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Abstract—RNA-seq reads are sampled from the underlying hu-
man transcriptome sequence, consisting of hundreds of thousands
of mRNA transcripts. De novo transcriptome reconstruction from
RNA-seq reads is a promising approach but facing algorithmic
and computational challenges derived from nonlinear transcript
structures and ultra high-throughput read counts. To tackle this
issue, we designed a divide-and-conquer strategy to perform
reads localization followed by a novel algorithm to assemble reads
de novo. Using simulation studies, we have demonstrated a high
accuracy in transcriptome structures reconstruction.

Index Terms—RNA-seq; transcriptome; de novo assembly;
read mapping;

I. INTRODUCTION

Human transcriptomes are highly diverse, overlapping, com-
plex, and dynamic. Alternative splicing and structural vari-
ations play important roles in enhancing the range of tran-
scriptome complexity ( [1]–[5]). For example, it is reported
that over 90% of human genes are alternatively spliced, and
up to 5% of structural variations, such as insertions, dele-
tions and translocations, are present within exons. Moreover,
all these events are tissue-speci�c that lead to diversity of
human transcriptomes. Tissue-speci�c gene modeling aimed
at deciphering the structures of all expressed transcripts is
central to transcriptomics research. The ever-declining cost
and increasing depth of RNA-seq provide new opportunities
for tissue-speci�c gene modeling while creating high demand
for informatics tools to automate the analysis. Particularly,
mapping and assembly of RNA-seq short reads are quite
challenging due to the two-level complexity introduced by
mRNA splicing and structural variations.

The �rst level complexity is introduced by splicing and
alternative splicing of the annotated exons, including Un-
translated Regions (UTR’s) ( [1], [5]). It created enormous
challenges for mapping reads from exon junctions, termed
junction reads, to the reference genome. In response to this
challenge, much research has been done to map the junction
reads, such as Mapsplice ( [6]), SpliceMap ( [7]), TopHat
( [8]) and HMMSplicer ( [9]). These approaches have been
proven useful in that they have discovered novel splicing
events between known exons. However, it is still challenging
to infer the entire set of transcripts due to the nonlinear
relationship between the number of exons and the number
of possible isoforms. Assumptions such as single alternative

splicing event for each transcript must be made. Thus the
discoverable splicing mechanisms are mostly limited to a
single exon skipping or mutually exclusive exon event (e.g.
[10], [11]). Additional limitations for these approaches include
their exon-level resolution. Hence, these tools fail to infer
transcripts with structural variations such as truncated or fused
exons.

The second level complexity is a more general problem
that is introduced by ubiquitous structural variations, such as
deletions, insertions, and translocations, in human genomes
and transcriptomes ( [2]–[4]). It created enormous challenges
for both mapping and assembling reads from altered genomic
regions. Human genome structural variations have been linked
to diverse human diseases and other physiological processes
such as aging. Structural variations in a transcriptome in-
timately correlate with those in the genome, thus can be
discovered with related computational approaches. Larger-
sized structural variations in a genome can be discovered
probabilistically using paired-end reads ( [12]–[14]). However,
detection of medium to small sized structural variations in both
genome and transcriptome remains a challenging problem (
[3]).

An intuitive way to tissue-speci�c gene modeling is to de
novo assemble transcriptome. Due to the highly diverse and
nonlinear transcriptome structure, straightforward application
of genome assembling approaches is often unsatisfactory.
Recent global transcriptome assembly based approach, Trans-
Abyss ( [15], [16]), �lters and merges the contigs assembled
using the Abyss genome assembler ( [17]), to form a much
smaller set of non-redundant contigs. It is followed by map-
ping the processed contigs to known transcripts. Another local
transcriptome assembly based approach, Cuf�inks ( [18]), �rst
maps the reads, and then de novo assembles a minimum set
of compatible transcripts from the cDNA fragments identi�ed
by paired-end reads. Both approaches attempt to de novo
reconstruct mRNA transcripts at the base-pair resolution and
thus improve over the exon-based approaches. However, the
former is limited by parsimonious assumptions and heavy
computational burden; the latter does not map and assemble
reads with structural variations. Moreover, their assembly
accuracy has not been systematically evaluated by simulation
studies.

Here we design a novel divide-and-conquer strategy and
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develop a new de novo assembly algorithm to tackle both
levels of complexity in the transcriptome reconstruction. We
carry out simulation studies to show that our algorithm is able
to accurately reconstruct in vivo transcript sequences at the
base-pair resolution with minimum assumptions. In particular,
our algorithm reconstructs transcript sequences directly from
short reads and exhaustively �nds the sequences of all ex-
pressed mRNA transcripts. The only required user input is a
raw read sequence �le in standard fastq or fasta format and it
will export sequences of each expressed mRNA transcript and
report tissue-speci�c splicing and structural variations events.

II. SHORT READS LOCALIZATION

De novo transcriptome assembly represents a computation-
ally daunting task brought by tens of millions of short reads.
Moreover, the non-linear structures of the splicing transcripts
compromise the performance of genome assemblers which
were designed to assemble longer linear genome sequences.
The existing global and local transcriptome assemblers such
as Trans-Abyss ( [15], [16]) and Cuf�inks ( [18]) are among
the �rst efforts to reconstruct transcriptomes. However, their
performance has not been systematically evaluated using sim-
ulation studies. An innovation of our approach is �rst to
localize reads, with or without structural variations, to each
annotated gene or un-annotated transcriptional unit. After
this localization, we de novo reconstruct transcript structures
within each annotated gene or un-annotated transcriptional
unit. We localize reads as follows:

Step 1: Initial alignment of all the reads. We �rst align
the entire set of reads, single-end or paired-end, uniquely to
the reference genome using Bowtie ( [19]). For single-end
reads, we initially align most of the human exonic reads, e.g.
60%−70%, to the reference genome (left panel of Figure 1).
For paired-end reads, we localize the reads if at least one read
of the pair is aligned to the reference genome, including reads
with structural variations (right panel of Figure 1).

Step 2: Follow-up localization of split reads. For the re-
maining reads from step 1, if they are single-end, we equally
split each read into three partitions and localize the split reads
to annotated genes or un-annotated transcriptional units using
anchors (left panel of Figure 1). Anchors refer to any partition
read(s) that are aligned to the reference genome. For paired-
end reads, we equally split each read into two partitions, four
partitions for a read pair, and localized them using anchors
(right panel of Figure 1).

Fig. 1. Short Reads Localization. Reads in the gray-shaded regions
correspond to un-localized ones and those in the clear regions are localized
ones. Left panel: single-end reads. Right panel: paired-end reads.

III. De Novo TRANSCRIPTOME ASSEMBLY

We propose an ef�cient algorithm to de novo reconstruct
transcript sequences at the base-pair resolution within each
annotated gene or un-annotated transcriptional unit. The cen-
tral idea of our algorithm is to utilize overlaps between a
pair of reads. The algorithm proceeds into two consecutive
stages. In the Seeding and Growing Stage, we �rst grow
a full-length backbone transcript sequence starting from an
arbitrarily selected “seed” short read (see Figure 2), and
then label all the reads covered by the backbone (e.g. S1 in
Figure 2) as “discovered”. For those undiscovered reads, the
algorithm grows a sequence from another “seed” as long as
possible, and then label all the reads covered by that sequence
(S2 or S3 in Figure 2) as “discovered”. This procedure
repeats until no reads remain undiscovered. In the Patching and
Cutting Stage, every sequence (e.g. S′ in Figure 3) passing a
minimum overlap cutoff is patched to its overlapping sequence
(e.g. S in Figure 3) to form the whole set of transcripts.
After the sequences have been patched to each other, they
are cut into small segments, redundant segments are removed
and remaining ones are organized into an isoform graph to
reconstruct isoform structures and their corresponding contigs
(see Figure 3).

A. The Seeding and Growing Stage

1) De�nitions:

De�nition 1 (Short read). A short read R is a sequence of l
letters, (r1r2...rl), where ri ∈ {A, T,C,G} for 1 ≤ i ≤ l. For
the convenience of algorithm description, denote any sequence
of letters taken from {A, T,C,G} in the same manner. Also
denote an empty sequence as ().

De�nition 2 (Overlap). Short read P = (p1p2...pl) overlaps
with Q = (q1q2...ql) if (pl−lo+1pl−lo+2...pl) = (q1q2...qlo)
for lo ≥ k, where lo is the length of overlapped letters and
k is the minimum overlap cutoff. Denote the overlap length
as overlap(P,Q) = lo. Also denote overlap(Q,P ) = −lo.
If short reads P and Q do not overlap with each other,
let overlap(P,Q) = overlap(Q,P ) = 0. Without loss of
generality, we de�ne the overlap between any two sequences
in the same manner.

De�nition 3 (Extension). Given short read P and a set of
short reads T = {T1, T2, ..., Tt}, short read Tr ∈ T is called a
right extension of P if k ≤ overlap(P, Tr) ≤ overlap(P, Ti)
for every overlap(P, Ti) ≥ k and 1 ≤ i ≤ t. Similarly, Tl ∈
T is called a left extension of P if k ≤ overlap(Tl, P ) ≤
overlap(Ti, P ) for every overlap(Ti, P ) ≥ k and 1 ≤ i ≤ t.
Denote the right extension as Tr = extr(P, T ) and the left
extension as Tl = extl(P, T ). If P is not extendable toward
left or right, denote it as extl(P, T ) = () or extr(P, T ) = ().

De�nition 4 (Merger). Two short reads can be merged to make
a longer sequence if they overlap with each other. Given short
reads P = (p1p2...pl), Q = (q1q2...ql) and overlap(P,Q) =
lo, the merged sequence is M = (p1p2...pl−loq1q2...ql).
Denote it as M = merge(P,Q). Without loss of generality,
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we de�ne the merger between any two sequences in the same
manner.

De�nition 5 (Cover and Subsequence). Given two sequences
S = (s1s2...sl) and S′ = (s′1s

′
2...s

′
l′), S

′ is covered by S if
l ≥ l′ and (si+1si+2...si+l′ ) = (s′1s

′
2...s

′
l′) for some 1 ≤ i ≤

l. Denote it as cover(S′, S) = True. We also say that S′ is
a subsequence of S and denote it as S′ = sub(S, i, l′).

2) A seeding and growing algorithm: Given a set of short
reads, the following algorithm uses the �rst read in the set
as a seed and extends it toward left and right, respectively,
until no extension reads can be found. A merged sequence is
generated and all its covered short reads are removed from the
input set while the seed grows. If there are uncovered short
reads after the �rst round of growth, another seed (the �rst read
in the set) is used to grow a second sequence. This process
repeats until all the reads are covered by some sequence and
the input set becomes empty. See Figure 2 for an illustration
of this algorithm.
Algorithm Seeding and Growing

Input: A set of short reads T = {T1, T2, ..., Tt} and the
minimum overlap length k

Output: A set of sequences S
S ← ∅ /* Initialize S */
while T �= ∅ do
P ← T1 /* Set P as the �rst short read in T */
SP ← P /* Initialize SP as the sequence of P */
repeat
Tl ← extl(P, T )
SP ← merge(Tl, SP )
for each Ti ∈ T and Ti �= P do

if cover(Ti,merge(Tl, P )) = True then
T ← T − {Ti} /* Remove Ti from T */

end if
end for
P ← Tl /* Set P as its left extension */

until extl(P, T ) = ()
P ← T1 /* Set P as the �rst short read in T */
repeat
Tr ← extr(P, T )
SP ← merge(SP , Tr)
for each Ti ∈ T do

if cover(Ti,merge(P, Tr)) = True then
T ← T − {Ti} /* Remove Ti from T */

end if
end for
P ← Tr /* Set P as its right extension */

until extr(P, T ) = ()
S ← S ∪ {SP } /* Add sequence SP to set S */

end while

B. The Patching and Cutting Stage

1) De�nitions:

De�nition 6 (Patch). Given two sequences S = (s1s2...sl)
and S′ = (s′1s

′
2...s

′
l′), S

′ is called a left patch of S if we can

Sequence S1 

The overlaps between 
S1 and the tail of S3 

Sequence S3 Sequence S2 

The overlaps between 
S1 and the head of S2 

 : A short read 
 : A seed read 
 : An extension path 
 : A merged sequence 

Fig. 2. The Seeding and Growing Stage

�nd an i and a p ≥ k which make sub(S′, 1, p) = sub(S, i, p).
Denote it as patchl(S

′, S) = (i, p). Similarly, S′ is called a
right patch of S if we can �nd an i and a p ≥ k which
make sub(S′, l′ − p + 1, p) = sub(S, i, p). Denote it as
patchr(S

′, S) = (i, p).

See Figure 3 for an illustration of the patching operation.

De�nition 7 (Cut). Given two sequences S = (s1s2...sl) and
S′ = (s′1s

′
2...s

′
l′), if patchl(S

′, S) = (i, p), a left cut between
S and S′ splits them into four subsequences (s1s2...si−1),
(sisi+1...si+p−1), (si+psi+p+1...sl) and (s′p+1s

′
p+2...s

′
l′). De-

note this as cutl(S
′, S, i, p) = (S1, S2, S3, S4). Simi-

larly, if patchr(S
′, S) = (i, p), a right cut between S

and S′ splits them into four subsequences (s1s2...si−1),
(sisi+1...si+p−1), (si+psi+p+1...sl) and (s′1s

′
2...s

′
l′−p). De-

note this as cutr(S
′, S, i, p) = (S1, S2, S3S4).

See Figure 3 for an illustration of the cutting operation.

De�nition 8 (Joint). Given two sequences
S = (s1s2...sl) and S′ = (s′1s

′
2...s

′
l′). A joint

sequence between them is (s1s2...sls
′
1s

′
2...s

′
l′). Denote

it as joint(S, S′). Also de�ne the joint between n
sequences, S1, S2, ..., Sn, as joint(S1, S2, ..., Sn) =
joint(S1, joint(S2, joint(S3, ..., joint(Sn−1, Sn)))).

De�nition 9 (Isoform graph, isoform structure and contig).
An isoform graph G = (V,E) is a directed graph where each
vertex is a sequence of letters from {A, T,C,G} and each
edge from vertex Vi to vertex Vj indicates that there exists a
short read R which is a subsequence of the joint sequence
of Vi and Vj i.e. cover(R, joint(Vi, Vj)) = True. Given an
isoform graph G = (V,E), an isoform structure is a linear
path in G starting at a vertex with no incoming edges and
ending at a vertex with no outgoing edges. Representing an
isoform structure with n vertices as V1 → V2 → ... → Vn, the
corresponding contig is joint(V1, V2, ..., Vn).

2) A patching and cutting algorithm: Given a set of se-
quences outputted by the seeding and growing algorithm,
the following algorithm dynamically constructs an isoform
graph. Initially, vertices in the graph are set as sequences
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Fig. 3. The Patching and Cutting Stage

from the input and the connection relationship (connected or
not connected) between them is “unknown”. For every pair
of vertices, the algorithm checks their connection relationship
�ag. If it is “unknown”, the two vertices are tested for
patching. If they can patch to each other, then their sequences
are cut into segments, the vertices are split, directed edges are
added, and the relationship �ags between all involved vertices
are updated accordingly. Sometimes this patching and cutting
process may cause unnecessary cuts i.e. it may generate in the
graph some pairs of vertices connected only by one edge. If
this happens, the two vertices are merged into one. After the
isoform graph has been constructed, every linear path starting
from a vertex with no incoming edges and ending at a vertex
with no outgoing edges is put into an isoform structures set,
and the joint sequence based on that path is put into a contigs
set.
Algorithm Patching and Cutting

Input: A set of sequences S and the minimum overlap length
k

Output: An isoform graph G = (V,E), a set of isoform
structures I , and a set of contigs C

V ← S /* Initialize V , a set of vertices in the graph */
E ← ∅ /* Initialize E, a set of edges in the graph */
for each pair Vi, Vj ∈ V do
F (Vi, Vj), F (Vj , Vi) ← “unknown” /* Initialize F , the
relationship �ags between vertices */

end for
for each pair Vi, Vj ∈ V and F (Vi, Vj) = “unknown” do

if patchl(Vj , Vi) = (v, p) then
Update Graph(G,F, Vi, Vj , v, p, “left”)

else if patchr(Vj , Vi) = (v, p) then
Update Graph(G,F, Vi, Vj , v, p, “right”)

end if
end for
G ← Merge V ertices(G)
I ← Get Isoform Structures(G)
C ← ∅ /* Initialize C, a set of contigs */
for each isoform structure Ii = V1 → V2 → ... → Vn ∈ I
do
C = C ∪ {joint(V1, V2, ..., Vn)}

end for

Procedure Update Graph(G,F, Vi, Vj , v, p, dir)

Input: Isoform graph G = (V,E), �ags variable F , vertices
Vi and Vj , cutting location variables v and p, and direction
variable dir

Output: Updated graph G
if dir = “left” then

(V1, V2, V3, V4) ← cutl(Vj , Vi, v, p)
else
(V1, V2, V3, V4) ← cutr(Vj , Vi, v, p)

end if
V ← (V −{Vi, Vj})∪{V1, V2, V3, V4} /* Remove two and
add four vertices */
for each edge Vm → Vn ∈ E do

if Vn = Vi then
replace Vn with V1

end if
if Vm = Vi then

replace Vm with V3

end if
if Vn = Vj then

if dir = “left” then
replace Vn with V2

else
replace Vn with V4

end if
end if
if Vm = Vj then

if dir = “left” then
replace Vm with V4

else
replace Vm with V2

end if
end if

end for
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if dir = “left” then
E ← E ∪ {V1 → V2, V2 → V3, V2 → V4} /* Add three
edges */

else
E ← E ∪ {V1 → V2, V2 → V3, V4 → V2} /* Add three
edges */

end if
Update F lags(F, Vi, Vj , V1, V2, V3, V4)

See Figure 3 for an illustration of the graph updating proce-
dure.
Procedure Update Flags(F, Vi, Vj , V1, V2, V3, V4)

Input: Flags variable F and vertices Vi, Vj , V1, V2, V3, V4

Output: Updated �ags variable F
delete �ags F (Vi, Vi) and F (Vj , Vj)
for each relationship �ag F (Vm, Vn) ∈ F do

if Vm = Vi then
F (V1, Vn), F (V2, Vn), F (V3, Vn) ← F (Vm, Vn)
F (Vn, V1), F (Vn, V2), F (Vn, V3) ← F (Vm, Vn)
delete �ags F (Vm, Vn) and F (Vn, Vm)

end if
if Vm = Vj then
F (V2, Vn), F (V4, Vn) ← F (Vm, Vn)
F (Vn, V2), F (Vn, V4) ← F (Vm, Vn)
delete �ags F (Vm, Vn) and F (Vn, Vm)

end if
end for
for 1 ≤ m,n ≤ 4 do
F (Vm, Vn) ← “known”

end for
F (V3, V4), F (V4, V3) ← “unknown”

Procedure Merge Vertices(G)

Input: An isoform graph G
Output: Graph G with merged vertices

for each pair Vi, Vj ∈ V do
if Vi → Vj ∈ E is the only connection between them
then
Vm ← joint(Vi, Vj) /* Merge two vertices */
V ← (V − {Vi, Vj}) ∪ {Vm} /* Remove two vertices
and add the merged vertex */
for each Vn → Vi ∈ E do

Replace Vi with Vm /* Update incoming edges of
Vi */

end for
for each Vj → Vn ∈ E do

Replace Vj with Vm /* Update outgoing edges of Vj

*/
end for

end if
end for

Procedure Get Isoform Structures(G)

Input: An isoform graph G
Output: An isoform structures set I
I ← ∅ /* Initialize I */

for each vertex Vi ∈ V that has no incoming edges do
I ← {Vi}

end for
for each path Ii = Vi1 → Vi2 → ... → Vin ∈ I do

if vertex Vin has outgoing edges then
for each edge Vin → Vim ∈ E do

I ← I ∪ {Vi1 → Vi2 → ... → Vin → Vim}
end for
I ← I − {Ii} /* Remove Ii from I */

end if
end for

C. Error Control

The above algorithms do not take into account the sequenc-
ing errors in short reads. In reality, due to those errors, the
short reads do not always perfectly overlap with each other.
Therefore the algorithms must have error tolerance capability
in order to process real sequencing data. For this purpose, we
slightly modify the following de�nitions:

De�nition 10 (Overlap, updated). Short read P = (p1p2...pl)
overlaps with Q = (q1q2...ql) if (pl−lo+1pl−lo+2...pl) =
(q1q2...qlo) for lo ≥ k with at most e1lo differences (errors)
and no more than e2 contiguous errors, where lo is the length
of overlapped letters, k is the minimum overlap cutoff, e1 is
the maximum error rate in any short read i.e. there are at most
e1l sequencing errors in a short read of length l, and e2 is a
small constant, for instance, 2. Without loss of generality, we
rede�ne the overlap between any two sequences in the same
manner.

De�nition 11 (Cover and Subsequence, updated). Given two
sequences S = (s1s2...sl) and S′ = (s′1s′2...s′l′), S

′ is covered
by S if l ≥ l′ and (si+1si+2...si+l′ ) = (s′1s

′
2...s

′
l′) for some

1 ≤ i ≤ l with at most e1l
′ differences (errors) and no

more than e2 contiguous errors. We also say that S′ is a
subsequence of S.

With these modi�ed de�nitions, the proposed algorithms
can be applied with no change to process data with sequencing
errors. The algorithms need to take two parameters, e1 and e2,
where e1 (about 2% in reality) is estimated by the user and
e2 is a �xed constant such as 2 or 3.

IV. COMPLEXITY ANALYSIS

A. Time Complexity of the Localization Stage

As the localization stage maps whole or split short reads
to the reference genome, given a read mapper of running
time T (g, l), where g is the length of the reference genome
and l is the short read length, the localization stage runs in
O(T (g, l)mn) time, where m is the average number of short
reads in an annotated gene or un-annotated transcriptional
unit, and n is the total number of genes and un-annotated
transcriptional units in a whole transcriptome.

Given s, the average length of a grown sequence, the de
novo transcriptome assembly and isoform structures recon-
struction algorithm runs in O(smn) time as shown below.
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B. Time Complexity of the Seeding and Growing Algorithm

There are three major operations in this algorithm: ext(),
merge(), and cover(). Their complexities all depend on that
of a basic operation: overlap(). Given short read length l,
its complexity is O(l). In each extension, because there are
at most m pairs of short reads to test for overlaps , operation
ext() runs in O(ml) time. The complexity of merge() is O(l)
because the merging locations are already known from the
preceding ext() operation. The complexity of cover() is also
O(l). Because the typical length of a grown sequence is s
and usually an ext() operation extends a growing sequence
by O(l) letters, when seeding and growing a sequence, the
number of times ext() and merge() operations are called is
O( sl ). The number of cover() operations, when its input is
limited to those overlapped short reads discovered by the ext()
operation, is only O( s

l o) where o is the number of overlapped
short reads discovered when extending a read. Therefore, the
total time for growing one sequence is O( s

lml) + O( sl l) +
O( sl ol)=O(sm) as m > o. Also, there are only a small number
of such sequences to grow. Typically this number is O(1).
Thus the total time for growing all the sequences in one gene
or transcriptional unit is O(sm). The total time for growing
all the sequences in n genes or transcriptional units in a whole
transcriptome is O(smn). Typical values of s, m and n are
O(103), O(106) ∼ O(107) and O(104), respectively.

C. Time Complexity of the Patching and Cutting Algorithm

The time complexity of the patching and cutting algorithm is
determined by the number of vertices and the number of edges
in the isoform graph. Because there are only O(1) sequences
generated in the Seeding and Growing Stage, typically the
number of vertices in the �nal graph is O(1) ∼ O(10) and the
number of edges is O(1) ∼ O(102) at most. As these numbers
are much smaller than s, m, and n, the time complexity of
the patching and cutting algorithm is neglectable.

The total time complexity of the algorithms for short reads
localization, transcriptome assembly and isoforms reconstruc-
tion is thus O(T (g, l)mn+ smn). As g is greatly larger than
s, the complexity is mainly determined by the read mapping
algorithm.

V. SIMULATION STUDIES

We simulated RNA-seq experiments using FluxSimulator (
[20], [http://�ux.sammeth.net/simulator.html]), an open source
software package simulating whole transcriptome sequencing
experiments with Illumina Genome Analyzer. The software
works by �rst randomly generating integer copies of each
splicing isoform according to the annotation �le provided
by the user, followed by constructing an ampli�ed, size-
selected library, and sequencing it in silico. The resulting
cDNA fragments are then sampled randomly for simulated
sequencing, where the initial and terminal of each selected
fragment are reported as reads.

The real-world deep sequencing data is often either single-
end longer reads or paired-end shorter reads. Our algorithms

process both types of reads with no differences. When neces-
sary, we obtain the reverse complements of certain short reads
so that all the reads are of the same orientation. We tested the
performance of our algorithms using eight simulated single-
end data sets shown in Table I. The short read length is chosen
at 100. For the human data, we used the human Ensembl
annotation �le version 57 along with the human reference
genome GRCh37/hg19 in the simulations. For the mouse data,
we used the mouse Ensembl annotation �le version 61 and
the mouse reference genome NCBI37/mm9. For the data with
errors, we �rst used SAMStat ( [21]) to pro�le and calculate
the mismatch frequency at each position within the reads from
NCBI Short Read Archive, Accession Number SRA011001.
Then we applied the error model based on the result from
SAMStat to FluxSimulator for generating 100-mer short reads
with errors. The error model is shown in Figure 4. For each
error position, we assigned an equal probability for A, T, C and
G. The simulated RNA-seq datasets are available for download
at [http://sammate.sourceforge.net/].

TABLE I
DATASETS FOR THE SIMULATION STUDIES

Dataset Organism Number of reads (million) Error-free
1 Human 15 Yes
2 Human 30 Yes
3 Human 15 No
4 Human 30 No
5 Mouse 15 Yes
6 Mouse 30 Yes
7 Mouse 15 No
8 Mouse 30 No

Fig. 4. Error Model for the Simulated Datasets

A. Performance of Localization

For the four human data sets, over 92% split reads are
uniquely aligned. The percentage for the mouse data sets is
over 91%. For those 7%−8% of split reads aligned to different
chromosomes or different genes in the same chromosome, we
localize the reads to the locations where most of the split reads
are mapped to. See Figure 5 for a report of the performance
of our localization approach on the simulated data sets.

B. Performance of de novo Assembly

We compared the output of our assembly program with the
ground truth data as well as the output of the Trans-ABySS
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Fig. 5. Performance of Localization.

Fig. 6. Comparison of the statistics of contigs.

assembly program. We set the minimum overlap length of our
program as k = 20. We used the default parameter values for
Trans-ABySS if there were any. For each dataset, the ground
truth is a set of contigs (a contig is a continuous sequence of
bases) directly extracted from the short reads whose locations
are known in a simulation by referring to its annotation �le. We
evaluate the performance of an assembly program according
to the following metrics: total number of contigs, total length
of contigs, average contig length, % fully covered contigs (a
contig is fully covered by another one if it can be completely
aligned to the latter), % covered contigs (a contig is covered
by others if each part of it is fully covered by one of those
contigs), % covered bases (Total length of covered contigs

Total length of contigs ), and
the contigs length distribution. We used SSAHA2 ( [22]),

a sequence alignment by hashing tool, to align two sets of
contigs stored in the fasta format. See Figures 6, 7 and 8
for a visual comparison between the ground truth and the two
assembly algorithms, SPATA and Trans-ABySS (TA).

Fig. 7. Comparison of the coverage of contigs.

As shown in Figure 6, the result of SPATA is more
consistent with the ground truth than the result of TA. The
contig length distribution of SPATA is more consistent with the
ground truth, too (see Figure 8), as TA has a larger variance
in the length ranges of ≤ 600 and ≥ 5000. Besides those,
Table II shows the average percentages of contigs and bases
coverage based on Figure 7.

VI. CONCLUSION

In this paper, we have presented an accurate yet fast
approach for de novo transcriptome assembly at the base-level
resolution using RNA-seq reads. Two original contributions
were claimed: the �rst is read localization that effectively
localizes splicing reads and reads with structural variations to

32



Fig. 8. Comparison of the length distribution of contigs.

TABLE II
AVERAGE PERCENTAGES OF COVERAGE

Coverage Contigs (fully) Contigs Bases

True by TA 15.6% 43.2% 60.9%
True by SPATA 64.3% 94.2% 85.2%

TA by True 91.4% 98.7% 97.1%
SPATA by True 75.9% 98.8% 92.6%

the local regions of the human reference genome. It dramati-
cally reduces the computational burden to a very manageable
level. The second is a new algorithm to de novo assemble
all the expressed mRNA transcript structures at the base-level
resolution within each local region. Our future effort is to make
this approach available to users with a user-friendly interface.
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