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Electrical and Computer Engineering

High throughput sequencing of RNA (RNA-seq) has become a staple in modern molecular

biology, with a wide range of applications including RNA transcripts assembly, variants

detection, and gene expression estimation for downstream cellular analysis. RNA-seq data

is therefore able to provide us with unprecedented insights into cellular organisms. However,

they have also introduced a new set of computational challenges because of the nature of

the sequenced RNA transcripts and an ever increasing number of RNA-seq experiments.

For instance, the RNA transcripts have different expression levels, making the sequenced

reads potentially unable to fully cover some lowly expressed gene regions. In addition, the

RNA transcripts also share many repetitive patterns, making it ambiguous to determine the

regions where some RNA-seq reads are actually sampled. Moreover, there are still many

laborious procedures in the RNA-seq data analysis, making it difficult to keep pace with the

constantly produced large amounts of RNA-seq data. There is an urgent need for better

computational methods that are able to analyze the RNA-seq data more accurately and

efficiently.

Motivated by this, in the thesis, we have presented novel computational solutions for

three computational problems for RNA-seq data analysis:

Firstly, we have developed RefShannon - a new genome-guided RNA transcripts (tran-

scriptome) assembly software. RefShannon reconstructs RNA transcripts, based on the align-



ments of RNA-seq reads onto a reference genome. It exploits the pair-end linking information

of RNA-seq reads, and the varying expressions of RNA transcripts, in enabling an accurate

reconstruction of the transcripts. Experiments demonstrate RefShannon has superior assem-

bly performance over the state-of-art genome-guided assembly tools.

Next, we have developed abSNP - a new RNA-seq SNP calling software. AbSNP detects

SNPs in expressed gene regions, based on the alignments of RNA-seq reads onto a reference

transcriptome. It exploits the mapping quality scores of RNA-seq reads, and the varying

expressions of different genes. AbSNP is a cost-effective method as it requires no additional

DNA-seq. It is also able to call SNPs with significantly improved sensitivity in repetitive

gene regions, while other RNA-seq SNP callers are unable to make any calls in such regions.

Finally, we have developed CellMeSH - a new web server and API package for automatic

cell-type identification in single-cell RNA-seq (scRNA-seq) analysis. CellMeSH predicts cell

types, based on a set of marker genes as query input. CellMeSH builds its database in

a scalable and easy-to-update way using prior literature, and adopts a novel probabilistic

method to better query the database. Through a variety of experiments on human and mouse

scRNA-seq datasets, CellMeSH has demonstrated richer gene and cell-type information in

its database, robust query method, and an overall superior annotation performance.
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Chapter 1

INTRODUCTION

1.1 Background

In many higher organisms including mammals, the genomic DNA is comprised of thousands

of genes, along with other sequences that regulate when, where and how the genes are

produced. These genes have distinct regions called exons and introns [1, 2]. By combining

its exons in various ways - a procedure called alternative splicing [3, 4, 5], a gene, especially in

eukaryotes, can produce multiple different messenger RNAs (mRNA [6]), typically in the form

of single-stranded nucleotide sequences. mRNAs present the genetic information contained

in DNA sequences and direct the synthesis of different protein products that perform vast

array of biological functions [7, 8].

Ever since mRNAs were initially discovered in 1960 [9], researchers have been working

persistently to get an enhanced understanding of mRNAs and their biological impacts. In

light of this, there are several important questions listed as follows. Question 1. How

to better detect new mRNAs? Newly detected mRNAs could help us find novel proteins

and related biological functions never seen before [10]. Question 2. How to better detect

the variants in the expressed genes? Some variants in mRNAs may be transcribed from

the underlying genes and hence could indicate health issues such as genetic disorders [11],

diseases [12], or even cancer [13]. Question 3. How to better analyze the cells based on

their mRNA expressions? Different mRNAs are expressed with different levels in the living

cells, so the mRNA expressions (or aggregated into gene expressions) could serve as the cell

specific signatures, which could be used to distinguish the cell types in a cell population.

Understanding the specific cell types in a cell population could aid in disease and development

analysis. For instance, a higher portion of immune-related cell types could indicate that the
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cells are disease infected [14].

To aid in answering these questions, we first need mechanisms to measure the mRNAs.

There are several commonly used methods to measure the mRNAs [15], among which RNA-

seq [16] is currently the most popular one. The RNA-seq method first extracts mRNAs from

an organism, next fragments and copies them into double-stranded complementary DNAs

(ds-cDNAs), and finally sequences the ds-cDNAs by high-throughput short read sequencing

techniques. The other mRNA measurement methods include quantitative real-time poly-

merase chain reaction (qPCR) [17], microarrays [18], and recently long read sequencing such

as PacBio [19] and Nanopore [20]. The key issue for qPCR and microarray is that they are

only able to measure the expression levels of prior-known mRNAs, whereas RNA-seq can

be used to access previously unknown mRNAs. Though PacBio and Nanopore are also able

to sequence unknown mRNAs (with even longer reads), they are not mature yet as their

read error-rates are still higher (10% to 15%) than RNA-seq (0.1%), and they are also more

expensive [21, 22]. In addition, RNA-seq recently can be applied to single-cells [23, 24, 25],

which is useful to reveal the heterogeneity of cell population at single-cell resolution.

Given the RNA-seq as the mRNA measurements, we also need computational methods

to analyze them, in order to answer the previously imposed questions. Various methods and

tools for RNA-seq data analysis have been developed for this purpose. However, there are

still many challenging issues.

As for the first question of how to better detect mRNAs using RNA-seq, this is essentially

a transcriptome (i.e. set of mRNA transcripts) assembly problem, where the goal is to

obtain a complete and accurate recovery of transcriptome based on observed RNA-seq reads.

To handle this problem, existing methods follow a graph construction step, and then a

graph traversal step. There are several limitations to existing methods. For instance, the

linking information among pair-end reads is not properly utilized [26]. It is possible that

some mRNA transcripts have low expression levels, which could make the constructed graph

more fragmented if the pair end information is not well explored. In addition, the existing

graph traversal algorithms are mainly designed by intuitions and thus sub-optimal [27]. Due



3

to alternative splicing, it is possible that different sets of transcripts can yield the same

observation of RNA-seq reads. A sub-optimal traversal algorithm could fail to resolve such

ambiguities.

As for the second question of how to detect the variants in the expressed genes using

RNA-seq, this is essentially an RNA-seq variant calling problem. Here our goal is to find

variants (in particular single nucleotide polymorphisms) in the expressed gene regions. To

achieve this goal, we could use many existing methods [28, 29, 30, 31, 32] that are specially

designed to call variants in the whole genome or exome regions using DNA-seq, and then

use RNA-seq to filter out the variants in non-expressed regions. Such kind of methods are

not cost-effective as they require additional DNA sequencing, which samples reads from the

genome instead of from the mRNA transcripts. There are only limited number of works to

call variants using RNA-seq directly [33, 34, 28, 35], however, there could be many RNA-seq

reads that could be multiply mapped to many mRNA transcripts. Existing RNA-seq callers

will discard all of them and are not able to make any reliable calls in repetitive regions.

As for the third question of how to better analyze the cells based on the mRNA expres-

sions, this is related to the single-cell RNA-seq analysis, where we typically process the raw

RNA-seq reads into a gene-cell matrix, cluster the matrix and annotate the clusters with cell

types, based on cluster specific genes. The last step of cell-type annotation remains an open

problem. Existing methods usually follow the way of preparing a database first and then

querying it based on cluster specific genes. A key issue for these methods is that the under-

lying databases that connect genes and cell types are usually hand-curated from literature.

There could be limited gene-cell coverage, and it is also laborious to update the databases.

In this thesis, we address these three computational problems for RNA-seq data analysis,

with the ultimate goal to better understand mRNAs and the related biological systems (e.g.

cells). We have designed novel computational methods and developed related open source

software to address the above open issues that exist in these problems.
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1.2 Contributions

In this section, we highlight our contributions in developing novel computational solutions

for the three computational problems for RNA-seq data analysis.

Contributions to RNA-seq transcriptome assembly. We have presented RefShan-

non - a new genome-guided transcriptome assembler. RefShannon is able to utilize the pair

end reads to infer the low-expressed mRNA transcripts that otherwise would have been

missed in a fragmented graph. RefShannon also adopts the novel sparse flow decomposition

algorithm that was initially proposed in the Shannon assembler [36], which was proved to

work toward optimal transcriptome assembly in theory. Our evaluation shows effective per-

formance gain of RefShannon over state-of-art genome-guided assemblers for both simulated

and real datasets. RefShannon has been open sourced at Github1.

Contributions to RNA-seq variant calling. We have presented abSNP [37] - a novel

RNA-seq SNP caller that is able to call SNPs even in repetitive regions. AbSNP is able to call

variants using RNA-seq directly without requiring to use additional DNA-seq first, so it is

cost-effective. In comparison to existing RNA-seq variant callers, abSNP shows comparable

precision and recall in non-repetitive regions. In addition, abSNP is able to get significantly

improved sensitivity in repetitive regions while existing methods are unable to make any

calls. AbSNP has been open sourced at Github2.

Contributions to single-cell RNA-seq analysis. We present CellMeSH - a web server

and API to annotate clustered single-cell data using indexed literature. CellMeSH takes input

of marker genes and outputs a ranked list of predicted cell types. Compared to existing

approaches, it builds a database in a scalable and easy-to-update way, by automatically

linking the gene and cell-type information from millions of publications. It queries the noisy

database by a novel probabilistic query method based on maximum likelihood estimation.

Through a variety of experiments on human and mouse scRNA-seq datasets, CellMeSH has

1https://github.com/shunfumao/RefShannon

2https://github.com/shunfumao/abSNP
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demonstrated richer gene and cell-type information in its database, robust query method,

and an overall superior annotation performance. CellMeSH has been integrated as the default

annotation option into our recently developed web server UNCURL-App [38] for interactive

single-cell analysis. CellMeSH has its standalone website3 and we have also open sourced

the API at Github4.

1.3 Organization

The thesis is organized in the following structure.

• Chapter 2 explains basic concepts helpful to understand the remaining chapters.

• Chapter 3 discusses our contributions to the RNA-seq transcriptome assembly problem.

• Chapter 4 discusses our contributions to the RNA-seq variant calling problem.

• Chapter 5 discusses our contributions to the single-cell RNA-seq annotation problem.

• Chapter 6 discusses future directions.

3https://uncurl.cs.washington.edu/db_query

4https://github.com/shunfumao/cellmesh
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Chapter 2

BACKGROUND

Though different chapters are mostly self-inclusive, here we explain several basic concepts,

which can be helpful to understand the remaining chapters. Specifically, Section 2.1 explains

assembly graphs and is related to Chapter 3, Section 2.2 explains probability estimation

and is related to both Chapter 4 and Chapter 5, Section 2.3 explains statistical tests and is

related to Chapter 5.

2.1 Assembly

2.1.1 Kmer graph for de novo transcriptome assembly

Kmer graphs (or De-Bruijn graph [39]) are commonly used in de novo genome and transcrip-

tome assembly [40, 41, 36]. It is a directed graph where each node represents a sequence

of k letters. Each edge (u, v) represents a sequence of k + 1 letters and the source node u

contains the first k letters of the edge and the destination node v contains the last k letters

of the edge.

A simple workflow of de novo assembly using kmer graph is illustrated in Fig 2.1 (a). We

have three reads, each of length 4, sampled from target RNA transcript “ABCDEF”1. Each

read represents two nodes connected by an edge in the graph. For instance, read “ABCD” is

split into 3-mer “ABC” and 3-mer “BCD” and they are connected by an edge representing

“ABCD”. The resulting kmer graph contains four nodes and three edges. In this simple

example, the target RNA transcript can be successfully reconstructed by traversing the flow

path through the nodes “ABC”, “BCD”, “CDE” and “DEF”.

1Here we use English alphabets for better illustration.
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However, it is common in de novo assembly that the kmer graph could be fragmented

especially when a transcript is lowly expressed, as illustrated in 2.1 (b). Here we only have

two sampled reads “ABCD” and “CDEF” and the resulting kmer graph is disconnected.

Consequently, we are unable to recover the original “ABCDEF” sequence.

Figure 2.1: Example of (a) kmer graph (b) fragmented kmer graph (c) splice graph

2.1.2 Splice graph for genome-guided transcriptome assembly

Unlike de novo transcriptome assembly, genome-guided transcriptome assembly utilizes extra

reference genome, and the assembly is commonly conducted in a spliced graph [27, 42]. A

splice graph is a directed graph where each node represents an exon region, and each edge

(u, v) represents there’s a read aligned onto the two exon regions corresponding to u and v.

A simple workflow of genome-guided assembly is illustrated in Fig 2.1 (c). We also

sampled two reads “ABCD” and “CDEF” from target RNA transcript “ABCDEF”. We first

align them onto a reference genome “ABCOEF”. Note the reference genome is different from

the target RNA transcript. Still, it is possible to align the reads onto the genome. Here the

resulting splice graph is a simple one-node graph, and we have recovered “ABCOEF” as the

RNA transcript. Whereas de novo assembly is unable to achieve this, the genome-guided

assembly is able to recover most of the transcript.
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2.2 Probability

2.2.1 Maximum a posteriori (MAP) estimation

The MAP estimation [43] tries to guess what is the best possible hidden X given the observed

Y . It has been used in designing the variant calling algorithm in Chapter 4.

Consider two discrete random variables X as unknown and Y as observed. We are

interested to estimate X given the observation of Y . One way is to estimate X which

maximizes the posterior distribution PX|Y . Formally,

x̂MAP = maxxP (X|Y ) (2.1)

From Bayesian principles, we know that:

P (X, Y ) = P (X|Y )P (Y ) = P (Y |X)P (X) (2.2)

Apply Equation 2.2 into Equation 2.1, and remove P (Y ) (as it does not affect the maxi-

mization procedure), we get:

x̂MAP = maxxP (Y |X)P (X) (2.3)

Essentially x̂map indicates that if we observe a known quantity y, what is the most-likely

unknown quantity x. It requires the distribution of X as prior knowledge.

2.2.2 Maximum likelihood (ML) estimation

The ML estimation is a special case of MAP estimation, as it is possible that we have no

prior knowledge of X. The ML estimation has been used in designing the database query

method in Chapter 5.

Intuitively it tries to estimate X given the observation of Y by estimating X which will

maximize the chance of seeing Y (what X best explains Y ). Formally,



9

x̂ML = maxxP (Y |X) (2.4)

The ML estimation is essentially MAP estimation with uniform prior P (X).

2.3 Gene set enrichment analysis

Gene set enrichment analysis [44] aims at using statistical approaches to find known groups

of genes that are significantly enriched for the input genes. The known groups of genes could

come from existing knowledge sources such as Gene Ontology (GO) [45] and MSigDB [46].

In this section, we explain several common approaches.

2.3.1 Hypergeometric test

Hypergeometric test (or Fisher’s exact test [47], or Over Representation Analysis) is a simple

and effective statistical test that has been widely used in various gene set enrichment analysis

[48, 49]. Let c be a known group of K genes (c could be a GO term or a cell type). Let N

be the total number of genes. Let q be a query input of n genes. Let k be the number of

overlapping genes between c and q. Then the probability of k genes existing in both c and q

can be written as: P (k|q, c) =
(K
k)(N−K

n−k )
(N
n)

. A smaller probability indicates higher significance

for the group c to be enriched for the input genes q.

2.3.2 Gene Set Enrichment Analysis (GSEA)

The GSEA method [46] is based on Kolmogorov-Smirnov test [50]. The method takes input

of genome-wide gene expression profiles from samples belonging to two phenotype classes.

To calculate an enrichment score between the input genes (q) and a known group of genes

(c), the genes in q are first sorted by their weights (correlation with phenotype). A score is

calculated by walking down the sorted genes in q, increasing a running-sum statistic by the

gene weight if the gene is in c, and decreasing the running-sum statistic if the gene is out
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of c. The running-sum’s maximum deviation from zero in the random walk serves as the

enrichment score of c for q.

2.3.3 Gene Set Variance Analysis (GSVA)

The GSVA method [51] is also based on Kolmogorov-Smirnov test [50]. The method takes

input of gene expression matrix from microarray or RNA-seq experiments. The weight of a

gene i in sample j is first adjusted in the context of sample population distribution, then

replaced by the gene i’s rank in sample j. The calculation of an enrichment score between

the input genes (q) of a sample and a known group of genes (c) is similar to GSEA method.

The key differences of GSVA from GSEA are: GSVA takes input of microarray or RNA-

seq expression, and during its enrichment score calculation, the genes’ integer ranks are

essentially utilized. As benchmarked in [52], GSVA shows a top performance in assigning

cell types to clustered single-cells.
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Chapter 3

REFSHANNON: GENOME-GUIDED TRANSCRIPTOME
ASSEMBLY USING SPARSE FLOW DECOMPOSITION

3.1 Introduction

In many higher organisms including mammals, the genomic DNA is comprised of thousands

of genes, along with other sequences that regulate when, where and how the genes are

produced. These genes have distinct regions called exons and introns [1, 2]. By combining

its exons in various ways - a procedure called alternative splicing [3, 4, 5], a gene, especially in

eukaryotes, can produce multiple different messenger RNAs (mRNA [6], or RNA transcript

in this chapter) that can be converted into different protein products in cells.

Transcriptome is the set of RNA transcripts. With RNA sequencing technology [53], we

can now obtain millions of short RNA fragments (RNA-seq reads) from the transcriptome.

The transcriptome assembly problem [54] is to obtain a complete and accurate recovery of

transcriptome based on observed RNA-seq reads. It helps us find new RNA transcripts and

their expression levels (or abundance) in order to better understand proteins and cells.

Transcriptome assembly is not an easy task due to several factors. Because of alternative

splicing, it is possible that different set of transcripts can yield the same observation of RNA-

seq reads. Adding to this complexity is the fact that distinct transcripts are expressed at

different expression levels [55]. Thus, transcripts which have low expression levels are harder

to reconstruct; also, transcripts which are part of complex isoform [4] families are difficult

to assemble correctly.

There are two kinds of transcriptome assembly problems [54]: de novo assembly and

genome-guided (or reference-based) assembly. They usually first construct an assembly graph

from reads, and then traverse the graph in order to recover transcripts. For de novo assembly,



12

there is no knowledge other than that of the observed reads. This is common in non-

model organisms or when an approach unbiased by prior knowledge is needed (e.g. cancer

transcriptome). For genome-guided assembly, in addition to the observed reads, there is

also knowledge of the genome of the organism. This is common in scenarios where a model

organism[56] is sequenced.

De novo assembly is typically more challenging and less accurate than genome-guided

assembly, since the latter utilizes additional side information. While algorithms and soft-

ware packages are available for both the de novo (TransAByss [57], Trinity [58], OASES

[59], SOAPdenovo-Trans [60] etc.) and genome-guided assembly problems (Scripture [61],

Cufflinks [26], StringTie [27], TransComb [62] and CLASS2 [63],Ryuto[42], Strawberry[64],

Trinity (reference-guided mode) [58] etc.), much remains to be done [65, 66]. Recently Kan-

nan et al [36] developed an assembler called Shannon assembler that utilized principles from

information theory to solve the de novo transcriptome assembly problem, and demonstrated

benefits over state-of-the-art assemblers. Here we develop a genome-guided assembler called

RefShannon by exploiting the framework from Shannon.

To begin with we note that, while genome-guided algorithms have an advantage in gen-

eral, Shannon is able to recover even more transcripts than the leading genome-guided as-

sembler StringTie when the coverage of the transcripts is high. We attribute this to the

careful utilization of transcript abundances while performing assembly in Shannon. How-

ever, as expected, for transcripts of low abundance, Shannon is inferior because the k-mer

graph utilized by Shannon needs a higher coverage in order to stay connected. Therefore, it

should be possible to design a genome-guided assembler, that combines the superior recon-

struction method of Shannon along with the aid of the genome side-information in order to

deliver optimal performance. This is the main motivation for this work - to build a superior

genome-guided assembler.

RefShannon takes a graph preparation step and graph traversal step as most existing

methods do, but it has adopted several main ideas (as summarized in Fig 3.1) that differen-

tiate it from the existing methods and bring its superior performance.
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Figure 3.1: Main ideas of RefShannon. In these conceptual examples, each graph means
a splice graph where nodes represent exonic regions and edges indicate there are reads aligned
across the nodes. The edge weights are abundance, calculated by the number of supporting
reads. (A) RefShannon explores the utility of varying abundance, which is essential for a
correct decomposition of paths. For example, given that AC, CE, BC, CD have weights 1, 1,
4, 4 respectively, we’re confident to decompose the graph into two paths as ACE and BCD.
(B) RefShannon adopts a sparse flow algorithm that tries to find the minimum number of
paths that explains edge weight constraints (e.g. the decomposition of the graph into ACE
with weight 15, BCD with weight 10 and FCD with weight 8 explain the splice graph well).
If we follow a greedy approach (as used by StringTie) that iteratively finds and removes
the heaviest path, we will get an inaccurate transcript ACD first. (C) RefShannon extracts
known path information from read alignments to resolve decomposition ambiguity. For ex-
ample, when the node C is decomposed, a flow ambiguity (i.e. non-unique decomposition)
happens: both ACE, BCE, BCD and ACE, ACD, BCE explain node C’s edge weight con-
straints. Suppose ACD is a known path, then the first decomposition of ACE, BCE, BCD
can be excluded.

One of the main ideas of RefShannon is to utilize the varying abundance information

while traversing the splice graph (Fig 3.1A). This information is essential for a correct de-

composition of flow paths. Cufflinks[26] does not exploit the abundance information during

assembly; instead, it relies on overlap graphs, which require a strict partial order between
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read alignments. Consequently, Cufflinks may throw away reads (especially pair end reads)

of uncertain compatibility, while those read alignments can contain useful information to

construct a more accurate graph.

The second idea RefShannon has adopted is the sparse flow decomposition algorithm that

was initially proposed in the Shannon assembler [36], which applies linear programming to

efficiently decompose for the minimum number of paths (flows) at each node restricted by the

node’s in-edge and out-edge weights. This approach has been proved in [36] to work toward

optimal transcriptome assembly. The similar goal of parsimonious assembly is pursued by

Cufflinks [26], which is based on overlap graph and does not exploit abundance information.

StringTie [27] also explores the abundance information, but it follows a sub-optimal greedy

approach by iteratively extracting the heaviest path as transcript. As illustrated in Fig 3.1B,

this will lead to incorrect assembly.

The third idea RefShannon has adopted is to utilize pair end reads to supplement ad-

ditional edge and path information so that an originally disconnected transcript could be

found. A similar idea was also used in Scripture [61] and Ryuto [42]. However, Scripture

exhaustively enumerates all possible transcript candidates first and filter them later based

on certain significance criteria. Ryuto has also adopted such information mainly during the

graph construction stage. Differently, RefShannon has also applied these additional edge and

path information in the graph decomposition stage so that certain assembly ambiguity can

be resolved (Fig 3.1C).

By incorporating ideas, we have developed RefShannon as an open-source Python soft-

ware1. Based on the experiments using both simulated and real datasets, RefShannon has

demonstrated superior assembly performance than existing genome-guided assembly tools.

The remained chapter is organized as follows. We first describe how RefShannon works.

We next show its assembly performance in terms of ROC curve using simulated datasets,

and sensitivity using real datasets. We then explain its computational resources required.

1https://github.com/shunfumao/RefShannon
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Lastly, we will conclude our work and discuss future directions.

3.2 Methods

3.2.1 Overall workflow

To do genome-guided transcriptome assembly based on sampled RNA-seq reads, RefShannon

first aligns the reads onto the reference genome (Fig 3.2 step 1). The alignment is conducted

by using an external tool (STAR [67], Tophat2 [68], Hisat2 [69], GMAP [70], minimap2 [71]

etc) that is able to capture splice events, so that a read crossing two distinct exons of an

RNA transcript can be split aligned onto the genome.

Figure 3.2: Overall flow of RefShannon. In this example, the true transcriptome contains
3 RNA transcripts t1, t2, t3 with expression levels f1 = 1, f2 = 2, f3 = 4. RNA reads are
sampled from the transcriptome first, and are aligned onto a reference genome using external
aligners. RefShannon will take the read alignment as input, generate splice graphs, and apply
a novel sparse flow decomposition algorithm to recover the transcriptome as t̂i i ∈ {1, 2, 3}.
The corresponding f̂i estimates related abundance.

Based on read alignments, RefShannon produces splice graphs (Fig 3.2 step 2). The

graph has each node to represent a unique exonic region that is supported by aligned reads
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and each edge between two nodes to imply there exist reads going through those nodes.

Additional known paths are also collected, indicating that the nodes along the path belong

to some transcript, in order to resolve the ambiguity that could occur.

Based on splice graphs, RefShannon decomposes the graphs to reconstruct the transcripts

(Fig 3.2 step 3). Specifically, it applies a sparse flow decomposition algorithm, originally pro-

posed in [36], to reconstruct the minimum number of flow paths (as assembled transcriptome)

that satisfy node and edge constraints.

3.2.2 Splice graph generation

Based on the read alignments (Fig 3.3A), RefShannon conducts the splice graph generation

in three steps: split, merge and connect (Fig 3.3B-D).

In the split step (Fig 3.3B), we divide inferred exon regions (Fig 3.3A) into sub exon

regions where splice junctions may occur. Splice junctions represent the exon or sub-exon

boundaries where alternative splicing could occur. They can be determined according to the

read alignments, because a read sampled across two exon parts in a transcript can be split

aligned onto disconnected genome regions, with the locus where the read leaves as the splice

donor and the locus where the read enters as the splice acceptor. For example, a 100-bp

read could be split-aligned onto the genome (chromosome 15) at loci [78837259, 78837318]

and loci [78837519, 78837558], then we consider there is a splice junction at locus 78837318

(as splice donor) and at locus 78837519 (as splice acceptor). Once we determine a splice

junction (splice donor or acceptor) in the middle of an exon, we need to divide the exon

further into sub exons, because the splice junction indicates that a divided sub exon could

link to another non-adjacent (sub) exon that may belong to the same RNA transcript.

In the merge step (Fig 3.3C), we empirically merge two exon regions based on their gap

and expression levels in order to reduce the chances that the gap is actually part of exon

but not covered by reads. For example, we merge two exon regions if they are very close

to each other. Statistics have shown that less than 0.01% of introns are smaller than 20 bp

in length [72], so a gap within 10 bp is highly unlikely intronic but should be an uncovered
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Figure 3.3: Illustrations of splice graph generation (A) Exon regions are identified
based on read alignments. (B) A splice event happens in the middle of Exon A, which
implies Exon A should be further split into two sub exons at splice donor location. (C) Exon
A1 and A2 should not be merged due to a splice event after A1. Exon B and C shall be
merged if their gap is small. Exon D and E shall be merged if their gap is moderate but
their coverage is high. (D) Exon A1 and A2 are connected because there’re read alignments
(green color) crossing them. Exon A1 and BC are connected because there’re splice junctions
(brown color) between them. Exon BC and DE are connected because they each contain
one side of read pair alignment (brown color) and there are no other exon regions between
them. A known path (A1, BC, DE) is collected because the read pair alignment (brown
color) involves these three nodes.

exonic region. We also merge two exon regions if they are moderately close to each other

and have high read coverages. However, all merge procedures require two regions have no

splice donors or acceptors between them, otherwise the genome gap between them should

not occur together with the two regions in true transcripts.

In the connect step (Fig 3.3D), we establish weighted edges among nodes and collect

known path information. Two nodes are connected by a directed edge if there is a read

alignment crossing one node to the other. The two nodes can be continuous or discontinuous
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on the genome when there’s a splice junction between them. The related edge weight is

proportional to the number of crossing read alignments. Edges can be augmented by using

pair end reads (Fig 3.3D). If a read pair alignment has its first segment onto one node and

the second segment onto another node, and there’re no other nodes between them, these two

nodes should be adjacent in some true transcript and hereby an edge should be added to

connect them, even if there’re no read alignments crossing these two nodes. Known paths

(sequences of nodes inferred from read alignments) are collected when a read alignment

crosses more than two nodes, or a read pair alignment for an augmented edge involves more

than two nodes (also Fig 3.3D). We store known paths as a tuple of triple nodes. This not

only provides sufficient extra information for flow decomposition later, but also helps reduce

memory.

3.2.3 Sparse flow decomposition

Sparse flow decomposition has been proposed in [36] for de novo assembly and here we adapt

it into the RefShannon framework for genome-guided assembly. Given a splice graph, it finds

the minimum set of flows (e.g. paths with weights) that explains the splice graph.

Mathematically, given graph G = (V,E), we need to find argminT |T | such that ∀v ∈ V ,

∀e ∈ InEdges(v) ∪OutEdges(v), we =
∑

t∈T,e∈t f(t) where t ∈ T is a path in G corresponds

to an RNA transcript and f(t) represents the flow weight of t.

This is a hard task, because there can be |P | = 2|V | paths, and thus 2|P | possible sets of

flows. Instead, we try to decompose a set of flows out of the splice graph node by node in

topological order, as illustrated in Fig 3.4. Specifically, we first add a special source node

to connect all nodes without in-edges and a special sink node to connect all nodes without

out-edges. We then do local sparse flow decomposition iteratively for each node. Finally,

we collect flows that start from source node and stop at sink node as reconstructed RNA

transcripts.

The local sparse flow decomposition at node v tries to find the minimum number of

flows through v restricted by edge weight constraints. It can be formally described as: find
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Figure 3.4: Example of sparse flow decomposition. In this figure, starting from the
initial splice graph on the top left side, we try to recover transcriptome by doing local
decomposition for node C,E and F iteratively.

argminf ||f ||0 such that
∑

i∈InEdges(v) fi,j = wj, ∀j ∈ OutEdges(v) and
∑

j∈OutEdges(v) fi,j =

wi,∀i ∈ InEdges(v) and fi,j ≥ 0 . Here ||f ||0 means the support set of {fi,j}, or the number

of positive fi,js.

Solving this problem may not be practically efficient. Consider for each node v, we have

m× n possible flows (m = |InEdges(v)|, n = |OutEdges(v)|). We need to enumerate all 2mn

path combinations to figure out which combination offers us min ||f ||0 and keeps the edge

weight constraints.

One possible thought to ease the problem, as commonly used in signal processing, is to ap-

proximate ||f ||0 by ||f ||1, which unfortunately turns out to be a constant: ||f ||1 =
∑

i,j fi,j =∑
iwi =

∑
j wj. Meanwhile, we have noticed that ||f ||0 = ||f � r||0, r = {ri,j|ri,j > 0}(�

is element-wise product). So instead of approximating ||f ||0 by ||f ||1, we try to approxiate

||f ||0 by ||f � r||1 =
∑

i,j fi,jri,j.

Therefore, we have relaxed the original problem as: find argminf
∑

i,j fi,jri,j such that
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∑
i∈InEdges(v) fi,j = wj,∀j ∈ OutEdges(v) and

∑
j∈OutEdges(v) fi,j = wi,∀i ∈ InEdges(v) and

fi,j ≥ 0, ri,j > 0 . We could use linear programming (e.g Python CVXOPT package (http:

//cvxopt.org/)) to solve the above problem.

Since the result may contain noise, we also need to do some thresholding to get a sparse

solution.To get the sparsest result, we generate r by a number of times and select the sparsest

f as the final local sparse flow decomposition solution.

It is also possible that the local sparse flow decomposition may bring two results that

have the same lowest sparsity and satisfy the edge constraints. This can be resolved if one

of them includes a known path, as illustrated in Fig 3.4 as well as Fig 3.1C.

3.3 Results

To demonstrate its superior performance, we have compared RefShannon to two widely used

assemblers StringTie [27] and Cufflinks [61], which are recommended in previous benchmark

work [66]. We have also compared RefShannon to guided Trinity [58] and recently published

Ryuto[42], as they show relatively good performance among various assemblers in our initial

analysis using smaller datasets. Our performance evaluation metrics include ROC (including

sensitivity and false positive) for simulated datasets and sensitivity for real datasets. We

will also discuss its computational complexity.

3.3.1 Datasets

Our performance evaluation is based on both simulated datasets and real datasets, as sum-

marized in Table 3.1.

The real datasets include 132.05M Illumina single end reads (50-bp) sampled from human

embryonic stem cells (HESC) (GSE51861 [73]) with 13274 reference transcripts, 115.36M

Illuminar pair end reads (101-bp) sampled from Lymphoblastoid cells (LC) (SRP036136

[74]) with 207266 reference transcripts. We also use 183.53M Illuminar pair end reads (100-

bp) sampled from HEK293T (Kidney) cells (SRX541227) previously produced and studied

in StringTie [27]. The HESC reference transcripts are assembled by hybrid assembler IDP
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from the 135M short reads together with 7.8M long PacBio reads [73]. The LC reference

transcripts are based on GENCODE annotations augmented by utilizing a combination of

short reads with long PacBio reads line (700K CCS reads) [74]. We also use LC reference

transcripts for Kidney dataset.

HESC LC Kidney HESC-Sim LC-Sim Kidney-Sim

PE or SE SE PE PE SE PE PE

Read Length 50 101 100 50 101 100

Num of Reads (SE) or Read Pairs (PE) 132.05M 115.36M 183.53M 150M 150M 150M

Num of Reference Transcripts 13274 207266 207266 207266 207266 207266

Num of Reference Transcripts (Oracle Set) 2694 32394 15605 - - -

Access Number GSE51861 [73] SRP036136 [74] SRX541227 [27] - - -

Table 3.1: Data Statistics. There’re three real datasets (HESC - human embryonic stem
cells, LC - Lymphoblastoid cells, Kidney) and the corresponding three simulated datasets
(HESC-Sim, LC-Sim, Kidney-Sim) used for evaluation. PE stands for pair-end reads and
SE for single-end reads. Oracle Set refers to reference transcripts fully covered by reads.

The simulated datasets are generated based on the real ones. Specifically, we choose LC

reference transcripts as the ground truth transcriptome for all simulated datasets. We then

use RSEM [30], which is a popular transcriptome quantification tool, to learn parameters

from each real dataset based on the alignments of real reads onto the reference transcripts.

Based on the ground truth and learned parameters, we generate the relevant simulated reads.

3.3.2 Experiment procedure

The experiment procedure is as follows. For each dataset, we first use STAR aligner

[67] to align reads onto reference genome (human genome hg19, downloaded from http:

//hgdownload.cse.ucsc.edu/goldenpath/hg19/bigZips/) that contains multiple chro-

mosomes. We choose STAR aligner since it had better performance for most of the as-

semblers than using alternative aligners such as Tophat2 [68] and Hisat2 [69], in our initial

evaluation using smaller datasets; in addition different aligners did not affect the comparison

conclusions.
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We then apply assemblers onto read alignments to reconstruct transcripts for all chromo-

somes. The assemblers which we have selected to compare RefShannon to include Cufflinks

(v2.2.1), StringTie (v1.3.4d), Ryuto (v1.3m) and Trinity (v2.9.1) as they show relatively

good performance in our initial analysis of various assemblers using smaller datasets.

Finally, we evaluate the reconstructed transcripts and compare them with relevant refer-

ence transcripts to see the performance of ROC (including sensitivity and false positive) for

simulated datasets and sensitivity for real datasets.

3.3.3 ROC of simulated datasets

For simulated datasets (HESC-Sim, LC-Sim, Kidney-Sim in Table 3.1), since we know the

ground truth reference transcripts, we check the performance of receiver operating charac-

teristic curves (ROC), which includes sensitivity as well as false positive.

The metric of sensitivity describes how many reference transcripts have been correctly re-

constructed. To evaluate sensitivity, we first use blat (https://genome.ucsc.edu/goldenpath/

help/blatSpec.html) to create a mapping between reconstructed transcripts Trec and ref-

erence transcripts Tref . We associate each reference transcript t ∈ Tref with a reconstructed

transcript r ∈ Trec that mostly matches t. We then consider each t ∈ Tref is correctly

recovered if it is over 90% matched with its associated r ∈ Trec.

The metric of false positive describes how many transcripts are falsely reconstructed and

do not belong to the true reference transcripts. Based on the blat result, we consider a

reconstructed transcript r ∈ Trec to be a false positive if it is below 90% matched with any

reference transcript t ∈ Tref . Note if r ∈ Trec is contained in a reference transcript t ∈ Tref ,

it is not considered to be a false positive.

In addition to the threshold of 90%, we have also tried other thresholds, and it does not

affect our comparison conclusions.

To have a comprehensive understanding of the ROC performance, we run StringTie and

Cufflinks in both default mode and max sensitivity mode; we run Ryuto and guided Trinity

in their default modes after tuning several parameters which don’t affect sensitivity much.
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We also tune RefShannon so that it is able to adaptively adjust its splice graph generation

as well as sparse flow decomposition output in order to trade off its sensitivity and false

positive performance.

Fig 3.5 illustrates the ROC performance. Overall RefShannon shows higher sensitivity

at a given false positive ratio than other assemblers. For example in simulated LC dataset,

the max sensitivity point of RefShannon (the top right blue point) has higher sensitivity and

lower false positive than StringTie in max sensitivity setting and the min false positive point

of RefShannon (the lower left blue point) has higher sensitivity and lower false positive than

Cufflinks in default setting. Quantitatively, if we fix false positive ratio at 15.5%, we obtain

a sensitivity gain of 13.5% over guided Trinity which has the second best ROC point. The

conclusion is similar in the Kidney dataset, where RefShannon obtains a sensitivity gain of

22% over guided Trinity at 19% false positive ratio. In the HESC dataset, RefShannon shows

an ROC trend similar to guided Trinity and has a sensitivity gain of 10.6% over Cufflinks

which shows the next best ROC point at 12% false positive ratio. There is a larger gain in

LC and Kidney datasets of pair-end reads than in HESC dataset of single-end reads probably

because RefShannon is able to better utilize the pair-end information not only in the splice

graph construction but also in the flow decomposition stage.

3.3.4 Sensitivity of real datasets

For real datasets, since it is hard to judge if a reconstructed transcript is a false positive or an

unknown transcript yet to be discovered, we thus focus only on sensitivity performance which

means among the known reference transcripts, how many of them are correctly recovered.

The sensitivity calculation is similar to previous ROC approach. The difference is (1) For

fair evaluation of sensitivity, we run assemblers all in their max sensitivity settings. (2) We

only use a subset of reference transcripts as an “oracle set” (statistics in Table 3.1) for each

real dataset. The oracle set contains reference transcripts that are fully covered by reads

(tolerated by 25 bp from both ends). We consider these as expressed reference transcripts

and expect them to be reconstructed by assemblers.
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Figure 3.5: ROC analysis of simulated datasets.

Fig 3.6 shows our sensitivity evaluation for the three real datasets (LC, HESC, Kidney).

In the three subplots along the first column, reference transcripts in the oracle set are grouped

according to their read coverage. If a reference transcript has a low (or high) read coverage,

it implies its expression level in cells is low (or high). Note the oracle sets of reference

transcripts are different among three datasets, so the group values per dataset are different.

For LC and Kidney datasets, most of the reference transcripts are within lower coverage.

Therefore, we group the reference transcripts into read coverage of 60, 10, 10, 10 and 10

percentile. For HESC, the reference transcripts are grouped into 20 percentiles each. For

each dataset under various read coverage conditions, RefShannon has recovered reference

transcripts better than all other assemblers. In the three subplots of the second column,

reference transcripts are grouped according to their isoform multiplicity. Recall that a gene
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Figure 3.6: Sensitivity analysis of real datasets. The y-axis of each subplot is recovery
ratio, the ratio of the number of correctly reconstructed reference transcripts over the total
number of (oracle) reference transcripts. The x-axis of each subplot in left column is read
coverage, and the x-axis of each subplot in right column is isoform multiplicity. A lower read
coverage implies less expression level of reference transcript in cells, and a higher isoform
multiplicity implies more complex splicing patterns. Isoform multiplicity in HESC is lower
than that of LC data, implying a simpler splicing structure of reference transcripts in HESC
data.

may contain multiple transcripts (i.e. isoforms) due to alternative splicing, and the isoform

multiplicity of a transcript refers to the number of isoforms of that transcript’s gene. A higher

isoform multiplicity value implies a more complex splice graph for recovery and also implies

longer transcript length. Here the reference transcripts for HESC have relatively simple

isoform multiplicity (most equals to 1), so we group reference transcripts into about 70, 15

and 15 percentile, while the reference transcripts for LC and Kidney datasets are grouped into

20 percentiles each. For each dataset under various isoform multiplicity regions, RefShannon
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has also recovered more reference transcripts than all other assemblers. Note that Cufflinks’s

performance drops in LC and Kidney compared to HESC, this could be because reads from

LC and Kidney datasets are pair end and there are more read alignments Cufflinks may

consider to be compatibility uncertain and thus throw away. Note also that guided Trinity

does a good job to recover the transcripts of high expression levels in HESC dataset, this

could be because the relevant underlying assembly graphs are less fragmented.

3.3.5 Computation resources

We have run RefShannon, StringTie, Cufflinks, Ryuto and Trinity by their default mode on

the three real datasets to measure their computational resources.

The experiments were conducted using 20 CPUs (AMD Opteron 6380, 1400MHz) of a

lab server with 515G total memory. The memory consumption (the high-water RSS plus

CACHE memory usage of involved threads2) and time consumption (the total wall clock

time) are captured using cgmemtime (https://github.com/gsauthof/cgmemtime), which

was previously adopted to compare the computational complexities for read aligners [75].

Datasets RefShannon StringTie Cufflinks Ryuto Trinity

HESC (132M SE reads) 34.5 min 4.3 min 58.6 min 10.32 min 12.1 hrs

LC (115M PE reads) 5.19 hrs 21.7 min 8.27 hrs 5.26 hrs 30.8 hrs

Kidney (183M PE reads) 9.23 hrs 38.37 min 43.77 hrs 16.69 hrs 41.7 hrs

Table 3.2: Time Consumption. Best performance is in bold-font.

Table 3.2 and 3.3 show the time and memory results respectively. In terms of time,

StringTie is the fastest whereas RefShannon is overall faster than Cufflinks, guided Trinity

and Ryuto. In terms of memory consumption, Stringtie and Cufflinks work better especially

in the largest Kidney dataset. RefShannon’s memory consumption is high, this could be

2For RefShannon, we apply multiprocess instead of multithreads.
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Datasets RefShannon StringTie Cufflinks Ryuto Trinity

HESC (132M SE reads) 59.69 0.98 7 0.65 100.26

LC (115M PE reads) 106.2 15 13.18 3.56 187.43

Kidney (183M PE reads) 166 27.36 30.99 70.50 281.48

Table 3.3: Memory Consumption (GB). Best performance is in bold-font.

because RefShannon is written in Python and memory sharing is less efficient especially for

multiprocessing. Guided Trinity takes more time and memory, which is reasonable as it is

essentially doing de novo assembly but in smaller regions.

Currently, a typical lab server with at least 20 CPU cores and over 200GB memory

would be sufficient to run RefShannon on large real datasets. One of our future direction is

to further improve its computational efficiency.

3.4 Conclusion

We have developed RefShannon - a new genome-guided transcriptome assembler as an exten-

sion of the original de novo Shannon project[36]. It utilizes a careful splice graph generation

procedure aimed at capturing as much information as possible from read alignments, and

utilizes a sparse flow decomposition algorithm aims at reconstructing as small number of

transcripts as possible under splice graph constraints. Our evaluation shows performance

gain of RefShannon over state-of-art genome guided assemblers for both simulated and real

datasets. We expect RefShannon will help discover novel genes and isoforms that may be

missed by existing transcriptome assemblers. We also expect its intermediately generated

splice graphs (with nodes, edges and paths) will provide helpful interface to be used by other

relevant research.

There are several future directions. One of them is to further improve the computational

efficiency as described previously.

In addition, it shall be useful to incorporate the third generation long reads (e.g. PacBio
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[19] and Nanopore reads [20]) to assist the short read assembly process. Compared to the

short RNA reads (e.g. < 300 bp), long reads (e.g. > 10000 bp) will be able to better bridge

multi-exons and resolve repetitive regions. However, they are more expensive (e.g. 100 to

280 Euro per isolate) and have higher errors (typically 10% to 15%), whereas short reads are

more cost-effective (e.g. 40 Euro per isolate) and also much more accurate (typically below

0.1% error rate) [21, 22]. Ideally, applying long contigs (or reads) into short read assemblers

could be an effective feature [27, 42].

Moreover, it could be interesting to apply RefShannon onto the downstream analysis

such as variant calling (e.g. SNP or small indels). RefShannon shows a better sensitivity

(under a similar false positive rate) than existing assemblers, which implies additional new

RNA transcripts could be discovered. Using variant callers (e.g. GATK [76] or our recently

developed abSNP [37]) to look for variants from newly discovered transcripts may help

scientists gain new medical insights.
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Chapter 4

ABSNP: RNA-SEQ SNP CALLING USING ABUNDANCE
ESTIMATION

4.1 Introduction

Decoding individual-specific (or even tissue or cell-specific) variations with respect to a ref-

erence genome is an important task, downstream of DNA sequencing. Among the variations

that can be detected with high throughput sequencing data, the most frequently called vari-

ants are single nucleotide polymorphisms (SNPs), which specify single base loci at which the

target sequence differs from the reference allele. A reliable detection of them is an important

task because they are relevant in predicting organismal traits as well as implicated in several

diseases.

Existing SNP calling software (i.e. DNA-seq SNP callers), such as GATK [28], GlfMul-

tiples [29], SAMtools mpileup [30], FreeBayes [31] and VarScan [32], mainly rely on whole

genome sequencing (WGS) or whole exome sequencing (WES). While WGS can call SNPs

throughout the entire genome, many downstream pipelines only consider SNPs in gene exon

regions, as their impact is easier to quantify. Therefore, WES is a widely used cheaper alter-

native, which focuses on DNA reads from the exonic regions. A third strategy is to utilize

RNA-seq reads from a tissue of interest and use those reads both for (a) expression estima-

tion as well as (b) variant calling. Beside being fast and inexpensive [77], this third strategy

is advantageous when the genes harboring SNPs of interest are likely to have non-negligible

expression, such as in cancer tissue analysis. However existing DNA-seq SNP callers are not

This is joint work with Professor Soheil Mohajer from Electrical and Computer Engineering Department,
University of Minnesota.
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suitable to properly handle RNA-seq data directly. One reason is that RNA-seq reads may

be sampled from two different exons, and these splice junctions are typically not captured

by these callers. In addition, RNA-seq data also has a specific feature, namely the varying

expression of different genes, with expression levels varying over several orders of magnitude.

To address the above-mentioned challenges, designing SNP callers tailored for RNA-

seq data (i.e. RNA-seq SNP callers) is necessary. There are only a limited number of

works on RNA-seq SNP calling, such as eSNV-detect (2014) [33], SNPiR (2013) [34], GATK

(2011) [28] and SNVMix (2010) [35]. eSNV-detect and SNPiR essentially rely on SAMtools

mpileup and GATK to call SNPs respectively, and SNVMix depends on SAMtools mpileup

to prepare necessary statistics for SNP calling. Among these, only GATK is still under

constant maintenance and development.

Even though most existing SNP callers (especially GATK) offer excellent performance on

benchmark sets, these sets are usually only representative of regions in the genome without

repeats. On the repetitive regions, where reads are not uniquely mapped, most callers are

unable to make any reliable calls, since they simply discard all of the multiply mapped reads

and consequently the corresponding SNP information will be missed. We note that even

projects that are designed to catalog the performance of SNP callers, such as Genome in a

bottle project [78], consider high-quality calls only in non-repetitive regions. This limitation

fundamentally comes from the fact that existing read aligners are unable to differentiate

between multiply mapped reads, and therefore cannot make any predictions on the origin of

the SNP with confidence.

There are some studies regarding DNA-seq SNP calling that consider multiply mapped

reads, such as Sniper [79], SiRen [80] and GW-CALL [81], but to the best of our knowledge

there is no work yet on RNA-seq SNP Calling that addresses the problem of multiply mapped

reads on repetitive genomic regions.

To fill this gap, we’ve designed abSNP 1, which is a novel RNA-seq SNP caller that is able

1“a” stands for abundance and “b” stands for Bayesian principles. abSNP is written in Python and is
freely available at https://github.com/shunfumao/abSNP.
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to call SNPs even in repetitive regions. The key idea, is to use the products of abundance

estimation (also known as quantification), which include estimated gene expression levels

as well as more accurate read mapping quality scores. As far as we know, such kind of

information has not been exploited yet for RNA-seq SNP calling.

We demonstrate that utilizing such information leads to significant gains in SNP calling

performance. In comparison to existing callers that are unable to make any calls in multi-

ply mapped regions, abSNP is able to get significantly improved sensitivity. In particular,

in SNPs that have high coverage, abSNP demonstrates high accuracy, making it a viable

alternative to existing SNP callers.

The remained chapter is organized as follows. We first describe the abSNP methods. We

then show its superior SNP detection performance using simulated datasets. Lastly, we will

conclude our work and discuss future directions.

4.2 Methods

4.2.1 Problem Statement

AbSNP calls SNPs in diploid genome based on RNA-seq data. The input is a set of RNA-seq

reads sampled from the transcriptome.The goal is to identify SNPs located within the gene

regions of the target individual, i.e., the loci at which the target genome is different from a

known reference genome. To this end, we use the standard technique of read alignment of

the sampled reads onto the reference sequence and compare the nucleotides on the mapped

reads to those of the reference genome to call SNPs.

There are several challenges that need to be addressed: (i) The most important factor is

due to existence of repetitive regions in the target/reference; reads sampled from repetitive

regions get mapped to multiple loci, and the algorithm has to figure out where they are

sampled from. (ii) Not all the reads sampled from a locus carry SNP information. This is

due to the heterozygous SNPs, in which one of the alleles contain a SNP, and the other one

matches with the reference genome. (iii) A unique feature of RNA-seq data is that there is
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potentially a wide gap between the number of reads sampled from the paternal and maternal

alleles, due to the varying expression levels of the corresponding genes.

4.2.2 Assumptions

To handle the above-mentioned challenges, we develop abSNP based on the following three

key assumptions in order to simplify our modeling of the problem: (i) Single SNP across

repetitive regions : When there are repetitive regions, we assume that at most one copy has

a SNP at a given locus. This assumption is valid since the probability of SNP is small

(p ≈ 0.001) and the probability of two SNPs p2 is negligible. We note that each copy of a

repetitive region can have many SNPs; just that they do not occur at the same base locus.

(ii) Heterozygous SNPs : We assume that SNP only appears in one of the paternal or the

maternal allele, while the other allele is consistent with the reference genome. Our methods

can also detect SNP occurring in both alleles (i.e. homozygous SNP), but further method

is needed to distinguish whether a SNP occurs in one or both of the alleles. (iii) Equal

allele contribution: This means each paternal and maternal allele contributes equally to the

abundance at each genomic locus2.

4.2.3 Definitions

We briefly review a set of terms and notations (as in Figure 4.1) that are useful for presen-

tation of the algorithm and the following discussions.

We denote the base of the reference genome (reference base) at the current locus i (target

locus) by r ∈ {A,C,G, T}, and the estimated expression level as λ. The locus i is called a

SNP if among the two alleles of the individual sample, one allele (non-SNP allele) has base

r, and the other allele (target allele) has x 6= r (recall the heterozygous SNP assumption).

Let R = {R1, R2, . . . , RJ} represent the J sampled reads mapped onto the reference

genome so that they cover locus i. For each Rj, we denote its base covering the locus i as

2This assumption is used to develop our algorithm, however, this assumption is not critical. In our actual
evaluation each allele has a randomly assigned (thus different) expression levels.
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Figure 4.1: A typical scenario of SNP calling at locus i

bj, and its base quality3 at locus i by qj. The read mapping quality (MAPQ) of Rj at i is

denoted as Qj. The read Rj is called a SNP read at locus i if bj 6= r. Depending on whether

a read Rj is mapped to several loci or not, it is also called a multiply mapped read or a

uniquely mapped read (unique read for short) respectively. If a read is multiply mapped to

K loci, then it has multimapping degree K.

In addition, we define repetitive regions as the loci connected by multiply mapped reads.

For example, in Figure 4.1 Rj is mapped to loci {i, i1, ..., iK}, so they form repetitive regions,

and we call {i1, ..., iK} the alternative loci of locus i. In contrast, unique region refers to the

loci having no multiply mapped reads.

3Note the base quality is encoded in read file, and is different from mapping quality of a read, which is
encoded in the read alignment file.
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4.2.4 Overall Workflow

Figure 4.2: Overall Flow of abSNP

The overall workflow is illutrated in Figure 4.2. AbSNP takes input of raw reads, refer-

ence genome and transcriptome annotations. It utilizes STAR [67] to align reads onto the

transcriptome and utilizes RSEM [82] to do abundance estimation. Based on RSEM outputs,

we obtain expression values per genome locus as well as the genome-based read alignments

which contain rich MAPQ information. Although it is also possible to use pure alignment

software (e.g. STAR [67] or TopHat2 [68]) to obtain genome-based read alignments directly,

there will be no expression value and rich MAPQ information (e.g. λ and Q highlighted in

Figure 4.1) which are useful signals needed by abSNP.

The alignments of low MAPQ are filtered (Section 4.2.5) and necessary statistics are

collected. AbSNP then calls SNPs in both unique and repetitive regions (Section 4.2.6).

Lastly, abSNP filters both the SNPs slightly outside the splice boundaries and the SNP

bursts4 in order to reduce false positives (Section 4.2.7).

4.2.5 MAPQ Filtering

MAPQ (MAPping Quality of read alignments) is a metric used to capture the confidence

about mapping of a read to a reference region. As described in [83] as well as in official read

4SNP burst refers to a group of called SNPs that are very close to each other.
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alignment format [84], it is defined as: −10log10(1− P (correct mapping)). Since a read can

be multiply mapped onto different loci (i.e. repetitive regions), a better knowledge of MAPQ

for each alignment can potentially help us remove false alignments and consequently achieve

a better SNP calling performance.

Although well defined, the MAPQ scores reported by existing RNA-seq read aligners

(such as STAR and TopHat2) are usually uninformative and have the same value for all of

the multiply mapped reads. For example, in STAR (also similar in TopHat2), a uniquely

mapped read will have MAPQ = 255 and a read multiply mapped onto Nmap loci will have

MAPQ = −10log10(1 − 1
Nmap

) corresponding to P (correct mapping) = 1
Nmap

. If the read

maps equally well to all possible loci, there is not enough information to determine its true

locus.

However, if we take another view from abundance estimation, it is possible to get ad-

ditional information. To estimate transcripts’ abundances, an Expectation-Maximization

(EM) algorithm is typically involved, which alternates between the two steps: (1) given the

read alignments onto RNA transcripts, the abundance of transcripts is estimated; (2) given

the abundance of transcripts, the read alignment probabilities are refined. This iterative

procedure calculates the probability that a given read is assigned to a particular genomic

locus and therefore can be used as a sharper estimate of MAPQ. Here we use RSEM [82],

a software extensively used for abundance estimation, to provide us with refined MAPQ

scores5.

We then filter out some of the low quality read alignments with MAPQ scores lower than

certain threshold (e.g. 0.1) via the MAPQ filtering process (Figure 4.2). We empirically

choose this threshold, since we find this helps effectively removing false alignments of multiply

mapped reads that may cause false positives.

5It is also possible to replace RSEM with other abundance estimators such as eXpress [19].
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4.2.6 SNP Calling Algorithm

AbSNP separates the strategies to call SNPs for unique and repetitive regions. For a unique

locus i, abSNP calculates the probability scores of the target allele base being {A,C,G, T}.

These scores are used directly to identify if a SNP exists at locus i. For repetitive regions,

there could be a multiply mapped read propagates SNP signal to different loci, introducing

false positives if these loci are called as SNPs because of the SNP signal. To avoid false

positives, these loci will be called jointly according to their probability scores and other

statistics.

Probability Score

We apply maximum a-posterior probability (MAP) to estimate Si(x), the probability score

of the target allele base at locus i being x ∈ {A,C,G, T}, as6:

Si(X = x|R) =
P (R|X = x)P (X = x)

P (R)
(4.1)

where R = {R1, . . . , RJ} is the set of reads mapped over locus i of the reference genome,

and X is a random variable, which represents the possible target allele base x ∈ {A,C,G, T}

at locus i.

Here P (X = x) can be further expressed as:

P (X = x) =


PSNP

3
if x ∈ {A,C,G, T} \ {r}

1− PSNP if x = r
(4.2)

where PSNP indicates the prior probability (i.e. general knowledge) for a SNP to occur per

genomic locus7.

6The notations are illustrated in Figure 4.1 and the dependency of variables on i is eliminated, whenever
it is clear from the context.

7PSNP can be set based on the knowledge of SNP rate of the genome of interest. Suppose there are around

10 million SNPs across human genome of 3 billion bases, then we could set PSNP as 107

3×109 ≈ 3× 10−3.
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To decompose P (R|X = x). A common approach is to assume reads are independent

from each other (as used in [83]), so we have:

P (R|X = x) = ΠJ
j=1Pj = ΠJ

j=1P (Rj = bj|X = x, r, qj, Qj) (4.3)

Here Pj indicates the probability of the j-th read (i.e. Rj) having base bj at locus i, given

all the other assumptions, including base x at the target allele, the base r in the reference,

the read base quality score qj, and the mapping quality score Qj of read Rj. We can further

expand Pj as:

P (Rj = bj|X = x, r, qj, Qj) = Qj ×



qj if bj = x = r

qj
3

+ 1
6

if bj = x 6= r

qj
3

+ 1
6

if bj = r 6= x

1−qj
3

if bj /∈ {x, r}

(4.4)

To understand Equation (4.4), let’s first consider a uniquely mapped read Rj (i.e. Qj =

1)8. For bj = x = r, Pj is the probability that read Rj is sampled from target individual’s

paternal or maternal allele at locus i (which is 1) and no error has occurred (which happens

with probability qj). Therefore, we have Pj = 1 × qj = qj. If bj = x 6= r, there are two

possibilities for observing Rj: either Pj is the probability of sampling Rj from the SNP allele

at locus i (which is 1
2
, due to the assumption of equal allele contribution) without error

(which is qj), or Pj is the probability of sampling Rj from the non-SNP allele (which is 1
2
)

with error (which is
1−qj
3

). Therefore, Pj = 1
2
qj + 1

2

1−qj
3

=
qj
3

+ 1
6
. Similar reasoning applies

to the remaining cases. For a multiply mapped read Rj, the MAPQ factor Qj at locus i

(representing the confidence of Rj belonging to locus i) will be small if Rj is more likely to

align to an alternative locus and consequently penalize Pj at locus i .

8It’s possible that Qj ∈ (0.9, 1) if a read is multiply mapped but becomes uniquely mapped after MAPQ
filtering. In this case, we still use Qj = 1.
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SNP Calling on Unique Regions

At unique regions (assume it is locus i in Figure 4.1), we need to estimate the target allele

base as: x̂ = arg maxx∈{A,C,G,T} Si(x) = arg maxx∈{A,C,G,T} P (R|X = x)P (X = x). The

second equation holds since P (R) is a constant. Therefore, x̂ can be estimated by using

Equation (4.2) to (4.4), and we will call a SNP at locus i if x̂ 6= r.

SNP Calling on Repetitive Regions

On repetitive regions (assume they are I = {i1, ..., iK} in Figure 4.1), multiple SNPs could

be called. Based on the assumption of single SNP across repetitive regions (Section 4.2.2),

there should be one true SNP among them whereas the others are false positives9. Indeed,

if a read sampled from a true SNP locus is multiply mapped to its alternative loci, it will

falsely propagate its SNP information to these loci, causing false positives. Therefore, we

need to call SNP jointly on the repetitive regions, and keep only the most likely SNP across

the repetitive regions if it exists.

To formulate, let us consider the repetitive regions (assume they are I = {i1, ...ik, ..., iK}

in Figure 4.1) where SNPs are called (the estimated target allele base is different from the

reference base, i.e. xj 6= rj for j ∈ I). Our goal is to choose one (or none) of these SNPs. We

apply several heuristic rules in this selection procedure. For example, if the expression levels

across repetitive regions are very similar (
|λj1−λj2 |

λj2
< 0.5%,∀j1, j2 ∈ I), we will pick none of

these SNPs. We will also skip the SNPs where the expression levels are low (λj < 5, j ∈ I)

or the average read multimapping degree (defined in Section 4.2.3) of the repetitive regions

is big (>= 3). We prefer to select the locus supported by more unique SNP reads or larger

probability score(e.g. j∗ = arg maxj∈I Sj(xj)).

9In our simulation, there are only 1 to 2 cases where more than 1 true SNPs occur in repetitive regions.
All other cases follow the assumption of single SNP across repetitive regions.
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4.2.7 Boundary and Burst Filtering

In addition to MAPQ filtering (Section 4.2.5) and several filtering heuristics used on repet-

itive regions (Section 4.2.6), we design further filtering rules, such as boundary and burst

filtering, to reduce false positives caused by read alignment errors.

Specifically, we find many false positives occur near splice boundaries10. We filter the

SNPs called within certain window size (e.g. 10-bp) either after a splice donor or before a

splice acceptor. These are mainly caused by read alignment errors. We also find most SNP

bursts (SNPs called in continuous loci) tend to be false positives. We filter them as well.

4.3 Results

In this section, we perform simulation studies to compare the RNA-seq SNP calling perfor-

mance of abSNP with that of GATK, which is widely used and has a best-practice guideline

for RNA-seq SNP calling. We resort to simulation studies because it is difficult to obtain real

data with ground truth for SNPs that have multiply mapped reads, as existing methods are

unable to call these loci reliably. We demonstrate that while GATK is unable to make any

calls on the loci having only multiply mapped reads, abSNP can call SNPs with significant

accuracy.

4.3.1 Simulation Setup

To evaluate performance, we have developed an RNA-seq SNP simulator. The simulator

takes as input a reference genome, a transcriptome annotation, the requested number of

SNPs, and the read requirements (e.g. number, length, error rate, single-end or pair-end).

It assigns each transcript a random expression level according to a log-normal distribution.

We explicitly account for the effect of allele-specific expression with maternal and paternal

transcripts having different expression levels (in our case, we simulate these expression levels

10If a read is split aligned onto the genome region [a,b] and [c,d], we call b and c are splice boundaries,
and b is the splice donor and c is the splice acceptor.
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to be independent of each other). The requested number of SNPs are generated randomly

in the gene regions.

We then generate reads independently from the paternal and maternal transcriptomes

that contain SNPs using the UC Riverside RNA-seq simulator [85], with error rate set at

1% (to mimic Illumina error rates). We then pool the reads from the two alleles in order to

generate the dataset of RNA-seq reads.

We prepared 2 datasets each with 100M 100-bp single-end or pair-end reads. We choose

GRCh37 [86] as the reference genome and the relevant UCSC gene annotations [87] as the

transcriptome, and generate 0.1% SNPs for each dataset. To compare performance, we run

both abSNP and GATK by taking simulated reads as input and obtaining SNP candidates

as output. For abSNP, the process is described in Section 4.2.4. For GATK (version 3.4-46),

we apply its best practice [88] and incorporate the annotated transcriptome to improve its

read alignment.

4.3.2 Performance

We first utilize Venn Diagram Analysis to get a performance overview of abSNP and GATK

on the pair-end simulated datasets in Figure 4.3. The single-end datasets show similar

results.

AbSNP shows an overall better performance than GATK (Figure 4.3a). Specifically,

among the loci where both abSNP and GATK have SNP reads11, abSNP has correctly

detected 40, 217 out of 60, 917 true SNPs, with 152 false positives while GATK has correctly

detected 39, 265 out of 60, 917 true SNPs, with 16 false positives. We notice that although

the loci all have SNP signals for both abSNP and GATK, there are 19, 631 true SNPs still

undetected, this could be because most of these loci have only weak SNP signals (e.g. 1 or 2

SNP reads). Compared to GATK, abSNP has detected 952 more true SNPs at a relatively

11Note abSNP and GATK utilize different read alignments. AbSNP aligns reads onto transcriptome, filter
the alignments of low MAPQ, and then convert the transcriptome-based alignments to the genome-based
alignments. GATK utilizes genome-based alignments directly.
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(a) (b)

(c) (d)

Figure 4.3: Venn Diagram Analysis. (a) The loci where both abSNP and GATK have
SNP reads. (a) is further decomposed into (b-d). (b) The loci where abSNP has SNP reads
while GATK has only unique reads. (c) The loci where abSNP has SNP reads while GATK
has both unique and multiply mapped reads. (d) The loci where abSNP has SNP reads while
GATK has only multiply mapped reads.

minor cost of 136 more false positives.

The sensitivity gain of abSNP over GATK comes from both the regions where GATK is

able to capture SNP signals to make calls and the regions where GATK is unable to make
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any calls. To understand this, the loci in Figure 4.3a are further categorized into Figure 4.3b

where GATK has only unique reads, Figure 4.3c where GATK has both unique and multiply

mapped reads, and Figure 4.3d where GATK has only multiply mapped reads.

For the loci where GATK has only unique reads, the SNP signals all come from unique

reads and GATK is able to capture them and make SNP calls. In these loci where GATK

is traditionally good at, abSNP has detected 360 (37.8% of abSNP’s overall sensitivity gain)

more true SNPs with comparable (or even less) false positives (Figure 4.3b).

For the loci where GATK has both unique and multiply mapped reads, the SNP signals

may come from unique reads and therefore GATK is still able to capture them and make

some calls. In these loci, abSNP has detected 95 (10% of abSNP’s overall sensitivity gain)

more true SNPs with slightly more false positives (Figure 4.3c).

Together for these loci (Figure 4.3b and 4.3c), even if GATK is able to capture SNP

signals and call SNPs, abSNP has achieved better sensitivity (47.8% of its overall sensitivity

gain) with comparable false positives.

For the loci where GATK has only multiply mapped reads (Figure 4.3d), GATK will fail

to make any calls since it will throw all multiply mapped reads away. In contrast, abSNP is

still able to detect 497 true SNPs (52.2% of its overall sensitivity gain) at a comparatively

small cost of 128 false positives (84.2% of its overall false positive loss).

While on average abSNP achieves 19.1% sensitivity and 79.5% precision on loci where

GATK fails to make calls, we show that both sensitivity and precision improve as the SNP

signal ratio (the number of SNP reads over the total number of reads at a locus) increases,

as illustrated in Figure 4.4.

Specifically, in Figure 4.4a, true SNP loci are grouped by the SNP signal ratio, and

the sensitivity of abSNP reaches up to 56%. In Figure 4.4b, the SNPs called by abSNP

are grouped by the SNP signal ratio, and the precision of abSNP reaches up to 97% at

SNP signal ratio of [0.75, 0.92) range. The [0.92, 1.0) range has slightly decreased precision,

because many called SNPs within the range of this SNP signal ratio have low abundances

and are filtered away.
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(a)

(b)

Figure 4.4: AbSNP’s Sensitivity and Precision Analysis at the loci where GATK has
only multiply mapped reads and fail to make any calls. The loci can be further categorized
into the loci where abSNP has only unique reads (blue), the loci where abSNP has unique
and multiply mapped reads (green), and the loci where abSNP has only multiply mapped
reads (orange).
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To see what factors contribute to the sensitivity and precision gains, the bars in Figure

4.4 are further categorized into blue, green and orange colors. The blue color bars refer to the

loci where abSNP has only unique reads whereas GATK has only multiply mapped reads.

These could be contributed by MAPQ filtering, which turns an original multiply mapped

read into a unique read for abSNP. The orange color bars refer to the loci where abSNP also

have only multiply mapped reads. These could be contributed by our SNP calling algorithm

on repetitive regions. The green color bars refer to the loci where abSNP has both unique

and multiply mapped reads. These could be contributed by both MAPQ filtering and SNP

calling on repetitive regions.

4.4 Conclusion

While many algorithms have been developed in order to reveal SNPs in the human genome

(both coding and non-coding regions) based on different sequencing technologies, SNPs at

repetitive genomic regions remain mostly unexplored, because the current SNP discovery

mainly relies on methods that ignores all multiply mapped reads due to repetitive genomic

regions. We have developed abSNP that is especially designed in order to fill this gap (in

particular with regard to the usage of RNA-seq), through Bayesian principles and filtering

methods that utilize the unique products of RNA-seq abundance estimation that contain rich

mapping quality information and estimated abundance. We believe this is the first work to

explore this kind of information through an abundance estimation procedure. Our simulated

results have shown abSNP’s promising performance gain over the widely used GATK best

practice. The main gain over GATK is in multiply mapped reads, where GATK does not

make any SNP calls, whereas abSNP can get most SNP calls right on the high SNP signal

ratio regions.

There are several directions we leave for future work: (1) Testing abSNP on real data-

sets is an important direction for future work. This is complicated by the lack of ground-

truth SNP calls in multiply mapped regions. The present gold-standard datasets focus on

SNPs in non-repetitive regions, which is the reason for the excellent performance on these
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datasets. (2) abSNP does not factor RNA-editing into account, therefore the SNPs called

are post-transcriptional. Thus abSNP in combination with DNA SNP calling can be used

to quantify the impact of RNA-editing; although this requires strong statistical controls to

reduce the impact of false-positives. (3) Currently abSNP assumes that both alleles have

equal expression levels. While we have tested this in the simulation by having differing

allele specific expressions, the algorithm can be potentially improved if the effect of allele-

specific expression is accounted for. This is a chicken-and-egg problem since SNP calls are

needed in order to quantify allele-specific expression, whereas, knowledge of allele-specific

expression can improve SNP calls. Thus a joint SNP-calling and allele-specific expression

detection can be useful. (4) An interesting application of abSNP is to utilize cancer datasets

(e.g. DNA reads from normal and tumor samples, and RNA reads from tumor samples)

to detect somatic mutations, different from the common approach to utilize only the DNA

reads sequenced from normal samples and tumor samples. This is important because the

common approach may not contain enough signal due to low variant allele frequency of

somatic variants. RNA-seq could be highly expressed at somatic loci and therefore offer

signals for better detection.There are several works exploring this direction [89][90]. One

limitation for such kind of exploration is it requires access to authorized datasets of DNA

(normal), DNA (tumor), and RNA (tumor) from TCGA [91].
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Chapter 5

CELLMESH: PROBABILISTIC CELL-TYPE
IDENTIFICATION USING INDEXED LITERATURE

5.1 Introduction

Single-cell RNA sequencing (scRNA-seq) is becoming an essential strategy for identifying

cell types and understanding biological principles in complex tissues [23, 24, 25]. A typical

scRNA-seq analysis workflow begins with the preparation of a gene-cell expression matrix

(e.g. read quality control, read-to-transcriptome alignment and quantification), to which

dimensionality reduction and clustering are then applied (Fig. 5.1). Finally, the resulting

clusters are mapped to cell types based on their differentially expressed genes. While the

initial steps in the analysis workflow are increasingly becoming more mature [92, 93, 94], the

last step of assigning cell types to clustered cells remains an open problem [95].

There are several methods able to aid in assigning cell types based on cluster differentially

expressed genes [96, 97, 98, 47, 51, 99].The methods require databases that connect genes

to cell types and that can be queried. The databases are mainly collected either from a

few specific studies [96, 97], from manual literature surveys [98, 47, 51], or from scRNA-seq

experiments which have their clustered cells pre-annotated according to the cell-type markers

manually compiled from literature [99]. The database query mechanisms can be summarized

into two ways. The first way is to enumerate from database the cell types where the query

genes are expressed [97, 98, 99]. The second way is to return a list of cell types sorted by

their statistical significance with the query genes, based on Fisher’s exact test [47, 96] or

This is joint work with Yue Zhang from Computer Science and Engineering Department, University of
Washington.
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Figure 5.1: CellMeSH overview. CellMeSH mainly addresses the annotation of cell types,
which is usually the last step of scRNA-seq analysis. It provides web service to take input
of the differentially expressed genes of clustered cells, and produce output including ranked
candidate cell types, overlapping genes and related literature resources. It relies on a database
by linking the Gene2pubmed genes and MEDLINE MeSH cells. The database is queried by
a probabilistic method based on maximum likelihood estimation.

Kolmogorov-Smirnov test [51]. The common issue for these cell-type identification methods

is that their databases are not comprehensive; more critically it is also laborious to update

and expand them.

Instead of identifying cell types of clusters based on cluster expressed genes, another line

of recent work predict cell types of cells based on gene-cell expressions directly, by using

machine learning [14, 100].For example [14] first utilizes prior experiments to learn a neural

network model which is able to project the input gene expression into an embedding vector.

It then aims to find the cell type from prior experiments so that its embedding vector is the
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most similar to the one of the query gene expression. In [100], a classifier is first trained using

inputs of gene expressions and a cell-type marker-gene file, and then it classifies the gene

expression into the cell type from the marker file. The marker file is typically hand-curated,

and as [101] shows, will strongly affect the classifier performance. These methods are unable

to annotate the cell types that are either unseen in prior experiments (as used in [14]) or

absent from the marker file (as used in [100]). Given these limitations, it is still useful to

inspect the cluster expressed genes, as in a typical scRNA-seq analysis (Fig. 5.1).

Here, we propose CellMeSH, a new approach to annotate clustered single-cell data using

indexed literature. Similar to the approaches that predict cluster cell types, CellMeSH is

comprised of a database of gene cell-type mappings and a query method. Unlike the machine-

learning based approaches that directly use gene expression data, CellMeSH does not need a

separate training dataset, and could potentially handle cell types unseen in prior experiments.

CellMeSH builds its database in a scalable way, by automatically linking the gene and

cell-type information from millions of publications, based on the indexed literature resources

of Gene2pubmed [102] genes and MEDLINE [103] Medical Subject Headings (MeSH) [104]

cell terms. Such large-scale gene-cell type linking makes the database comprehensive and

easy to expand when new literature comes online. On the other hand, it could also make

any particular gene-cell association error prone; but the true associations can be potentially

unearthed by aggregating information across millions of papers.

To query the noisy CellMeSH database, we develop a novel probabilistic query method

using maximum likelihood estimation. It is different from the existing statistical query

methods [47, 96, 51], as they implicitly assume that the databases have only true gene cell

associations and are therefore noiseless. These methods do not work best in our setting.

In addition to the database and the query method, CellMeSH also provides web server1

and API2. The web server takes an input of the differentially expressed genes (or marker

genes) of a cluster of cells, and outputs a list of candidate cell types sorted by their relevance

1https://uncurl.cs.washington.edu/db_query

2https://github.com/shunfumao/cellmesh
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to the genes (Fig 5.1). For better interpretation, the overlapping genes and the corresponding

publications for each candidate cell type are also listed. The open-sourced API enables

CellMeSH to be integrated into other scRNA-seq analysis workflows, such as the UNCURL-

App [38], our recently developed interactive scRNA-seq analysis web server and tool.

Through a variety of experiments on human and mouse scRNA-seq datasets, CellMeSH

has demonstrated richer gene and cell-type information in its database, robust query method,

and an overall superior annotation performance.

The remained chapter is organized as follows. We first describe the CellMeSH methods

including the database and query method. We then show its annotation performance in

terms of the annotation heatmap, the top-k accuracy, and the UNCURL-App workflow

results. Lastly, we will conclude our work and discuss future directions.

5.2 Methods

5.2.1 CellMeSH Database

The CellMeSH database associates MeSH cell types indexed in the MEDLINE references

and genes indexed in Gene2pubmed.

To construct the CellMeSH database (Fig. 5.2), we first filter MEDLINE for refer-

ences containing MeSH cell types. MEDLINE [103] is a bibliographic database containing

around 30 million references to articles in the biomedical field, including to all articles in

PubMed. Each MEDLINE reference associates a subset of terms from Medical Subject

Headings (MeSH) [104] with each article. MeSH is a hierarchically organized terminology

for indexing and cataloging of biomedical information. Importantly, MeSH includes 570

terms related to cell types (nested under the MeSH category “Cell” with tree number A11).

Filtering MEDLINE for MeSH cell types results in a reduced dataset of 3.8M articles.

Next, we integrate gene information from Gene2pubmed [102], a database that links

standardized NCBI genes [102] with PubMed articles. Gene2pubmed currently references

20, 164 human and 27, 322 mouse gene names. A gene and a cell type are considered to
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Figure 5.2: CellMeSH database construction. The construction is species specific. For
instance, to construct the CellMeSH database for human, we start from all 30 million MED-
LINE references, and filter to keep 3.8 million ones containing MeSH cell terms. We fur-
ther filter to keep 300 thousand MEDLINE references co-occurring with human genes in
Gene2pubmed. Each remained MEDLINE reference p contains several MeSH cell terms {c}
and several genes {g}, and we append p to each (g, c) pair in the final CellMeSH database.

co-occur if there is at least one article that is associated with the cell type in MEDLINE

and with the gene in Gene2pubmed. We construct a matrix where each gene is a row and

each cell type is a column and the entry denotes the number of articles in which the gene

co-occurs with the cell type. For example, in the article with PubMed ID p=1591006, we

have indexed gene g = “CD79B” (according to Gene2pubmed) and indexed MeSH cell types

c1 = “B-Lymphocytes” and c2 = “Hematopoietic Stem Cells” (according to MEDLINE),

meaning that g co-occurs with both c1 and c2 in p.

The CellMeSH database has its statistics as follows. For human, 3.8% of all possible
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(20,164×570) gene-cell pairs have non-zero counts, and around 300,000 PubMed articles

each contain at least one pair. For mouse, the numbers are 2.4% (27,322×570) gene-cell

pairs with non-zero counts, and around 209,000 PubMed articles containing at least one

pair.

5.2.2 Probabilistic Cell-Type Identification

There are two major issues with using a literature-derived database. The first issue is the

publication biases. For example, certain genes or cell types are studied much more, so there

will be more publications and thus more associations containing those genes or cell types.

The second issue is noise in the gene-cell type mapping. The CellMeSH database is inherently

noisy, as it links genes and cell types at an article level, and the simple fact of an article

mentioning a cell type and a gene together does not imply that the gene serves as a marker

for the cell type. This leads to potentially spurious associations between genes and cell types.

To better utilize the literature-derived database, we first apply TF-IDF [105] to transform

the CellMeSH database, which addresses the issue of the publication biases of genes since

the transformation could penalize the weights of common genes. Specifically each weight

value wC(g), which is the number of co-occurrences of gene g in the cell type C, has been

adjusted using wC(g)← wC(g)× log NC

Kg
where NC is the total number of available cell types

in the database, and Kg is the total number of cell types with non-zero weight in gene g, i.e.

Kg =
∑

C 1C:wC(g)>0.

We then query the weight-adjusted database using a probabilistic method, which inher-

ently addresses the issue of publication biases of cell types (as reflected in the normalization

of wC(g) in Equation 5.1) and the issue of noises from spurious gene cell associations (as

reflected in the noise factor α in Equation 5.1). Our query method takes input of wC(g)

which is the adjusted weight of gene g in cell type C. The method also takes input of a

query Q which is a subset of genes. The method outputs the database cell types sorted by

their significance to the query.

Our probabilistic query method assumes the following generative model for the observed
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query data (based on which the inference is performed): (1) a cell type is first chosen (with

a uniform prior probability) (2) associated with the cell type is a probability distribution on

the genes given by p(g|C). A natural model for p(g|C) is to take it to be proportional to

the weight wC(g). (3) However, the previous model ensures that only genes with non-zero

weight for the cell type will be present in the query - this need not be the case in our noisy

dataset. To model this noise, we assume that with probability 1 − α the gene is sampled

randomly from the list of all genes, and with probability α it is sampled from the cell-type

specific gene distribution.

We also denote the total number of genes as Ng and the total number of genes with

non-zero weight in cell type C as KC , i.e., KC =
∑

g 1g:wC(g)>0. Thus, the probability of

picking a gene from a cell type can be written as follows:

P (g|C) =

 α wC(g)∑
g′ wC(g′)

if g ∈ Q ∩ C

(1− α) 1
Ng−KC

if g ∈ Q ∩ C̄
(5.1)

We denote by P (Q|C), the probability that the list of query genes is obtained from

a particular cell type C. We utilize P (g|C) as the probability that we see gene g in the

query given the cell type is C. Assuming that each gene is sampled independently, we have

P (Q|C) =
∏

g∈C P (g|C). We can then utilize maximum likelihood estimation to predict the

cell type Ĉ∗ that maximizes our chance of seeing the query:

Ĉ∗ = argmaxC logP (Q|C)

= argmaxC
∑
g

logP (g|C)
(5.2)

In practice, we fix α as 0.5. Note that α is a data dependent tuning parameter, which

controls our belief about how noisy the dataset is. Small α implies more noise (α = 0 implies

genes are sampled randomly independent of cell type) and larger values of α are useful when

the noise is less (for example, α = 1 implies that the sampled distribution is identical to the

cell-type distribution). In our experiments, α = 0.5 is applied to all queries.
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5.3 Results

5.3.1 Cell Type Annotation Performance

To quantify the overall cell-type identification performance of CellMeSH, we used three

scRNA-seq datasets with known cell types: two Tabula Muris (TM) datasets [106], and the

Mouse Cell Atlas (MCA) dataset [107].

In the evaluation, we used clusters and reference annotations obtained in the original

papers. For each cluster, we extracted the top n = 50 differentially expressed genes by one-

versus-rest gene expression ratio. These genes are assumed to be the marker genes of the

reference cell type and are used as a query input for CellMeSH. We then queried CellMeSH

with marker genes for each cluster and visualized results using heatmaps that show how

well the top-three retrieved candidate MeSH cell types agree with the reference cell type,

according to the hand-made mappings between the reference cell types and their correct

MeSH cell types.

Tabula Muris Datasets

The Tabula Muris (TM) datasets [106] consist of scRNA-seq data from cells captured from

20 different tissues in 3-month-old mice. TM contains two sub-datasets, with cells captured

using a microfluidic-droplet method (denoted as the TM-Droplet dataset) or by cell sorting

(denoted as the TM-FACS dataset), containing 55656 and 44949 cells, respectively, with a

total of 99 annotated cell types. Here we present the TM-Droplet dataset (Fig 5.3) but

results for TM-FACS are similar (Fig 5.4 (a)).

The annotation results for the entire TM-Droplet dataset are summarized in the heatmap

shown in Fig 5.3 (a). The diagonal bordered-boxes, indicating the expected annotations, are

mostly filled with red, yellow or blue colors used to highlight the top 3 retrievals, which

clearly demonstrates the effective annotation ability of CellMeSH. To see this more clearly,

in Fig 5.3 (b) we focus on the annotation heatmap for only the immune cell types, where all

query cells get their correct annotations within top 3 candidates.



54

(a) Tabula Muris Droplet (b) Tabula Muris Droplet - Immune Cells

(c) Top 5 Results of Some Difficult Cells in Tabula Muris Droplet Dataset

Figure 5.3: Annotation results for Tabula Muris Droplet dataset. (a) is the anno-
tation heatmap for queries of all cells. The y-axis represents the query cells {r} and x-axis
represents the candidate cells {c}. A border-box for entry (x = c, y = r) indicates c is the
correct candidate for query r. The red, yellow or blue color indicates c has rank 1, rank 2, or
rank 3 among retrieved results for r; the colors turn lighter if c is not the correct candidate.
(b) is the annotation heatmap for queries of immune cells, all of which have their correct
candidate cells within top 3 retrieved results. (c) shows the top 5 results for the three query
cells that corresponding to the “Difficult Cases” in (a). They can still be relevant.

There are bordered-boxes forming vertical trajectories in Fig 5.3 (a). This is because

we manually map several true cell types (e.g. Luminal Epithelial Cell of Mammary Gland,

Kidney Collecting Duct Epithelial Cell, Bladder Urothelial Cell etc.) to the same MeSH cell
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term (e.g. “Epithelial Cells”) due to the limited resolution of the MeSH cell types.

There are uncolored bordered-boxes in Fig 5.3 (a), implying the correct candidate may

not exist due to a limit in the coverage of the MeSH cell types, or in many cases it is

not within the top 3 retrieved results due to the noise in CellMeSH database. Still, the

CellMeSH query results provide useful insights into the true cell types. To illustrate this, in

Fig 5.3 (c), we show three queries that correspond to the “Difficult Cases” in Fig 5.3 (a).

The first query Promonocyte does not have an exact same MeSH term; the closest term

we could manually match is “Monocyte-Macrophage Precursor Cells”. However among the

top 5 retrieved results there are “Monocytes” and “Bone Marrow Cells”, which are both

closely relevant because a Promonocyte is a cell arising from a Monoblast (in Bone Marrow

[108]) and developing into a Monocyte [109]. For the second query Granulocyte, the correct

MeSH term “Granulocytes” is rank-5 in the retrieved results probably due to relatively

fewer citations in the database. However the top 2 results “Neutrophils” and “Myeloid

Cells” are respectively the subcategory and supercategory of “Granulocytes” in the MeSH

tree. “Monocytes” and “Macrophages” are also related as Neutrophils can secrete products

that stimulate Monocytes and Macrophages [110]. The third query Alveolar Macrophage

has its correct MeSH candidate “Macrophages, Alveolar” with rank-5. The rank-1 result

“Macrophages” is also close as it is a supercategory of “Macrophages, Alveolar”.

Mouse Cell Atlas Dataset

The Mouse Cell Atlas (MCA) dataset [107] consists of scRNA-seq data from 6- to 10-week-

old mice, sampled from a large variety of tissues. It contains over 200,000 cells after batch

effect filtering, and 840 annotated cell types. These cell types are further collapsed into

204 cell types in our evaluation. The MCA heatmap result is generally similar to the TM

heatmaps, with mostly accurate annotations (Fig 5.4 (b)).
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(a) Tabula Muris FACS

(b) Mouse Cell Atlas

Figure 5.4: Annotation results for (a) TM-FACS and (b) MCA datasets

5.3.2 Performance of Top-k Accuracy

To quantitatively understand the detailed cell-type identification performance of CellMeSH,

we continue to use the three mouse datasets (TM-Droplet, TM-FACS and MCA) to evaluate

their top-k (k = 1, 3) accuracies.

We compare the query results from CellMeSH to those from other approaches (Fig 5.5

(a)(b)) or from other query methods (Fig 5.5 (c)(d)) or from other databases (Fig 5.5 (e)(f)).

The query procedure is similar to the procedure for heatmaps described above. For each

annotated cell type, we use its top n = 50 differentially expressed genes as query genes. The

other approaches or databases could use a different ontology and therefore have different cell

type names from the MeSH terms. In order to calculate the accuracies of these other results,
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we also manually created mappings between the given query cell types and the candidate

cell types from other ontologies.

(a) Top-1 Accuracy of Different Approaches (b) Top-3 Accuracy of Different Approaches

(c) Top-1 Accuracy of Different Query Methods (d) Top-3 Accuracy of Different Query Methods

(e) Top-1 Accuracy of Different Databases (f) Top-3 Accuracy of Different Databases

Figure 5.5: Compare CellMeSH to other approaches (a)(b), to other query meth-
ods (c)(d) and to other databases (e)(f). The bar plots have y-axis as top-k (k=1 or
3) accuracy (%) and x-axis as the different mouse datasets. Top-k accuracy refers to the
percentage of queries where one of the candidate cells among the top k retrieved cells is
accurate. CellMeSH demonstrates a consistent better top-1 and top-3 accuracy.
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Top-k Accuracy Gain versus Existing Approaches

In Fig 5.5 (a)(b), we first compare CellMeSH with two other web servers: Enrichr [96] and

scQuery [111]. We are unable to compare to the other existing web servers of PanglaoDB

[99], CellMarker [98] and CellFinder [97] in an automatic way. Moreover, CellMarker and

CellFinder do not rank their query results in statistical significance. Instead, we downloaded

the existing CellMarker [98] database and queried it using the hypergeometric test. The

CellFinder database is unavailable, and the PanglaoDB database will be discussed further

in Fig 5.5 (e)(f). We also include the random retrieval results as a lower bound reference.

CellMeSH provides the most accurate results compared to all of the other approaches

for all of the three mouse datasets. Specifically, in the TM-Droplet dataset, CellMeSH

has achieved top-1 accuracy of 58.8%, meaning that in 58.8% of queries, the first retrieved

candidate cell type is correct. The top-1 accuracy is 15.7% higher than that of Enrichr, the

second best system. This is reasonable because the Enrichr cell types essentially come from

the Mouse Gene Atlas (MGA) database [112], which contains only 96 cell types. Besides,

some of the MGA cell types (such as “Heart”, “Kidney”, and “Stomach” etc.) actually refer

to organs. Although CellMeSH itself has limitations, in terms of cell types, overall it still has

much higher coverage and resolution than Enrichr does. For example, for query Classical

Monocyte, while CellMeSH returns “Monocytes” as the first candidate, there is no monocyte

term covered in MGA and Enrichr returns its first result as “Macrophage Bone Marrow 6hr

LPS”. For query Duct Epithelial Cell, while CellMeSH returns “Epithelial Cells” as the first

result, Enrichr returns only the organ terms “Bladder”, “Liver” and “Stomach” as its top

3 results. The top-3 accuracy of CellMeSH further increases to 88.2% (implying 88.2% of

queries get at least one of the top 3 results correct), which is 31.3% higher than Enrichr.

CellMeSH is also consistently the best in the other two datasets. Its top-1 (or top-3)

accuracy is 3.9% (or 11.9%) higher in the TM-FACS dataset, and 6.4% (or 22.7%) higher in

the MCA dataset, than the second best method, Enrichr.
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Top-k Accuracy Gain from Probabilistic Method

Both the CellMeSH database and the probabilistic cell-type identification method contribute

to the overall performance gains of CellMeSH. To isolate the contribution of the probabilistic

method to the overall query performance of CellMeSH, we have compared it to the hyper-

geometric test [47] and GSVA [51], as suggested in [52], on the CellMeSH database for the

three mouse datasets.

As shown in Fig 5.5 (c)(d), the probabilistic method performs uniformly better than

other methods. Compared to the best performance of GSVA and the hypergeometric test,

the probabilistic query method has a top-1 accuracy gain of 13.7%, 6.6% and 7.3% in the

TM-Droplet, TM-FACS and MCA datasets respectively. The numbers for top-3 accuracy

gain are 19.6%, 3.9% and 8.8%.

We attribute these gains to the method’s better utilization of gene weights. Indeed, we

need to adjust ORA and GSVA to the setting where we take set of genes as input to query a

noisy database. This requires ORA, which originally took set of genes to query a noise-free

binary database, now to treat all genes in the database with the same weight. Consequently,

some useful aggregated information could be lost, and some wrong associations could be

amplified. As to GSVA, it essentially utilizes gene rankings as their weights to calculate an

enrichment score. These integer rankings may not properly reflect the actual gene weights.

Moreover, GSVA, which originally took gene expression to query a noise-free binary database

and had its gene rankings come from the input expression, now has its “gene expression”

and gene rankings come from the noisy database.

Top-k Accuracy Gain from CellMeSH Database

To isolate the contribution of the CellMeSH database, we have prepared gene-cell co-occurrence

matrices from PanglaoDB [99] and CellMarker [98], both of which are manually compiled

from the literature, and we compare the CellMeSH database to them.

We query the CellMeSH and CellMarker databases using the probabilistic query method,
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since these databases are count-valued matrices and the probabilistic query method is effec-

tive in reduce their inherent noise, as illustrated in Fig 5.5 (c)(d). For PanglaoDB, the query

method is the hypergeometric test, since the database is essentially a binary matrix.

As Fig 5.5 (e)(f) illustrates, using the CellMeSH database achieves a higher accuracy than

using the PanglaoDB and CellMarker databases. Compared to the best performance out of

PanglaoDB and CellMarker databases, the CellMeSH database has top-1 accuracy gain of

21.6%, 3.9% and 0.6% in the TM-Droplet, TM-FACS and MCA datasets respectively. The

numbers for top-3 accuracy gain increase to 21.6%, 10.5% and 5.7%.

We attribute the overall gains to the rich gene-cell signals contained in the CellMeSH

database, especially when the noise is properly handled using the probabilistic query method.

Specifically, The CellMeSH database is larger scale than the hand-curated CellMarker [98]

and PanglaoDB [99] databasets. CellMeSH contains 20164 genes, 570 cell types and 3.8%

co-occurring gene-cell pairs for human; the numbers are 27322, 570 and 2.4% for mouse.

CellMarker contains around 8900 genes, 340 cell types and less than 1% co-occurring gene-

cell pairs for human; the numbers are around 7200, 310 and less than 1% for mouse. In

PanglaoDB, there are around 4600 genes, 178 cell types and 1% co-occurring gene-cell pairs

for both human and mouse.

5.3.3 Annotation Results of UNCURL-App

CellMeSH has its database and query methods open sourced as API, so it can be integrated

into other scRNA-seq analysis as illustrated in Fig 5.1. We have integrated it into our recently

developed web server UNCURL-App [38], which combines data preprocessing, dimensionality

reduction, clustering, differential expression, and interactive data analysis within an online

graphical user interface.

We show the UNCURL-App/CellMeSH analysis results, as initially presented in [38],

using two datasets from the human peripheral blood mononuclear cells (PBMC) [113] and

from mouse spinal cord [114]. The major difference from previous heatmap and top-k analysis

is that we do not use the clusters and reference annotations obtained in the original papers.
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Instead, the clusters are generated from the initial gene-cell matrix in the UNCURL-App.

Each cluster may contain cells with different originally annotated cell types.

Human PBMC dataset

(a)
(b)

(c) (d)

Figure 5.6: UNCURL-APP/CellMeSH analysis results for PBMC dataset. (a) Re-
sulting clusters and their ground truth labels. (b) CellMeSH annotations. (c) Heatmap where
y-axis represents ground truth labels and x-axis represents CellMeSH labels. Cells belonging
to the same ground truth label may fall in different clusters and have different assigned labels
(e.g. CD34+). (d) Top 3 CellMeSH labels for clusters labeled as “T-Lymphocytes” in (b).
Green color indicates expected results.

This dataset comprised of 8000 human peripheral blood mononuclear cells (PBMC) from

[113]. It was created by randomly sampling 1000 cells from each of 8 scRNA-seq datasets

comprised of cells that were flow-sorted based on known cell-type markers. Thus, the ground

truth cell-type labels represent pure samples.
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The dataset was processed by UNCURL-App with default settings to generate 10 initial

clusters. Then the clustering and cell-type assignment are iteratively adjusted, by first

visually inspecting the dimensionality reduction and assigned putative cell labels, and next

merging some clusters appearing very similar as well as splitting off some cluster appearing

to contain separate smaller clusters, and then rerunning clustering and cell-type assignment.

Fig 5.6 shows the resulting clusters and the cell-type assignments. There is good corre-

spondence with the ground truth clusters and labels. Cells of the same ground truth type

are generally assigned to the same cluster (Figure 5.6 (a)), and the cluster labels returned by

CellMeSH generally correspond to the ground truth labels (Figure 5.6 (b)(c)). CD34+ cells

are generally recognized as hematopoietic stem cells [115], so the CellMeSH label here seems

to be accurate. One major difference is that CellMeSH labeled all four T cell subtypes as “T-

Lymphocytes”, even though they were clustered into distinct clusters. To investigate further,

we looked at the top 3 CellMeSH labels for these clusters, not just the top one. These results

are listed in Fig 5.6 (d), with the cell types most similar to the ground truth highlighted in

green. For example, Cluster 0 corresponds to naive T-cells, which are selected as CD4+, and

the “CD4-Positive T-Lymphocytes” label is the third highest label. Cluster 5 corresponds to

naive cytotoxic T-cells, which are CD8+, and the “CD8-Positive T-Lymphocytes” label is the

third highest label. Cluster 6 corresponds to memory T-cells, which can be either CD8+ or

CD4+; the second and third labels are “CD8-Positive T-Lymphocytes” and “CD4-Positive

T-Lymphocytes”. Cluster 7 corresponds largely to regulatory T-cells, which are CD4+,

and the second and third highest CellMeSH labels are “CD4-Positive T-Lymphocytes” and

“T-Lymphocytes, Regulatory”. The top 3 CellMeSH results show a good correspondence

between the true and assigned labels at a more fine-grained level.

5.3.4 Mouse spinal cord dataset

This is a larger dataset comprised of 22,614 mouse spinal cord nuclei from 2 and 11-day old

mice sequenced using SPLiT-seq [114]. This dataset has 44 annotated cell types, which is

substantially more than the PBMC dataset. However, many of these annotated cell types are
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(a)
(b)

(c) (d)

Figure 5.7: UNCURL-App/CellMeSH analysis results for spinal cord dataset. (a)
Resulting clusters and their ground truth labels. (b) CellMeSH annotations. (c) Heatmap
where y-axis represents ground truth labels and x-axis represents CellMeSH labels. Cells
belonging to the same ground truth label may fall in different clusters and have different
assigned labels (e.g. OPC). (d) Top 5 CellMeSH labels for some non-neuron clusters. Green
color indicates expected results.

closely related (For example, there are 15 types of excitatory neurons.), so for the “ground

truth” comparisons, we combine many of the annotated cell types into larger clusters of

similar cells. Still, many cell types are similar, with many subtypes of neurons.

The clustering results are generated in a similar iterative way as those of the PBMC

dataset. There is also generally good concordance between the cell types from the original

paper and the annotated clusters generated by UNCURL-App/CellMeSH, as shown in Fig
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5.7. Also, similarly to the PBMC dataset, the CellMeSH annotations are generally coarser

grained than the original hand-annotated labels, with all of the neuron clusters being labeled

as “Interneurons” or just “Neurons”. For the non-neuronal results, interpreting the labels

identified by CellMeSH is more challenging. Oligodendrocytes, astrocytes, and endothelial

cells were correctly identified. For cluster 8, the ground-truth label was VLMC, or vascular

and leptomeningeal cells. This is a highly specific category that does not appear in the MeSH

ontology but was used as a cell label in [116]. Still, while coarse, the top labels suggested

by CellMeSH (“Fibroblasts”, “Stromal Cells”, “Mesenchymal Stem Cells”) seem consistent

with cells derived from the meninges, the membrane enveloping the brain and spinal cord.

In cluster 10, the ground-truth label Ependymal was not correctly identified by CellMeSH,

and the returned results did not seem to relate to ependymal cells. This points to a paucity

of annotated publications with gene markers for this cell type. For cluster 11, all of the top

CellMeSH results were immune cells, a group which the published label, microglia, belongs

to. In fact, “Microglia” was one of the top 10 cell types returned.

5.4 Conclusion

We have developed CellMeSH, a web server to identify cell types directly from literature, in

order to make the scRNA-seq analysis more convenient. Essentially, CellMeSH contains a

new database constructed by associating the genes and cells from existing indexed literature

resources including Gene2pubmed and MEDLINE MeSH terms, and it queries the database

using a newly designed probabilistic query method to better reduce noise. Through the

experiments on several human and mouse scRNA-seq datasets, CellMeSH has demonstrated

superior cell-type identification performance. We expect that the CellMeSH web server,

together with its open-sourced database and the query method, could be complementary to

existing approaches and assist community efforts for better automatic cell-type identification.

Nevertheless, there are still several limitations with CellMeSH. Particularly, the cell-

type annotations provided by MeSH terms are somewhat coarse, and might not be enough

to represent a comprehensive listing of all fine-grained (sub) cell types present in model



65

organisms such as human or mouse. For non-mammalian species such as C. elegans and

plants, the gene-cell information could be limited due to a lack of indexed publications.

One way the CellMeSH database could be extended is through natural language process-

ing on full text articles (including supplementary files). Ideally we would be able to identify

new cell types in papers using unsupervised or semi-supervised named entity recognition.

Moreover, there are also terms within the MeSH ontology that might be useful but are not

under the “Cell” heading, such as tissues, organs and diseases. Designing the query methods

utilizing these informations is an interesting future direction. For instance, we could refine

our search scope if we know the tissue information of the query; or if such information is

missing, we could provide them from an extended Cell/Tissue-MeSH database.
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Chapter 6

FUTURE DIRECTIONS

In this thesis, we have presented novel computational solutions for three computational

problems for RNA-seq data analysis, including RefShannon for transcriptome assembly, ab-

SNP for variant calling, and CellMeSH for single-cell RNA-seq annotation. In each chapter,

we have also listed specific future directions for them. In this chapter, we will take a unified

abstract view at them. Guided by this, we will list some additional open problems that could

be interesting to investigate.

To begin with, we can view all of presented computational solutions as information pro-

cessing systems, which process the source information by certain mechanism for some pur-

pose. Such systems can be improved by either (1) using a richer information source, or (2)

using a better information processing mechanism.

Our proposed solutions in this thesis have obtained improved performance mainly by

utilizing a richer information source. Specifically, RefShannon explores the linking informa-

tion from pair end reads as well as the varying abundances from RNA transcripts, abSNP

explores the varying read mapping quality scores as well as the varying abundances from

RNA transcripts, and CellMeSH explores the gene cell information from prior literature.

Both the assembly (e.g. RefShannon) and the variant calling (e.g. abSNP) problems

shall be further improved by utilizing more information sources. For instance, the third-

generation long read sequencing technologies have not been fully explored yet, but their long

read sequences will definitely provide better linking information for these problems. We have

conducted some study investigating long reads [117] whereas much remains to explore.

Both the assembly and variant calling problems shall also be further improved by uti-

lizing a better information processing mechanism. The information processing systems are
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inherently noisy due to internal procedures that involve heuristics. Actually many tools have

their own default set of parameters, which could be sub-optimal options for a specific input

of information source. It would be really interesting to design the systems to adapt their

settings (parameters) to the specific input information source. We have also conducted some

study for this, by using Bayesian Optimization to tune assembly parameters, which shows

some promising results [118]. Still, much is remained for verification.

The downstream cell-type annotation problem will also be greatly benefited from a better

source of gene and cell information. While we take an approach to harvest gene and cell

information from literature, it is unlikely to produce an ultimate single best source that

contains enough information. The annotation performance will always be better if more

information sources are aggregated properly. Instead of harvesting information to create a

new source, novel integration of existing knowledge in an automatic and easy-to-extend way

could also be promising. Existing approaches either present results from separate sources

[119] or require manual efforts for integration [120]. This is a challenging problem because

many sources have different formats and levels of resolution.

Lastly, the cell-type annotation problem could also benefit from an improved informa-

tion processing mechanism. While our current approach follows a typical single-cell analysis

workflow to annotate clustered cells, it unavoidably contains many intrinsic processing noises.

For instance, the number of differentially expressed genes could affect the annotation accu-

racy. Instead, an end-to-end solution (treating the processing as a black box, such as neural

network) is appealing. There are existing works investigated in [101], however they could

fail for unseen cell types. Connecting these approaches with literature resources could also

be an interesting direction.
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