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Abstract
Motivation: Full-length transcript reconstruction is very important and quite challenging for the widely 
used RNA-seq data analysis. Currently available RNA-seq assemblers generally suffered from serious 
limitations in practical applications, such as low assembly accuracy and incompatibility with latest 
alignment tools. 

Results: We introduce iPAC, a new genome-guided assembler for reconstruction of isoforms, which 
revolutionizes the usage of paired-end and sequencing depth information via phasing and combing 
paths over a newly designed phasing graph. Tested on both simulated and real datasets, it is to some 
extent superior to all the salient assemblers of the same kind. Especially, iPAC is significantly powerful 
in recovery of lowly expressed transcripts while others are not. 

Availability: iPAC is freely available at http://sourceforge.net/projects/transassembly/files.

Contact: guojunsdu@gmail.com 

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction 
High throughput RNA-seq technology makes it possible to identify and 
quantify all expressed RNAs from a sample, and therefore enhances the 
capability of exploration of complex transcriptomic landscapes. It has 
been widely used to elucidate all splicing events as well as isoforms 

incurred in the process of transcription of eukaryotes (Marguerat and 
Bähler, 2010; Marioni, et al., 2008; Wang, et al., 2009; Wilhelm and 
Landry, 2009). This clearly sheds light on the study of complex diseases 
related to abnormal splicing events or expression levels such as cancers. 
However, genes in eukaryotes would generally produce multiple 
transcripts due to the diversity of alternative splicing events. The different 
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expression levels of the diversified transcripts to be detected enables the 
possibility of recovering them computationally. The diversity of splicing 
events mainly include but are not limited to skipped exons, retained 
introns, mutually exclusive exons, and even some exons partially spliced 
(Black, 2003; Matlin, et al., 2005; Wang, et al., 2008). In addition, an 
RNA-seq run could generate over 200 million short reads (currently, 50-
250bp length) with unknown sequencing errors (Canzar, et al., 2016; 
Metzker, 2009). Therefore, it poses a highly challenging task to 
computationally and accurately recover all the expressed transcripts along 
with their abundances via assembling the huge amount of short RNA-seq 
reads.

  There have been quite a few algorithms publicly available for 
assembling short RNA-seq reads into full-length transcripts. Among them, 
some are genome-guided while the others are de novo (Sharon, et al., 
2013). Generally, if a high quality reference genome is available for model 
species, such as human, traditional genome-guided assemblers such as 
Cufflinks (Trapnell, et al., 2010), StringTie (Pertea, et al., 2015), Scallop 
(Mingfu Shao, 2017), TransComb (Liu, et al., 2016), Class2 (Song, et al., 
2016), Scripture (Guttman, et al., 2010), IsoInfer (Feng, et al., 2011), 
IsoLasso (Li, et al., 2011), iReckon (Mezlini, et al., 2013), CEM (Li and 
Jiang, 2012), Traph (Tomescu, et al., 2013), and Mitie (Behr, et al., 2013) 
usually first map the RNA-seq reads to the reference genome using 
mapping tools such as Hisat (Kim, et al., 2015), Star (Dobin, et al., 2013), 
Tophat (Trapnell, et al., 2009), Tophat2 (Kim, et al., 2013), SpliceMap 
(Au, et al., 2010), or GSNAP (Wu and Nacu, 2010). Based on the mapping 
results, a splicing graph or overlap graph is built for each gene locus, and 
then different computational models were applied to extract transcript-
representing paths via traversing the graph. De novo strategies, which are 
more challenging than genome-guided, directly assemble short RNA 
sequences into full-length transcripts without using a reference genome. 
Such approach is more useful in cases where the reference genome is 
fragmented, uncompleted, or even unavailable. The state-of-the-art de 
novo assemblers such as TransLiG (Liu, et al., 2019), BinPacker (Liu, et 
al., 2016), Bridger (Chang, et al., 2015), Trinity (Grabherr, et al., 2011), 
ABySS (Birol, et al., 2009), SOAPdenovo-Trans (Xie, et al., 2014), and 
IDBA-Tran (Peng, et al., 2013), usually show much lower accuracy than 
the genome-guided ones, which benefit a lot from the use of a high quality 
reference genome.

  The explosive growth of RNA-seq data has been driving the 
development of algorithms for assembling short RNA-seq reads into full-
length transcripts. However, this problem is still remains to be solved as 
of today. As claimed in a recent study (Steijger, et al., 2013), even if all 
the exact exons of a gene are given, the tools are often unable to assemble 
the exons into correct isoforms. In this study, we challenge the problem 
by introducing a new assembler iPAC developed by revolutionizing the 
traditional use of paired-end and sequence depth information via phasing 
and combing paths over a newly designed phasing graph (see Figure 1 and 
the Methods section for details). 

Tested on both simulated and real datasets, iPAC demonstrated a 
significant superiority over all compared assemblers, including Scallop, 
StringTie and Cufflinks under each of Hisat2, Star or Tophat2 mapping 
tools. For example, on one tested human dataset, iPAC correctly recovered 
10.5%, 22.8% and 75.8% more transcripts than Scallop, StringTie and 
Cufflinks, respectively, with fewer false positives at the same time. In 
particular, iPAC is able to recover lowly expressed transcripts with 

accuracy significantly higher than others. For example, iPAC accurately 
recovered 34% more lowly expressed transcripts than Scallop, 40% more 
than StringTie, and even 60% more than Cufflinks on the first simulated 
dataset S1.

2 Methods 
Starting from the traditional splicing graph, iPAC build a new graph 
model, the overlap graph for effective uses of the paired-end sequencing 
information. And then another new graph model, the phasing graph is 
introduced for solving the ambiguity of the connections of the in- and out- 
splicing junctions at each exon by effectively integrating the paired-end 
and sequence depth information. Finally, a newly designed path extension 
strategy was applied for recovering all the expressed transcripts by 
searching for an optimal path cover over the phasing graph (see Figure 1 
for an example illustrating the entire process of the iPAC algorithm).

2.1 Construction of splicing graphs
The splicing graph plays a fundamental role in the design of iPAC, which 
is constructed from the mapping of RNA-seq reads to a reference genome 
using the mapping tools such as Hisat2, Star and Tophat2. Based on the 
mapping results, reads are usually clustered into expressed gene loci, and 
a splicing graph is generally built for each gene locus. Identification of 
exon-intron boundaries and exon-exon junctions is done from junction 
reads (i.e. those reads spanning two or more exons). Generally speaking, 

Figure 1 Flowchart of the iPAC algorithm.
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each node in the splicing graph represents an exon in the corresponding 
gene, and a directed edge between two nodes means that there exists a 
junction read spanning the two exons. After graph construction, we assign 
a weight to each edge as the number of reads spanning it. Theoretically, 
edges in the splicing graphs could capture most splicing events in the 
expressed transcripts, and also, the sequencing depth information is 
appropriately integrated into the graph as the edge weight.

2.2 Construction of overlap graphs and generation of extended 
paired-paths
To make full use of the paired-end information, we construct an overlap 
graph of paired-end paths for each splicing graph and then extract the 
extended paired-paths from the overlap graph as follows.

1) Generating the set of paired-paths. Given the splicing graph G of 
a gene, we first extract all the sub-paths in graph G (named as paired-
paths), each of which is supported by two paired-end reads. In detail, for 
two paired-end reads r1 and r2, if r1 spans a path P1 = ni1→ni2→…→nip in 
graph G, while r2 spans P2 = nj1→nj2→…→njq, we will search for all the 
paths from nip to nj1 in graph G. If there exists one and only one path Pin 
between nip and nj1 satisfying the fragment insert size (e.g. Pin = 
nip→nm1→nm2→…→nms→nj1) and p + s + q ≥ 3, then reads r1 and r2 are 
connected by the path Pin and the corresponding paired-path should be P 
= P1→Pin→P2. After all the paired-end reads in graph G are processed, we 
obtain a set Sp of all the paired-paths. Different paired-end reads may 
generate the same paired-path. Therefore, each paired-path P is assigned 
a coverage cov(P) as the number of paired-end reads that could generate 
the path P.

2) Constructing overlap graphs of paired-paths. Generating all 
paired-paths, we build an overlap graph Gp of all the paired-paths for each 
splicing graph G. To do so, we first define the compatibility between two 
paired-paths. The paired-paths P1 and P2 are said to be compatible if they 
share the same sub-path at the right (left) terminal of P1 and the left (right) 
terminal of P2, and the shared sub-path contains at least one edge of the 
splicing graph (see Figure S1 for an example). We then build the overlap 
graph Gp with nodes representing paired-paths in Sp, and two nodes being 
connected by a directed edge if and only if the corresponding paired-paths 
are compatible. Simultaneously, each node is weighted by the coverage of 
the corresponding paired-path, and each edge is weighted by the length of 
the shared sub-path between the two paired-paths. To simplify the 
structure of the overlap graph Gp, we contract the consecutive nodes in a 
linear path of graph Gp into a single node weighted by the minimum 
weight among those of the contracted nodes (see Figure S2 for an 
example).
  3) Generating extended paired-paths. From the definition of overlap 
graphs, it is obvious that paired-paths could be extended for further 
approaching full-length transcripts. iPAC generates the extended paired-
paths as follows. 

(1) Choose an edge emax = (nL, nR) in graph Gp with the largest edge 
weight as the seed, which is not included in any extended paired-path. The 
node nL (nR) is then extended to one of its left (right) neighbor nodes nL’ 
(nR’) with the largest edge weight. If there are multiple choices, then the 
neighbor of the largest node weight will be selected for extension. Keep 
extending towards left (right) until encountering a node without in-degree 
(out-degree) and an extended paired-path p is extracted with its abundance 
f(p) estimated as the minimum node weight in this path.

(2) For each node n in the extracted path p, we update its weight cov(n) 
to be cov(n)-f(p) in graph Gp. Suppose cov0(n) is the original weight of 
node n, and if (cov(n)-f(p))/cov0(n) is smaller than a threshold ε, it is 
considered that node n should not be included in any further extended 
paired-path, and thus this node along with its incident edges are removed 
from Gp. After each node in path p is processed, the overlap graph Gp is 
updated accordingly.

Repeat the above procedure until the graph Gp is empty, and then we 
obtain a set PG of all the extended paired-paths for each splicing graph G. 
Intuitively, each path p∈PG should be included in an expressed transcript 
(see Figure S2 for an example).

2.3 Assembly of full-length transcripts
In this study, each extended paired-path with a high probability 
corresponds to a segment of an expressed transcript, and therefore should 
be covered by at least one predicted transcript. To achieve it, we first 
create a new graph model named as the phasing graph, then we update the 
phasing graph by contracting each extended paired-path into a new node 
in the phasing graph, and finally a transcript-representing path cover on 
the updated phasing graph is obtained by a newly designed path extension 
technique. 

1) Building phasing graphs. Given a splicing graph G, each node may 
have multiple in-coming and out-going edges. To accurately connect the 
in-coming and out-going edges for each node in the splicing graph G, we 
first build a so-called phasing graph L(G) of the splicing graph with nodes 
representing the edges in G and an edge representing two incident edges 
in G. The constructed phasing graph is actually a so-called line graph. The 
readers are referred to Figure S3 for an example. Each node in the phasing 
graph L(G) is weighted by the coverage of its corresponding edge in the 
splicing graph G, while each edge is weighted by value 1 meaning that 
this edge possibly comes from an expressed transcript, and by value 0 
otherwise (see Figure S3 for details). Therefore, the value 1 and 0 with a 
high probability dscriminate the correct connections between the in-
coming and out-going edges for each node in splicing graph G. And the 
value 1 and 0 could be computed by updating a quadratic program 
obtained in TransLiG (Liu, et al., 2019) (see supplementary methods for 
details). 

Getting the weighted phasing graph L(G), we update it by contracting 
each extended paired-path into a new node which is called a contracted 
node so as to distinguishing from the original ones. Concretely, for an 
extended paired-path p = n1→n2→…→nm, where each ni represents an 
original node in the phasing graph L(G), we contract the path p into a new 
node np which is weighted by f(p) estimated above in Section 2, while the 
two new edges (n1, np) and (np, nm) are also added into the phasing graph 
and weighed by 1. Then we update the node weight w(n) for each original 
node n of the phasing graph to be w(n)-f(p) if node n is included in the 
extended paired-path p, and we obtain the final weighted phasing graph 
L(G) (see Figure S3 for details).

2) Recovering transcripts by a novel path extension strategy. Based 
on the final phasing graph L(G), a newly designed path extension strategy 
is applied to assemble all the expressed transcripts by searching for an 
optimal path cover over the phasing graph. In details, iPAC reconstructs 
the expressed transcripts by the following steps.

(1) Path extension. Choose an unused contracted node np (or an unused 
original node if all the contracted nodes have been included in the 
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extended paths) with the largest node weight as the seed and extend it to 
one of its left (right) neighbor, with edges of weight 1. If there are multiple 
choices, the neighbor with the largest node weight is selected for 
extension. Keep extending until encountering a node without in-going 
(out-going) edges and a transcript-representing path pt is predicted.

(2) Graph update. Defining fmin as the minimum node weight in the 
extended path pt, we update the weight w(n) to be w(n)-fmin for each node 
n in pt (see Figure S3 for details). 

Repeat the path extension procedure until all the nodes in graph L(G) 
have been covered by the predicted transcripts and then a transcript-
representing path cover is obtained, where all the extended paired-paths 
have been covered by the assembled transcripts. After transcriptome 
assembly, the abundance estimator kallisto (Nicolas, et al., 2016) is 
applied for estimating the expression levels of the assembled transcripts.

3 Results
We focused the mapping task on the latest mapping tools Hisat2, Star and 
Tophat2 in this study. Upon the mapping results of RNA-seq reads to a 
reference genome obtained by employing Hisat2, Star, and Tophat2 we 
ran iPAC and the salient assemblers, Scallop, StringTie and Cufflinks. For 
Tophat2 mappings, we further ran TransComb and IsoLASSO which are 
not compatible with Hisat2 or Star. Then we tested them on both simulated 
and real RNA-seq datasets in terms of the commonly used comparison 
criteria. In particular, a reference transcript is considered to be correctly 
recovered if and only if its intron chain is exactly matched with an 
assembled transcript, and this assembled transcript is defined as correctly 
assembled. The human reference genome GRCh37/hg19 and all the 
reference transcripts from UCSC hg19 gene annotation were used to build 
the mapping indexes for Hisat2, Star and Tophat2.

3.1 Evaluation on simulated data
FLUX simulator (Griebel, et al., 2012) explicitly simulates RNA-seq 
experimental steps including reverse transcription, PCR amplification, 
fragmentation, size selection and sequencing. In this study, we used FLUX 
simulator to generate five types of simulation datasets S1 (75bp-length, 
~96 million paired-end reads), S2 (100bp-length, ~90 million paired-end 
reads), S3 (125bp-length, ~82 million paired-end reads), S4 (100bp-
length, ~91 million paired-end reads) and S5 (125bp-length, ~122 million 
paired-end reads), the average fragment lengths of S1, S2, S3 and S5 are 
approximately 170, and the average fragment length of dataset S4 is 200. 
On these five simulated datasets, we tested iPAC, Scallop, StringTie and 
Cufflinks under Hisat2, Star and Tophat2 mappings, but for the assemblers 
TransComb and IsoLASSO, which are not compatible with Hisat2 or Star, 
we only tested them under Tophat2 mappings. Their performance was 
evaluated in terms of the assembly accuracy (sensitivity and precision) and 
the recovery of transcripts with different expression levels (low, middle, 
and high).
1) Comparison of assembly accuracy
We ran iPAC, Scallop, StringTie and Cufflinks on the five simulated 
datasets (S1, S2, S3, S4 and S5) by using the mapping results from Hisat2, 
Star and Tophat2, and for Tophat2 mappings, we also ran TransComb and 
IsoLASSO. The accuracy was evaluated in terms of sensitivity (the 
fraction of correctly recovered reference transcripts in the experiment) and 
precision (the percentage of correctly assembled transcripts out of all the 
output transcripts).

Based on Hisat2 mappings, both the sensitivity and precision obtained 
by iPAC achieved the highest among all the compared assemblers. On the 
simulated datasets S1, S2, S3, S4 and S5, the sensitivity of iPAC 
respectively reached 53.08%, 54.39%, 54.07%, 49.79% and 54.64%, 
versus 51.22%, 51.36%, 44.58%, 47.69% and 45.90% by Scallop, 49.22% 
49.98%, 48.41%, 45.73% and 47.55% by StringTie, and 40.78, 41.14%, 
39.66%, 27.61% and 34.23% by Cufflinks. Evaluated in precision, iPAC 
achieved 60.36%, 60.67%, 60.33%, 58.33% and 59.13% on the five 
datasets, respectively, versus 58.41%, 56.18%, 46.35%, 48.79% and 
42.45% by Scallop, 47.54%, 46.00%, 43.34%, 39.13% and 40.31% by 
StringTie, and 46.16%, 48.33%, 48.73%, 36.29% and 37.63% by 
Cufflinks. 

Based on Star mappings, iPAC again showed the best performance, its 
sensitivity reached 52.80%, 53.89%, 54.16%, 49.57% and 55.01% 
respectively on the five datasets, versus 50.39%, 51.65%, 52.40%, 47.30% 
and 53.87% by Scallop, 49.54%, 50.85%, 51.00%, 45.79% and 50.96% 
by StringTie, and 43.79%, 43.80%, 42.85%, 37.93% and 41.58% by 
Cufflinks. When evaluated in terms of precision, iPAC achieved 62.58%, 
62.23%, 62.03%, 57.73% and 61.05% on the five datasets, respectively, 
versus 60.23%, 59.01%, 58.35%, 48.93% and 52.25% by Scallop, 
52.07%, 52.59%, 52.11% 43.13% and 48.86% by StringTie, and 46.92%, 
47.92%, 48.18%, 37.71% and 42.43% by Cufflinks. 

Based on Tophat2 mappings, iPAC also achieved the highest accuracy 
in terms of both sensitivity and precision. On the data S1-S5, the 
sensitivity of iPAC were 48.97%, 50.41%, 50.44%, 45.63% and 50.34% 
respectively, versus 47.50%, 49.01%, 49.01%, 45.10% and 49.90% by 
Scallop, 47.21%, 48.80%, 48.78%, 44.08% and 47.96% by StringTie, and 
47.74%, 48.95%, 48.53%, 44.32% and 48.35% by TransComb, while the 
other assemblers showed much worse performance. In terms of precision, 
iPAC achieved 56.50%, 58.27%, 58.88%, 57.02% and 58.59% 
respectively on the five datasets, versus 56.11%, 57.27%, 56.54%, 49.35% 
and 53.45% by Scallop, 45.80%, 47.24%, 48.47%, 39.99% and 45.98% 
by StringTie, and 51.14%, 53.39%, 54.07%, 53.26% and 54.06% by 
TransComb.  (see Figure 2 a-e and Table S2-S6)

Figure 2 Comparisons of assembly accuracy on the five simulated 
datasets S1-S5. 
2) Comparison of recovering transcripts with different expression 
levels
In general, transcripts with lower expression levels are more difficult to 
be recovered, while lowly expressed ones may play important roles in 
organisms. To evaluate the assembly tools in recovering transcripts with 
different expression levels, we sorted the expressed transcripts according 
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to their expression abundances and then divided them into three equal 
subsets corresponding to low, middle and high expression levels following 
the same way in Scallop (Mingfu Shao, 2017). Comparing among these 
assemblers, we found that iPAC consistently achieved the highest 
sensitivity on different expression levels no matter using Hisat2 or Star 
mappings with an exception that a little lower than Scallop for middle 
expression levels where Tophat2 was used (see Figure 3). Moreover, iPAC 
demonstrated a significant superiority over all the others in recovering 
transcripts of low expression levels. It recovered 11%-55% more than 
Scallop, 17%-46% more than StringTie, 46%-110% more than Cufflinks, 
3%-10% more than TransComb and 22%-152% more than IsoLASSO 
(see Table S11-S15). All the comparison results demonstrated that iPAC 
significantly outperforms Scallop, StringTie, Cufflinks, TransComb and 
IsoLASSO on all the simulated datasets of different sequencing lengths, 
different read numbers and different fragment lengths based on the 
mapping tools no matter Hisat2, Star or Tophat2.

Figure 3 Comparisons of recovering transcripts with low, middle or high 
expression levels on the five simulated datasets S1-S5.

3.2 Evaluation on real data
Tests on simulation data are persuasive especially for the situation where 
the ground truth is unknown for real RNA-seq data. However, it is not 
realistic to capture the entire features of biological data by simulation 
alone, so it is necessary to implement an evaluation on real data to further 
verify the assembling performance in real applications. For fairness, the 
real RNA-seq reads were mapped to all the known reference transcripts 
from UCSC gene annotation hg19, and the ground truth is defined as the 
set of all these transcripts, whose entire junctions were covered by the 
mapped reads. We selected four human RNA-seq datasets, R1: K562 cells, 
R2: H1 cells (replicate 1), R3: H1 cells (replicate 2) and R4: VM-Cub1 
cells on which the assemblers were tested. R1, R2 and R3 respectively 
contain 88 million, 44 million, and 37 million strand-specific paired-end 
reads, and R4 contains 28 million strand-specific single-end reads, which 
were downloaded from NCBI Sequence Read Archive (SRA) with 
accession codes: SRR387662, SRR307911, SRR307912 and 
ERR3639852, respectively. We then evaluated the assemblers on the four 
real datasets in terms of the same criteria as we did on simulation data, and 

results showed that iPAC consistently achieves the best performance on 
all the four real datasets using no matter Hisat2, Star or Tophat2 mappings. 
1) Comparison of assembly accuracy
We therein ran the assemblers on the four real datasets based on Hisat2, 
Star and Tophat2 mappings respectively. When Hisat2 was employed, the 
sensitivity of iPAC on the four real datasets R1-R4 reached 39.60%, 
37.89%, 37.90% and 41.87%, versus 36.39%, 35.15%, 34.21% and 
41.49% by Scallop, 31.72%, 31.09%, 30.79% and 34.13% by StringTie, 
and 20.21%, 22.90%, 21.51% and 26.46% by Cufflinks. With Star, iPAC 
again obtained highest sensitivity, which were 42.18%, 40.50%, 39.76% 
and 43.85% respectively on all the four real datasets, versus 40.98%, 
40.16%, 38.80% and 43.49% by Scallop, 33.22%, 32.84%, 32.19% and 
36.19% by StringTie, and 23.62%, 25.70%, 24.68% and 30.60% by 
Cufflinks. Based on Tophat2 mapping, iPAC also showed the best 
performance (see Figure 4 and Table S7-S10). The comparison results 
showed that iPAC significantly improved on sensitivity, especially on R3 
with Hisat2 mapping, where it correctly assembled 10.5% more reference 
transcripts than Scallop, 22.7% more than StringTie and 75.8% more than 
Cufflinks. With Star on R3, iPAC correctly assembled 2.3%, 23.3% and 
60.8% more reference transcripts than those of Scallop, StringTie and 
Cufflinks, respectively. 

The high sensitivity of iPAC was not at the cost of its precision. 
Evaluated in terms of precision, iPAC remains the best on datasets R2, R3 
and R4 under all the three mappings tools (see Figure 4 and Table S7-
S10). On dataset R1 under Hisat2 mapping, iPAC and Scallop showed 
similar precision of 31.49% and 31.22%, respectively, where filtering 
parameter of iPAC was set to 0.2, but they correctly recovered 13334 and 
12488 reference transcripts respectively.

Moreover, we have evaluated the performance of the assemblers on 
additional 49 real datasets, and iPAC generally outperforms all the others 
on all the datasets (see supplementary Table S20 for details).

Figure 4 Comparisons of assembly accuracy on four real RNA-seq 
datasets R1-R4.
2) Comparison of consumptions of computing resources
To evaluate the computational efficiency of the assemblers, we compared 
the CPU time and memory usage of all the compared assemblers on the 
three real datasets. All the assemblers were run using 10 threads on the 
same server (96GB memory, 12-core CPU), and Scallop and StringTie 
consume the least CPU time under all the three mappings tools on all the 
four tested data. iPAC ran a little slower than Scallop and StringTie, but 
much faster than Cufflinks, TransComb and IsoLASSO. For memory 
usage, all the assemblers exhibited a similar trend, with maximum 
memory usage no more than 10 GB on all the tested data (see 
supplementary materials Table S19 for details). Overall, iPAC is not the 
most parsimonious, but it is acceptable for practical use.

4 Discussion
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We present iPAC, a new genome-guided assembler for reconstruction of 
isoforms. Compared to the state-of-the-art assemblers including Scallop, 
StringTie, and Cufflinks, it demonstrated a significant superiority in 
performance on both simulated and real biological datasets using different 
mapping tools. The advantages may be attributed to 1) the overlap graph 
of paired paths, followed by a newly designed technique for iteratively 
extending paired-paths, leading to a quite effective use of paired-end 
information; 2) the phasing graph with the edges being weighted by 0 or 
1, indicating whether or not an edge should be involved in a transcript. 
Resorting to the phasing graphs, the paired-end and sequencing depth are 
effectively integrated into the assembly procedure by solving a 
constrained quadratic program; 3) the newly developed technique for 
extracting all the transcript-representing paths over the phasing graphs that 
are guided by the edge weights on the phasing graphs. We then tested the 
effect of each of the above three techniques in the improvements of iPAC 
on the simulated datasets (see supplementary materials Section 2.1 for 
details), and found that the combination of these three techniques make 
the iPAC not only more sensitive, but also more precise in comparison 
with the other compared assemblers (see Figure S4 for an IGV screenshot 
of a specific gene). 

The software has been developed to be user-friendly, and expected to 
play a crucial role in new discoveries of transcriptome study using RNA-
seq, especially in complicated human diseases related to abnormal splicing 
events and expression levels, such as cancers.

Code and data availability
iPAC is implemented in C++ and is freely available as open source 
software at http://sourceforge.net/projects/transassembly/files. The real 
data K562 cells, H1 cells (replicate 1), and H1 cells (replicate 2) in this 
study can be downloaded from NCBI Sequence Read Archive (SRA) 
database with accession codes SRR387662, SRR307911, and 
SRR307912, respectively. The parameter setups of the Flux simulator and 
the three simulation datasets can be downloaded from 
http://sourceforge.net/projects/transassembly/files/Data. The reference 
transcripts and the running commands of the three mapping tools Hisat2, 
Star, and Tophat2, and each assembler have been detailed in 
Supplementary Materials.
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