex and entire region of the intermediate fragments. (c) We select the left unaligned part of the first fragment
and the right unaligned part of the last fragment to cerate a new
fragment. The length of at least one of them has to be non-zero
to create the new fragment. (d) The new fragment, that we now
align with the repeat library.

Description of datasets.
We downloaded 5 complete genome sequence files of A.Thaliana
from ftp://ftp.arabidopsis.org for the locations of the
repeats on these chromosomes are already annotated. In order to
evaluate the performance of RepFrag for fragmented datasets with
different characteristics, we created several datasets. To explain
these datasets we first describe the variables that govern these datasets.
Let us denote the length of chromosome gi (gi is the ith chromosome of A.Thaliana, 1 ≤ i ≤ 5) with l(gi ). The length of the
fragments in each dataset is normally distributed with mean µ and
standard deviation σ (i.e., N (µ, σ)). We describe the values of
these two variables later in this section. Assume that the total coverage of the fragments in a dataset is C. We first draw a random
number s from the uniform distribution U(1, l(gi ) − µ). This number represents the starting location of a new fragment. To determine the length of that fragment, we pick a random number from
the normal distribution l(f ) ∼ N (µ, σ). We select the ending point
of the fragment as min(s + l(f ), l(gi )). We continue this process
of creating new fragments from the original chromosome until the
total length of all the generated fragments equals or barely exceeds
C × l(gi ). We say that this dataset has C-fold coverage.
We created datasets with six different configurations of parameters µ, σ and C from each of the five chromosomes of A.Thaliana.
So totally we have 30 datasets. The value of these parameters for
these datasets are as follows.

Let ω(f (vi )) denote the set of vertices, created from f (vi ). That
is ∀vj ∈ ω(f (vi )), f (vi ) = f (vj ). Also, let ϕ(f (vi )) = {ejk }
denote the set of edges such that at least one vertex at the two
ends of those edges contain f (vi ). Mathematically, either f (vi ) =
f (vj ) or f (vi ) = f (vk ). Let P = {v1 , v2 , · · · , vN } be the best
path selected at the current iteration. ∀f (vk ) such that vk ∈ P, we
remove ω(fk ) and ϕ(fk ) from all the graphs. In other words, we
remove all the vertices and edges for all the fragments related to the
selected path.
After we remove the vertices and edges as discussed, we stitch
luf (v1 ) and ruf (vN ) and create a new fragment v1N . If there is
more than two fragments in the path, we completely mask all the
non-terminal fragments to potentially mask a continuous repeat region. However, we do not mask the unaligned left region on the
first fragment and the unaligned right region on the last fragment
as, according to our constraints, they are not part of the current
repeat. We use them to create a new fragment. Figure 7 illustrates
the stitching process for a hypothetical path with three external vertices. We align v1N with the repeat library. We create new vertices,
provided there are some valid alignments. We insert the new vertices into the existing set of vertices. If there are vertices with more
that one repeat, we add them to appropriate graphs.
For a graph Gr , we denote the set of existing and new vertices by
Vre and Vrn respectively. We create possible edges {eij } within
Vrn itself, vi , vj ∈ Vrn . We also, create the set of edges {eij }
between Vre and Vrn , such that vi ∈ Vre , vj ∈ Vrn or vi ∈
Vrn , vj ∈ Vre .
After we create the new edges, we iterate over the steps as we
describe in Section 3.3 and Section 3.4 and find the next best path.
We continue the iteration as long as there is a path with significant
cutoff value.

4.

• µ = 600, σ = 75, C = 2
• µ = 600, σ = 75, C = 4
• µ = 600, σ = 75, C = 6
• µ = 600, σ = 75, C = 8
• µ = 400, σ = 100, C = 6
• µ = 750, σ = 75, C = 2
It is worth noting that the values of µ and σ in these configurations
are taken from the actual sequencing machines [1, 22]. Also, the
coverage values are compatible with real datasets.
We obtain the repeat library from http://www.girinst.
org. RepeatMasker also uses the same repeat library.

EXPERIMENTS

In this section, we evaluate the performance of RepFrag on real
datasets.
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M = 750, S = 150, C = 6

characteristics we tested, RepFrag is 4.6 to 12.5 times faster. The
gap between the speeds of the two methods increases as the coverage decreases. This is probably because as the coverage drops,
the density of the graphs in our method drops as well. As a result,
the time required for searching a path with a high fitness value and
updating the graph reduces greatly. On the other hand, the running time of RepeatMasker is linear in the size of the database of
fragments. So its running time drops only linearly with coverage.
We also observed that the gap between the running times of the
two methods grows as the mean fragment length increases. This
is because as the length of the fragments grow (keeping the coverage fixed), the number of fragments drop. As a result, the number
of vertices in our graphs reduce. This reduces the time to search
and update our graphs. The net result of reduced running time for
RepFrag can be seen in Tables 5, 3 and 6. On the average over all
of our 30 datasets, RepFrag is 7.3 times faster than RepeatMasker.
If we concentrate on the individual chromosome level across the
setup, we observe some interesting patterns. For example, Chromosome 4 always have the highest percentage of true positive and
highest TP/FP ratio for both the methods. We can conclude that,
repeats in this chromosome are least divergent compared to that of
the others. On the contrary, the 5th chromosome, has always the
lowest true positive and TP/FP ratio. This implies, that the repeats
and transposons in this chromosome have diverged from the library
specified repeats to a high extent.
We highlight the comparison of the two methods in Figure 8.
Figure 8(a) shows that our method is consistently faster than RepeatMasker. On the average RepFrag is 7.3 times faster than RepeatMasker. We also observe that when we increase C or decrease
µ, both the methods requires more time. According to our estimation, the time requirement of our method varies linearly with
the number of edges in all the graphs. Figure 8(b) compares the
two methods for their true positive-false positive (TP/FP) ratio. We
observe that our method attains a higher value of that ratio for all
the configurations. On the average it is 35% better that the other
method.
The consistency of results across all datasets testifies the stability
of our method with different size of the fragments and the coverage.

M = 400, S = 100, C = 6
M = 600, S = 75, C = 8
M = 600, S = 75, C = 6
M = 600, S = 75, C = 4
M = 600, S = 75, C = 2

RepFrag
RepeatMasker

0

500

1000
1500
2000
Execution time (minutes)

2500

3000

(a) Comparison in execution time
RepFrag
RepeatMasker
M = 750, S = 150, C = 6
M = 400, S = 100, C = 6
M = 600, S = 75, C = 8
M = 600, S = 75, C = 6
M = 600, S = 75, C = 4
M = 600, S = 75, C = 2
0

1
2
3
4
True positive/False positive ratio
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(b) Comparison in TP/FP
Figure 8: The two figures highlight the comparison of our
method and RepeatMasker. (a) In six different configurations
our method outperforms RepeatMasker in terms of speed. On
the average it is 7.3 times faster than the other method. (b) In
the same six configurations our method consistently has higher
true positive/false positive ratio than that of RepeatMasker. On
the average it is 35% better that the other method.

Results.
In this section we present the running times and accuracies of RepFrag
and RepeatMasker on all datasets. Tables 1- 6 present the results.
In terms of accuracy, we observe that on average RepFrag and
RepeatMasker can identify 47.17% and 54.16% of the true positives over all the datasets. The first question that arises from this result is why both of these methods miss nearly half of the annotated
repeats. In order to answer this question, we carried out another
experiment as follows. We extracted the annotated repeats that are
not found by these methods and compared them to the repeat library
using Blast. There were no significant alignments between the two
sets. This suggests that the repeat library is not complete and thus,
the results can further improve if missing repeats are included in
the library.
The true positive percentage of RepeatMasker is around 7% higher
than that of RepFrag. However, as Tables 1- 6 demonstrate, RepeatMasker achieves this at the expense of increased false positives. On
average the false positive rates of RepFrag and RepeatMasker are
15.12% and 22.15% respectively. A standard way to evaluate the
accuracy in this case is to consider the ratio of true positives to false
positive. On the average, true positive to false positive ratio is 4.01
for our method, while it is 2.96 for RepeatMasker. This indicates
that our method can identify one more true positive than RepeatMasker (i.e., 4.01 - 2.96) for each false positive. We conclude that
our method is (4.01/2.96) = 1.35 times, i.e. 35%, more accurate
than RepeatMasker.
Our results also demonstrate that that our method is significantly
faster than RepeatMasker on all the datasets. For different database

5.

CONCLUSION

In this paper, we considered the problem of identifying repeats
from fragments generated from sequencing machines. We developed a graph based method, named RepFrag, which solves this
problem efficiently even in the presence of nested transposons. Given
a database of short fragments from a genome and a library of possible repeats, RepFrag uses Blast to compare the fragments to repeats. It creates a graph for each repeat based to these alignments.
It searches for the path with best fitness value in the graph, which
corresponds to a potential complete repeat sequence. It then masks
the aligned regions of fragments on the path and creates a new fragment from the unaligned leftovers. It aligns the new fragment with
the repeat library and updates the graph using the alignments. It
continues this iterative process of path selection and modification
of graph till there are no more promising paths.
We compared RepFrag to RepeatMasker, which became a gold
standard among the existing methods due to its accuracy. We have
compared the two methods on the fragment 30 datasets with different characteristics from five chromosomes of A.Thaliana. On
average RepFrag had a 35% better true positive-false positive ratio. RepFrag was 7.3 times faster than RepeatMasker on the average. Thus, our method improved significantly over RepeatMasker
in terms of speed and true positive- false positive ratio.
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Table 1: Comparison of RepFrag with RepeatMasker. µ = 600, σ = 75, C = 2.
True
RepFrag
RepeatMasker
Chr repeats % of TP + FN
Running % of TP + FN
Running
TP/FP
TP/FP
×106
TP
FP
time (m)
TP
FP
time (m)
Chr1
10.5 43.72
15.6
2.80
59 51.34 24.35
2.10
752
Chr2
9.8 46.72 15.51
3.01
42
53 22.64
2.34
478
Chr3
10.1 42.98 17.12
2.51
42 48.79 24.47
1.99
577
Chr4
8.2
60.7
6.45
9.41
40 70.44 10.72
6.57
455
Chr5
10.3 40.85 20.58
1.98
53 47.48 28.89
1.64
666
Avg
9.8
47 15.05
3.94
47 54.21 22.21
2.92
585
Table 2: Comparison of RepFrag with RepeatMasker. µ = 600, σ = 75, C = 4.
True
RepFrag
RepeatMasker
Chr repeats % of TP + FN
Running % of TP + FN
Running
TP/FP
TP/FP
×106
TP
FP
time (m)
TP
FP
time (m)
Chr1
20.9 44.13 15.78
2.79
138 51.46
24.4
2.10
1593
Chr2
19.6 46.93 15.91
2.94
109 52.98 22.82
2.32
1006
Chr3
20.4 43.19 17.31
2.49
105 48.72 24.35
2.00
1366
Chr4
16.5 61.31
6.27
9.77
96 70.44 10.32
6.82
1067
Chr5
20.6 41.72 20.93
1.99
126
48
29
1.65
1414
Avg
19.6 47.45 15.24
3.99
115 54.32 22.17
2.97
1289
Table 3: Comparison of RepFrag with RepeatMasker. µ = 600, σ = 75, C = 6.
True
RepFrag
RepeatMasker
Chr repeats % of TP + FN
Running % of TP + FN
Running
TP/FP
TP/FP
×106
TP
FP
time (m)
TP
FP
time (m)
Chr1
31.3 44.15 15.71
2.81
312 51.32 24.29
2.11
2365
Chr2
29.4 47.06 16.04
2.93
247 52.86 22.86
2.31
1491
Chr3
30.7 43.33 17.41
2.48
351 48.66 24.38
1.99
1814
Chr4
24.8 61.43
6.25
9.82
162 70.43 10.29
6.84
1441
Chr5
30.9 41.91 21.33
1.96
389 47.93 29.23
1.63
2136
Avg
29.4 47.57 15.34
4
292 54.24 22.21
2.97
1849
Table 4: Comparison of RepFrag with RepeatMasker. µ = 600, σ = 75, C = 8.
True
RepFrag
RepeatMasker
Chr repeats % of TP + FN
Running % of TP + FN
Running
TP/FP
TP/FP
×106
TP
FP
time (m)
TP
FP
time (m)
Chr1
41.7 44.26 16.01
2.76
491 51.28 24.52
2.09
3258
Chr2
39.2 47.13 16.16
2.91
433 52.85 22.97
2.30
2025
Chr3
41.0 43.35 17.48
2.48
414 48.52 24.45
1.98
2466
Chr4
33.1 61.61
6.23
9.88
331 70.44 10.21
6.89
1923
Chr5
41.3 42.15 21.29
1.97
444 48.06 29.08
1.65
2866
Avg
39.2 47.70 15.43
4
422 54.23 22.24
2.98
2507
Table 5: Comparison of RepFrag with RepeatMasker. µ = 400, σ = 100, C = 6.
True
RepFrag
RepeatMasker
Chr repeats % of TP + FN
Running % of TP + FN
Running
TP/FP
TP/FP
×106
TP
FP
time (m)
TP
FP
time (m)
Chr1
31.2 42.43 14.96
2.83
367 50.51 23.93
2.11
1926
Chr2
29.4 45.61 15.29
2.98
314 52.03 22.53
2.30
1209
Chr3
30.8 41.78 16.56
2.52
316
47.6 23.84
1.99
1458
Chr4
24.8 59.58
5.76
10.34
253 69.42
9.95
6.97
1120
Chr5
30.9 40.58 20.24
2.00
341 47.38 28.59
1.65
1683
Avg
29.4 45.99 14.56
4.13
318 53.38 21.76
3
1479
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Table 6: Comparison of RepFrag with RepeatMasker. µ = 750, σ = 150, C = 6.
True
RepFrag
RepeatMasker
Chr repeats % of TP + FN
Running % of TP + FN
Running
TP/FP
TP/FP
×106
TP
FP
time (m)
TP
FP
time (m)
Chr1
31.3 43.92 15.53
2.82
216 51.62 24.42
2.11
2871
Chr2
29.5 46.87 15.74
2.97
194 53.35 22.94
2.32
1838
Chr3
30.7 43.13
17.2
2.50
176 49.01 24.64
1.98
2227
Chr4
24.7 60.93
6.26
9.73
143 70.76 10.43
6.78
1724
Chr5
31.0
41.7 21.01
1.98
196 48.32 29.41
1.64
2535
Avg
29.4 47.31 15.14
4
185 54.61 22.36
2.96
2239

6.
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