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Background: Precision medicine approach holds great promise to tailored diagnosis, treatment and prevention.
Individuals can be vastly different in their genomic information and genetic mechanisms hence having unique
transcriptomic signatures. The development of precision medicine has demanded moving beyond DNA sequencing
(DNA-Seq) to much more pointed RNA-sequencing (RNA-Seq) [Cell, 2017, 168: 584‒599].
Results: Here we conduct a brief survey on the recent methodology development of transcriptome assembly approach
using RNA-Seq.
Conclusions: Since transcriptomes in human disease are highly complex, dynamic and diverse, transcriptome
assembly is playing an increasingly important role in precision medicine research to dissect the molecular
mechanisms of the human diseases.
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INTRODUCTION

Precision medicine is an emerging area in healthcare that
aims to provide personalized diagnosis, treatment, and
prevention by taking an individual’s genetic information,
environment, and lifestyle into account [1]. The genetic
information and genomic mechanisms are vastly different
among individuals, which cause considerable variations
in gene expression. The latter can be quantified by
utilizing next-generation RNA sequencing methodologies
such as RNA-sequencing (RNA-Seq). RNA-Seq can
provide valuable information that may lead to improved
clinical diagnosis, prognosis and treatment plan [2].
In precision medicine, personalized prevention and

treatment are considered independently [3]. An efficient
way to implement personalized prevention is to obtain the
genetic structure and functionality along with the
variation of gene expression captured by RNA-Seq. For
example, personalized prevention is becoming possible
by analyzing the transcriptomic data in individual
oncology patient to determine the unique transcriptomic
signatures of certain cancers [4]. With these signatures,
potential patients who are yet to be diagnosed for cancer

can be identified and personalized prevention can be
designed for them ahead of time.
Personalized treatments with tailored therapies have

been developed to treat single genetic alterations in
malignant tumors [4]. In precision medicine, treatments
are designed for specific targets and are altered patholo-
gically with cellular signaling components requiring an
insight into the cellular mechanisms [4]. Transcriptome
assembly approaches enable an in-depth understanding of
the cellular mechanisms and cellular processes [5] and
thus plays a key role in both personalized prevention and
treatment. The development of deep DNA-Seq and RNA-
Seq technologies provide an unprecedented opportunity
to consider and incorporate individual variability for
optimizing personalized prevention and treatment of
human diseases [6].
Initial precision medicine research using deep sequen-

cing technology more relate to using DNA-Seq to dissect
individual genetic variation for each patient sample.
These variations range from small-scale single nucleotide
polymorphisms (SNP’s) to large-scale genome aberra-
tions. The exploitative increasing of The Cancer Genome
Atlas (TCGA) data has stimulated extensive research in
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extracting and exploiting genomic features for patient
stratification, diagnosis and prognosis [7,8]. More recent
research has seen a critical need to move beyond DNA-
Seq to much more pointed RNA-Seq technology [9].
Different from genome, transcriptome is more diverse,
dynamic and complex. The alternative splicing and gene
editing mechanisms further compromise the performance
of genome alignment approach employed in DNA-Seq
[10]. Thus, the choice of a more effective approach to
dissect transcriptome has been nailing down to transcrip-
tome assembly.
In this review article, we survey a number of recently

developed transcriptome assembly strategies including de
novo transcriptome assembly, reference-based transcrip-
tome assembly, and de novo and reference-based
combined strategies [11]. We also discuss the De Bruijn
graphs for representing the structure of transcripts, which
have been utilized to select a set of transcripts with
maximum support from RNA-Seq reads. Further, we
describe a generative probability model for transcriptome
assembly followed by a few assessments metrics for
assembly quality.

TRANSCRIPTOME ASSEMBLY
STRATEGIES

Reconstructing full length transcripts from RNA-Seq
reads has many challenges. Similar to genome assembly
from short reads, transcriptome assembly needs to piece
short reads together. Some softwares, such as Velvet [12],
ABySS [13] and Euler [14], have been developed to
tackle the de novo genome assembly problems. However,
these tools cannot be used for transcriptome assembly
directly due to several considerations as follows.
The sequencing depth of transcripts can vary drama-

tically from different levels of gene expression while the
DNA sequencing depth is expected to be the same in all
genes [10,15]. For a specific gene, the transcript variants
may share exons that make it very hard to solve the
ambiguous problems [11]. If the reference genome is
provided, some approaches start by clustering over-
lapping reads from each gene where a graph needs to be
reconstructed.
On the other hand, if the reference genome is not

available, De Bruijn graphs are used to represent a set of
transcripts. Ideally, each De Bruijn graph may correspond
to an expressed gene. Isoforms can be achieved by
traversing each De Bruijn graph, in which some isoforms
are false positive transcripts. Once the graph representing
the structure of transcriptome in an organism is
constructed, the most important step is to select a set of
transcripts that are most likely represented by a data set of
reads. In the following sections, we describe the
transcriptome assembly strategies using different models

and select methods in order to extract a set of transcripts.

De novo transcriptome assembly

Many organisms do not have the reference genome due to
various reasons such as biological diversity as well as
time and cost factors. The de novo assembly methods are
useful when there is no reference genome available or
when there are some alterations, mutations and genome
rearrangements within the reference genome. Without a
reference genome, the de novo transcriptome assembly
strategy for next-generation sequencing has been devel-
oped to assemble transcripts directly using the reads [16].
De novo assemblers take advantage of the redundancy of
reads and merge them into complete transcripts using the
sequence overlap-based De Bruijn graph instead of
mapping reads onto the reference genome. Figure 1
presents an overview of the de novo transcriptome
assembly strategy.

Basic de novo

A De Bruijn graph [17] does not require storing all the
reads and overlapping information in the memory. Within
a graph, a node is expressed by a sequence of special k
nucleotides or k-mers. The nodes are connected by edges
with k – 1 overlapping information. Ideally, thousands of
De Bruijn graphs are constructed from all the reads. Each
path in the De Bruijn graph represents a possible
transcript. Usually, for each raw read of length l, a sliding
window is used to break the read into (l – k+ 1)
overlapping k-mers. The graphs construction process
uses a constant-time hash table to search each k-mer,
where each k-mer can be stored at once.
Erroneous data may cause an inappropriate branch in

the process of graph construction. Error removal process
plays a vital role in transcriptome assembly, which may
generate putative transcripts. The uniform coverage is
used to remove errors produced in the sequencing process
or SNP’s. Each next generation sequencing platform has
one error model to indicate the probability of erroneous
nucleotides produced by the sequencer.
Three main error structures are: (i) tips caused by the

errors at the edges of reads, (ii) bubbles caused by the
internal read errors and (iii) erroneous connections
proposed in Velvet [12]. Tips can be recognized based
on two criteria: the length and the number of branches.
Bubbles can be removed using tour bus algorithm in the
De Bruijn graph. Erroneous connections can be removed
using a basic coverage cut-off. However, these errors
removing strategies are typically used in the genome
assembly. Some subtle modifications need to be made to
utilize the error structures in the transcriptome assembly.
Transcriptome assembly problem has its own computa-
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tional challenges different from the genome assembly. For
example, the number of erroneous reads derived from a
highly-expressed transcript may be more than the number
of right ones derived from a low expressed transcript
which makes the error removal process difficult. An
efficient way to represent the De Bruijn graph is to
allow sequences to distribute over a cluster as proposed in
Ref. [13].

Two issues need to be considered to distribute De
Bruijn graph over a cluster: storing the k-mers informa-
tion and location of a special k-mer. The forward and
reverse complement of each k-mer is represented by a
number of values {0, 1, 2, 3} assigning to bases {A, C, G,
T}. The adjacency information for each k-mer is stored in
8 bits, which represent every possible base extension and
their directions. Some branches caused by sequencing

Figure 1. De novo transcriptome assembly strategy. Given a read, we generate all length k substrings (k-mers), and with all k-
mers, we generate two versions of De Bruijn graphs, which are plain and updated versions without or with intron, deletion, single-
nucleotide polymorphism (SNP) or sequencing error. Each node in the De Bruijn graphs is expressed by a sequence of special k

nucleotides or k-mers, where k = 3 in this example. Traversing the two versions of De Bruijn graphs, we finally obtain the assembly
isoforms.
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errors need to be removed before merging vertices into
contigs based on a threshold length. The pair-end
information can be used to make sure that contigs can
be linked together.

De novo extension: single k-mer assemblers

Trinity [16] is the first software developed for de novo
transcriptome assembly using RNA-Seq data with single
k value to recover full-length isoforms efficiently in
mouse, yeast and butterfly. Trinity constructs De Bruijn
graph from large size RNA-Seq data and divides them
into a number of De Bruijn graphs, where each graph
represents a set of transcripts of a single gene. Trinity was
specially designed for removing erroneous edges to
ensure the optimized support for the reads.
Three main steps are included to process large amounts

of RNA-Seq reads. In the first step, a greedy algorithm is
used to obtain contigs. In the second step, contigs are used
to build individualDe Bruijn graphs. In the last step, some
trim edges are removed and some paths are compacted to
output one linear sequence representing each transcript.
At the first stage of assembly, a dictionary of k-mers is

constructed from all the reads associated with their
frequencies followed by removing the k-mers with
frequency less than 5% compared to the highest frequency
ones in the dictionary. Then a seed k-mer is selected as the
cornerstone sequence to assemble a contig. It extends the
sequence in the dictionary until no more k-mers exist. At
the second stage, the contigs obtained at the first stage are
clustered based on k – 1 overlapping bases or the number
of reads spanning the junction across contigs. Each
component is represented using a De Bruijn graph. At the
last stage, merging consecutive nodes in linear path is
implemented for the graph simplification. Some edges,
likely sequencing error, are pruned in the final graph.
Dynamic programming is used to traverse these paths in
the graph.
Oases is specially proposed for transcriptome assembly

problem and developed from the Velvet [18]. The contigs
construction in Oases follows the same process used in
Velvet and differs in the contig correction process.
Besides a slightly modified error correction algorithm,
Oases uses a local edge removal strategy, which removes
an outgoing edge with coverage representing less than
10% of the total coverage of all outgoing edges. Finally, a
coverage cut-off is used to filter contigs in the assembly
process. Once the contigs are constructed, scaffold is
constructed from these contigs to estimate the distance
between contigs. These contigs are labeled using the
length of each contig. Two short contigs can only be
concatenated without gap by a direct connection. One
short contig and long contig can only be connected by a
direct graph.

Similar to the contigs correction stage, some filter
technologies are applied to the scaffolds based on the
static and dynamic coverage thresholds. In this way, some
contigs supported by reads with a lower threshold are
deleted. Long contigs are first clustered into connected
components called loic and short contigs are added to one
of the long contigs in the cluster, where long distance
connections are removed. Transcripts are extracted in the
loic with the following four categories: chains, bubbles,
forks, and complex loic using a dynamic programming
search algorithm. The preliminary contigs obtained from
different k value in the first stage are fed into the
remaining part of the transcriptome assembly pipeline.
The final assembly results are based on the combination
of contigs with different k values capturing different
expression levels.
SOAPdenevo-Trans [19] incorporates the following

two strategies to improve the performance of transcrip-
tome assembly: the robust heuristic graph-traversal
method using Oases and the error-removal model using
Trinity. SOAPdenevo-Trans also uses a method to
simplify the scaffolding graphs to improve more accurate
results. The sequencing errors are removed in which a
weak depth cutoff is applied followed by the Trinity error-
removal method to handle the remaining errors.
By utilizing both single-end and paired-end reads

information, contigs are generated with linkages. The
insert sizes from the paired-end reads are used to estimate
the distance between linkages and the short contigs
(£100 bp) are removed. This is followed by linearizing
the contigs to scaffold with the strategy that, for example,
three contigs can be linearized if any two of them are
linked and the linkages do not conflict with each other.
Contigs are clustered into sub-graphs according to their

linkages. Each sub-graph consists of a set of transcripts.
The sub-graph can be fragmented due to alternative
splicing events, which makes the sub-graph have a
branch. A traversing graph method used in Oases is
applied to the sub-graph to generate possible transcripts
from linear or fork path.
In many cases, the sub-graph can be uniquely

converted into one transcript. Three different kinds of
transcripts are defined as linear, fork, and bubble. These
three kinds of transcripts are easily identifiable using the
degrees of nodes. Each path is associated with a score. For
the most complex path, only the top scoring transcripts are
retained.
The majority of the gaps inside the scaffolds are

composed of repeats that are masked during the scaffold
construction. To disassemble the repeats and fill in the
gaps, paired-end information is used to retrieve the pair of
reads where one read is well-aligned on the contigs and
another read is located in the gap region followed by a
local assembly for the collected reads.
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Long reads will help optimize the contig size and long
insert-sized libraries are essential for clustering and
construction of long scaffolds. In theory, without long
insert-sized libraries, repeats extending beyond the
paired-end insert sizes are unable to be resolved and
assembled. For the gap closure, considered as the last step
in assembly, sufficient sequencing depth of each insert-
sized library is correlative to the effectiveness of filling
the corresponding sized gaps.
SOAPdenovo [20] and Trans-ABySS were reported to

be successfully applied to the transcriptome assembly in
Refs. [21] and [22]. For the methods used in Velvet and
ABySS, the special parameter k needs to be pre-defined.
How to choose a optimized k value is still a challenge in

the single k-mer assemblers. The k value impacts the
performance of transcriptome assembly in several ways,
such as the gene length and the coverage of each gene.
Generally speaking, the bigger k value performs better on
transcripts with the high-expression levels while smaller k
value performs better on transcripts with low-expression
levels [23]. Multiple-k strategy has been applied in Trans-
ABySS [24] and Oases [18] to assemble transcripts to
handle both high and low expression levels with different
k values. Multiple-k strategy performs better with the
variable transcripts expression and multiple transcript
isoforms.

Reference-based transcriptome assembly strategy

As the reference genome is available for model organ-
isms, transcripts can be inferred from the accumulation of
read alignment to the genome, which is referred to as the
reference-based transcriptome assembly strategy.
Overlap graph is used in the reference-based transcrip-

tome assembly based on the pairwise alignment informa-
tion between reads. In the graph, nodes represent reads
and an edge between two nodes indicates the overlapping
sequence between two reads. By aligning reads to the
reference genome, an order of reads along transcripts
information can be used to construct the overlap graph per
locus. Reads contained within other reads are needed to
be ignored. The overlap graph should be treated as a
directed acyclic graph (DAG) that can be traversed by the
deep first search (DFS) algorithm to extract all paths that
can express all the reads where each path represents a
transcript. Figure 2 provides a simple example to show the
idea of the reference-based transcriptome assembly
strategy.
Cufflinks [25] uses the overlap graphs to indicate

putative transcripts from the Tophat [26] alignment
results. The mechanism of extracting potential transcripts
utilizes partitioning algorithm to select the minimum
number of transcripts which can express all the reads data
in order to reduce the false positive rate.

If the genome annotation file is provided, exons and
introns information can be queried for each gene [27]. A
splicing graph is a DAG, where nodes represent exons
and an edge represents intron connection of two adjacent
exons. Transcripts can be enumerated by the combination
of different exons. Since the RNA-Seq read is too short to
cover a whole exon, a splicing read connecting two exons
is used to determine the edge. Once the splicing graph is
constructed, the next step is to select a subset of likely
transcripts. Some methods including greedy methods and
Expectation Maximization are used in the transcripts
selection.

De novo and reference-based combined strategy

So far, most existing de novo assemblers use the De
Bruijn graph to represent the structure of transcripts
which is traversed by some optimized algorithm. Single k-
mer method is used in the transcriptome assembly, which
is extended from the genome assembly. The latter
performs better on uniform transcript expression data.
For most eukaryotes, the expression levels of transcripts
change dramatically from several fold changes to
thousands of fold changes, which makes multiple k
value strategy succeed in those organisms. If the exaction
of reference genome is provided, reference-based assem-
bly method should have some criteria to instruct the
assembly process.
A method called Bridge which combines the de novo

assembler Trinity with the reference-based assembler
Cufflinks has been proposed [28] to tackle the transcrip-
tome assembly problem. Bridge builds splicing graphs for
all genes from the reference genome. For a special gene,
exons are represented by nodes and the splicing junctions
are represented by edges. The splicing junctions work
mainly to extract each transcript.
A rigorous model, named minimum path cover (MPC),

recovers the minimal set of transcripts from the splicing
graph. All the reads are partitioned into k-mers from
which a hash table is constructed by recording each k-mer
and its corresponding abundance. The contigs are
generated from k-mers by the same strategy used in
Trinity. These contigs are treated as the trunk of a splicing
graph. Each k-mer needs to be checked in the trunk to see
if there exists a k-mer with an alternative extension that
has not been used. In this way, contigs can be extended as
long as possible.
The contigs can be added into the trunk if the following

three criteria are met, i.e., the length should be larger than
80, the contig is not the same as the one in the trunk, and
at least two reads support the contig. The splicing graph is
grown by finding bifurcation k-mers and repeating until
no bifurcation k-mer exist. In a splicing graph, nodes and
edges represent exons and splicing junctions, respectively
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(Figure 3A). One transcript is one path in the splicing
graph, but not every path in the splicing graph is
necessarily one real spliced transcript. The problem can
be treated as that we want to obtain a set of paths that
could cover all edges. Thus, we first construct an auxiliary
graph (Figure 3B), and then apply MPC model to the new
graph. Two consecutive edges in splicing graph are
compatible if they could originate from a same spliced
isoform. Based on this, a directed graph M, called
compatibility graph (Figure 3C) is constructed as
following: each edge of splicing graph is assigned as
one node and a directed edge (x, y) is placed between
nodes x and y if they are compatible. Finding a minimum
path cover is equivalent to finding a maximum anti-chain,
i.e., a set of mutually incompatible nodes in graph M.
Then a maximum anti-chain can be reduced to find a
maximum matching of a certain bipartite graph, called the
reachability graph (Figure 3D). Given a min-cost
maximum cardinality match M, any node without an
incident edge in M is a member of an anti-chain. Each
member of this anti-chain could be extended to a path

using M, which is further extended if it does not
correspond to a full-length transcript.

Generative probability model

Transcript assembly problem can be considered as the
problem of extracting the optimized paths form a graph to
support all the RNA-Seq reads. RNA-Seq reads data can
be treated as drawings from different transcripts under-
lying some stochastic models. A probabilistic approach
[29] has been proposed to assemble transcriptome from a
set of RNA sequencing reads. Based on this method, the
expressed transcripts levels can be inferred by applying
Gibbs sampling to the model. Firstly, the splicing graphs
are constructed using the alignment results from TopHat2
[30]. Secondly, in each splicing graph, the candidate
transcripts are constructed by continuously traversing
until a preset value has been reached. In this process,
some edges are discarded because of the lowest coverage
on them. At last, a generative model is used on the
candidate transcripts to determine the combination of

Figure 2. Reference-based transcriptome assembly strategy. We first splice-align reads to the reference genome in order to
construct a splice graph to show all possible isoforms at a locus. Then we traverse the constructed graph to obtain the isoforms at the end.
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transcripts and their corresponding abundance levels. The
corresponding graphic model is showing in Figure 4.
The process of generating a set of reads F from a set of

candidate transcripts S is shown as follows: Firstly, the
abundance e for transcripts in S are sampled from a prior
distribution. Let ej denote the abundance of the jth
candidate transcript:

ej
=  0  if    zj=0

> 0  if    zj=1

�
, (1)

where zj is known as indicator variable, which equals to 1
means the abundance of the jth candidate transcript is
larger than 0, otherwise not. Thus, we have the sum of
indicators denoted as bz:

Figure 3. Work flow of the bridge algorithm.
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bz=
Xm
j=1

zj, (2)

where m is the number of candidate transcripts in S.
Then a candidate index P(t2e) is followed by sampling

a read from the distribution P(f |t). By assuming the reads
are generated independently, the joint distribution over a
set of reads F can be written as:

PðF, t, eÞ=PðeÞ Π
n

i=1
PðfijtiÞPðtijeÞ: (3)

The candidate transcript abundances need to be pre-
defined by a prior distribution. Let Z models the
transcripts are expressed by using a Bernoulli distribution
with parameter π such that:

PðZ jπÞ=πbZð1 – πÞm – bZ   KZ0 , (4)

where

KZ0=
1

1 – ð1 – πÞm :

e+ represents the relative abundances that are dis-
tributed as Dirichlet distribution with density function:

PðeþjZ,gÞ=ΓðgÞbz
Γgbz

Π
bz

k=1
ðeþk Þg – 1, (5)

where Γ is the gamma function.
The relative abundance e can be represented as:

Pðejπ,gÞ=Pðeþ,Z jπ,gÞPðZjπÞ: (6)

So, the joint distribution over a set of n reads F,
transcripts index t and transcript abundances e are
conditioned on the candidate transcripts S and some
other hyper-parameters as follows:

PðF, t, ejS,�,�, π, lÞ=Pðejπ, lΠn
i=1ÞPðf ijti, S,�,�ÞPðtijeÞ:

(7)

In order to get the posterior distribution over the
expressed transcripts and the corresponding abundances
along with the assignments of reads to them, the Gibbs
sampling is used to solve the problem. Firstly, expressed
candidates are sampled conditionally on the assignment
of reads. Secondly, abundance values are sampled
conditionally on the expressions and the assignment of
reads. Eventually, the distributions of reads to candidates
are sampled conditionally on the expressed transcripts,
which are corresponding values of abundances, and
associated with the contingent probabilities of the
observation of the reads given candidate transcripts. The
fraction of a candidate transcript used in the sampling
process is used as the candidate confidence.
This method can assemble more transcripts with higher

precision and accurate transcript abundance levels
compared to other models. While some other transcrip-
tome assembly methods need to tune the parameters for
their models and produce a final set of transcripts
assembly, the generative probability model omits the
parameter tuning process and provides confidence
estimation for transcripts which can be used to prioritize
potentially novel transcripts for validation.

Resources of computational tools

In this section, we provide a list of software implementa-
tions developed for transcriptome assembly. Table 1
summarizes the basic information of the software
packages for each computational tool.

ASSESSMENT METRICS FOR
TRANSCRIPTOME ASSEMBLY

Many transcriptome assembly methods including gen-
ome-guided (e.g., reference-based) and reference-free
(e.g., de novo) have been developed to analyze the
transcripts from RNA-Seq. However, evaluating the
assembly performance, especially when the ground truth
is not available, is still a challenge. The correct
transcriptome assembly should be consistent with some
statistical characteristics of the data generation process

Figure 4. A generative model of the RNA-sequencing

process with the notation. Z is used to model the transcripts
that have non-zero abundance; e+ is the relative abundance;
and F is the joint distribution over n reads conditionally

parameterized by μ, σ and dependent on a set S ofm candidate
transcripts and transcript index t.
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[36]. Some existing standard metrics, such as contigs
count, coverage and N50 evaluating the whole-genome
assembly performance, have been applied to transcrip-
tome assembly validations [37,38]. For example, N50 is
the weighted median of the length of contigs in
transcriptome assembly. The sequencing depth is similar
to the length of contigs, but non-uniform expression may
have less information than transcriptome assembly [39].
Reference-based transcriptome assembly methods are

based on the alignment results from existing reference
genome, so the output transcripts of transcriptome
assembly results are largely identical to the reference
genome. Precision and recall are two statistical indicators
expressing the fraction of transcriptome assembly results
that are matched to the reference transcripts.
However, the reference sequences are not available in

many cases which makes the evaluation tasks more
difficult. The aforementioned novel generative probability
model, which depends on the transcriptome assembly and
the RNA-Seq reads, has been proposed to evaluate the
reference-free transcriptome assembly performance. The
compactness of the transcriptome assembly and the
supported RNA-Seq reads into an evaluation score are
combined in the novel generative probability model [40].
The evaluation score can be used to select the best
assembler, filter unnecessary contigs, and optimize an
assembler’s parameters. Computing resource is another
metric to assess the transcriptome assembly performance.
Usually, reference-free methods use more time and
memory than genome-guided methods [41].

CONCLUSION

With the development of RNA-Seq technologies, preci-
sion medicine is becoming attractive and practical that
holds greater promise for future success. However, the
excessive running time and memory requirement of the
transcriptome assembly algorithms for big RNA-Seq data

is still a daunting challenge. Speedy transcriptome
assembly in tens of thousands to millions of patient
samples without compromise of accuracy is expected to
greatly advance precision medicine in the next decades.
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