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Abstract 
Introns are non-coding intergenic sequences that are routinely excised from nascent 

pre-mRNA transcripts by a process known as splicing. Although they do not 

contribute directly to the protein-coding sequences of genes, they are known to have a 

number of important functions. In this thesis, we explore some of the functional 

implications of the presence of introns in mammalian genomes. In the first part of this 

thesis, we considered the hypothesis that tissue-specific alternative pre-mRNA 

splicing may result in autoimmune responses against self-antigens and showed that 

such restricted splice isoforms are often expressed in thymic epithelial cells, 

contributing to the establishment of self-tolerance of T lymphocytes. In the second 

part, we carried out an investigation of intron length coevolution as a means to 

explore the functional implications of the time taken to transcribe introns for 

biological processes that require precise temporal co-ordination.  

 

Immune self-tolerance of T lymphocytes is established during their development in 

the thymus. This process, called negative selection, involves the exposure of the 

developing T cells to a range of self-peptides. This includes peptides that are normally 

only expressed in specific tissues outside of the thymus. The expression of these 

tissue-restricted antigens (TRAs) is under the control of AIRE, a transcription factor 

that is expressed in the thymus by medullary thymic epithelial cells (mTECs). Tissue-

specific alternative splicing also has the potential to introduce TRAs, but the 

expression of tissue-specific isoforms in the thymus had yet to be investigated. 

Through the re-analysis of publicly available next-generation sequencing data from 

thymic epithelial cells, we show that mTECs ectopically express a range of tissue-

specific splice isoforms, and that the diversity of splice isoforms expressed in mTECs 

is greater than for any other tissue. This increased diversity is likely to be under the 

control, at least partially, of AIRE, as in the absence of AIRE there was a significant 

decrease in the splicing diversity and number of exons detected in mTECs.  

 

Remarkably, mTECs are known to express almost all known protein-coding genes, 

providing a comprehensive coverage of the proteome to developing T cells during 

negative selection. In a single mTEC however, only a small portion of the total 
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proteome is expressed, suggesting that the total breadth of expression in mTECs is 

due to a highly diverse cell population. To assess the diversity of alternative splicing 

at the single mTEC level, we analyzed published scRNA-Seq datasets from mTECs 

and compared them to other similar cell types. We found that while in general the 

increased splicing diversity of the mTEC population was also apparent to some extent 

in single cells, this splicing diversity was greatly enhanced by the pooling of multiple 

cells. At the population level, we also calculated gene expression entropy as a 

measure of the total transcriptome diversity in mTECs, and found that the diversity of 

gene expression in mTECs is greater than any other tissue. Overall, our results 

suggest that the diversity of the mTEC transcriptome is greater than any other cell 

type, in terms of both alternative splicing and gene expression. This diversity is 

somewhat apparent in single mTECs, but is enhanced by the pooling of multiple cells. 

This diversity is under the partially under the control of AIRE, and reflects the role of 

AIRE in establishing and maintaining T cell tolerance to self.  

 

Precise regulation of the timing of gene expression is functionally relevant in some 

biological processes. This is particularly important for developmental processes, 

where intron delays coupled with negative feedback loops can establish oscillatory 

patterns of gene expression that are required for normal embryonic development. It 

has previously been suggested that the intron content of a set of genes involved in 

development are under purifying selection, suggesting that natural selection does act 

on intron length. In this thesis, we carried out an investigation of intron length 

coevolution in mammals to test the hypothesis that sets of genes that require precise 

coordination in the timing of their expression may be sensitive to evolutionary 

changes in intron length, and that such changes, when they occur, should be correlated 

among these sets of genes. We found strong evidence for intron length coevolution in 

sets of genes enriched for biological processes related to development and the cell 

cycle. We also found that genes that belong to the same protein complex or which are 

co-expressed are more likely to show evidence of intron length coevolution than 

randomly sampled genes. Overall, our results suggest that intron length may be 

functionally relevant in these gene sets, and that natural selection acts to maintain the 

relative intron length and transcriptional timing in these genes, revealing a novel 

aspect of intron evolution and function. 
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Chapter 1 - Introduction 

 
1.1 Overview of the evolution and development of T lymphocytes 
1.1.1 Evolution of the adaptive immune system 

The mammalian adaptive immune system (AIS) is made up of specialized populations 

of B and T lymphocytes, each of which expresses a unique antigen receptor capable 

of recognizing and binding foreign peptides. These receptors, which are composed of 

two protein chains (heterodimers), are called immunoglobulins (Igs) for B cells and T 

cell receptors (TCRs) for T cells. TCRs are further divided into αβ TCRs and γδ 

TCRs, depending on which protein chains are present in the TCR molecule. During 

their development, lymphocytes assemble a receptor via a stochastic process of gene 

re-arrangement, sampling one variable (V), junction (J) and diversity (D, only for the 

Ig heavy chain and TCR β and δ chains) from a repertoire of germline V, D and J 

genes. Further diversity is added to Igs though mutations of the receptor genes during 

recombination. This process, called V(D)J recombination, results in a highly diverse 

population of cells, each capable of recognizing a different set of antigens. This is 

illustrated for the case of αβ T cells in figure 1.1. The AIS depends on this diversity to 

ensure coverage against the diverse range of pathogens that it may encounter, and 

understanding how this system evolved can reveal how the different components of 

the AIS work to generate such diversity.  

 

This form of the adaptive immune system is found in all living jawed vertebrates 

(gnathostomes), and is believed to have evolved in the last common ancestor of all 

jawed vertebrates approximately 500 million years ago [1](Figure 1.2). The genes that 

initiate V(D)J recombination, as well as genes encoding the TCRs, Igs and major 

histocompatibility complex (MHC) are only found in gnathostomes, and are absent 

from all other lineages including the jawless vertebrates. In this chapter we will 

review the origins of V(D)J recombination and the basis for antigen receptor diversity 

in the AIS, and the emergence of the MHC gene family. Finally, we will introduce the 

evolution of the AIS of the jawless vertebrates, which although it does not contain 

Igs, TCRs or MHC, is capable of generating a diverse repertoire of immune receptors 

that is on par with that of the gnathostome AIS using a mechanism independent of 
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V(D)J recombination. This system, which evolved independently of the gnathostome 

AIS is an example of convergent evolution and may help us to further understand the 

evolution and function of our own adaptive immune system.  

 

 
Figure 1.1. V(D)J recombination of the human αβ T cell receptor loci. Each TCR is made up of two 
protein chains, denoted here as the α and β chain. Each chain is made up of discreet gene segments, 
shown here as the variable (V; red), diversity (D; green), junction (J; yellow) and constant (C; blue). 
During V(D)J recombination, the α chain (top) rearranges one Vα and Jα segment to form a single VJα 
exon. This exon is then transcribed and spliced with the Cα segment to form a single mRNA that is 
translated to the TCR α chain protein. The β chain (bottom) rearranges one Vβ, Dβ and Jβ to form a 
single VDJβ exon that is then transcribed and spliced with Cβ. This is then translated to form the TCR 
β chain. The αβ TCR is expressed on the T cell surface as a heterodimer (middle), and is anchored to 
the cell surface via the constant region. 
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Figure 1.2. Phylogeny of the deuterostomes, illustrating the evolution of the adaptive immune system. 
The mammalian adaptive immune system, which is comprised of TCRs, MHC and the B cell receptors 
(BCR, or also known as Igs) is shared by all jawed vertebrates, which are indicated in the phylogenetic 
tree in blue. Jawless vertebrates (agnathons), shown in green, lack these components but instead 
contain a variable leukocyte receptors (VLR) based adaptive immune system. The agnathon paired 
receptors resembling Ag receptors (APAR) and novel immunoreceptor tyrosine-based activation motif 
containing IgSF receptors (NICIR) are TCR-like receptors that are believed to be descended from the 
TCR/Ig ancestor. Genes associated with V(D)J recombination, RAG1 and RAG2 are found only in 
jawed vertebrates, although RAG like genes are also found in the purple sea urchin and in the 
cephalochordate, amphioxus. Components of the innate immune system, such as the toll like receptors 
(TLR), nod like receptors (NLR) and scavenger receptors (SR) are common to all lineages. In the 
lineage leading to the jawed vertebrates, there has been two rounds of whole genome duplication 
(WGD), indicated here as 1R and 2R. Bony fish underwent a third, lineage specific WGD, shown as 
3R. The divergence times of these animals is shown in millions of years (MYA). This figure is 
reproduced from [1] with permission. 
 

The adaptive immune system of jawed vertebrates is comprised of populations of cells 

that express a variable antigen receptor encoded by V, D and J segments. These gene 
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segments cannot produce a functional protein on their own, but instead must be 

assembled together to form a single receptor gene. To understand how the adaptive 

immune system evolved, we must first understand the origin of this fragmented gene 

structure and the emergence of V(D)J recombination. An important clue as to the 

origin of these came in the 1970s with the discovery of inverted DNA repeat 

sequences flanking the V and J genes of immunoglobulins. These sequences, named 

recombination activation sequences (RSSs), resembled those of prokaryotic 

transposons and it was suggested that a transposable element might have invaded the 

exon of an immunoglobulin superfamily (IgSF) gene in the last common ancestor of 

the gnathostomes, resulting in a fragmented structure with V and J like segments [2]. 

These newly created gene segments could not be transcribed until the transposon was 

removed and the gene put back together [1]. Each gene segment then underwent a 

series of duplications, resulting in the repertoire of antigen receptor genes found in 

modern gnathostomes [3]. IgSF genes with similar V-J structures to TCRs have been 

found in many species, including in jawless vertebrates and in invertebrates such as 

amphioxus [4,5]. The discovery of a single TCR-like gene in lamprey, which contains 

a V-J structure and sequence motifs similar to those found in TCR gene segments, 

suggested that this gene might represent a proto-TCR gene that existed in the genome 

of the last common vertebrate ancestor [6].  

 

How did a transposable element give rise to V(D)J recombination? Oettinger et al. [7] 

discovered a pair of genes that were capable of initiating the recombination of RSS 

flanked genes. These genes, called the recombination activating genes (RAG1 and 

RAG2), were found only in gnathostomes and were found to be tightly linked. A 

search for RAG-like genes in invertebrates identified a number of sequences that were 

similar to that of the core region of RAG1 in several species including sea urchins and 

amphioxus. These were contained in sequence elements similar to that of transib 

family transposons, providing the first direct evidence that RAG1 was acquired via a 

transposable element [8]. The discovery of a tightly linked RAG-like locus in sea 

urchins suggested that the RAG locus may have existed in the last common 

deuterostome ancestor [9], long before the emergence of the AIS in jawed vertebrates. 

Until recently, a transib family transposon that contained both RAG1 and 2 had not 

been found, and it was suggested that RAG2 might have already existed in the 

genome of the deuterostome ancestor. A transib family transposon carrying RAG1 
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inserted near the site of an endogenous RAG2 gene, which was then incorporated into 

the original RAG transposon that was subsequently inserted into the proto-TCR gene 

in the ancestral gnathostome [10]. The recent discovery of a single transib transposon 

carrying both RAG1 and 2 has cast doubt on this assertion however, instead raising 

the possibility that RAG1 and 2 were acquired via a single transposable element [11]. 

 

Much like Igs and TCRs, major histocompatibility complexes (MHC) are found only 

in jawed vertebrates. While both Igs and γδ TCRs can bind free antigens without the 

need for a secondary receptor, αβ TCRs can only bind peptides that are bound on the 

surface of other cells by MHC molecules, so it seems that the presence of MHC is a 

pre-requisite for the evolution of αβ T cells. The ancestral proto-TCR most likely 

encoded a γδ like receptor that was capable of binding free antigens. Igs and αβ  

TCRs evolved later from these ancestral γδ TCRs [12], suggesting that MHC may 

have evolved after the initial emergence of the AIS in gnathostomes. An important 

clue as to the origin of the MHC came with the observation that MHC genes are found 

in four paralogons in the human genome [13,14]. As first suggested by Ohno [15], the 

genome of the early vertebrate ancestor underwent two rounds of whole genome 

duplication (WGD), a suggestion that is known as the 2R hypothesis (Figure 1.2). 

Indeed, many genes that are related to the MHC and that have important functions in 

the AIS are ohnologues (paralogous genes that evolved via WGD)[1], suggesting that 

WGDs were an important event in the emergence of the AIS. An analysis of the 

genomes of amphioxus and sea squirts identified a region containing a set of MHC 

anchor genes that play key roles in modern MHC [16,17], suggesting that this region 

might represent the proto-MHC locus that was subsequently duplicated in the lineage 

leading to the jawed vertebrates.  

 

Although jawless vertebrates do not possess the antigen receptors of the gnathostome 

AIS, studies in lamprey and hagfish have identified an adaptive immune system 

similar to that of gnathostomes, but that appears to have evolved independently. Both 

lamprey and hagfish are capable of mounting an immune response against specific 

antigens [18,19] and exhibit tissue graft rejection [20], which suggests the presence of 

an adaptive immune system. In an attempt to identify Ig or TCR like receptors, Pancer 

et al. [21] injected lamprey with antigens derived from bacteria. Although Igs, TCRs 

or MHC could still not be found, transcriptome analysis of activated lymphoblasts 
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identified a large number of transcripts for leucine-rich-repeat (LRR) proteins that 

exhibited highly variable amino acid sequences. It was determined that the diversity 

of these variable lymphocyte receptors (VLRs) was due to variable number of VLR 

gene segments that are assembled between capping LRR units. These VLR genes are 

assembled using a “copy-choice” mechanism similar to that of V(D)J recombination. 

In this system, a variable number (usually between 1 and 9) of VLR segments are 

assembled into a single VLR gene via conserved homologous sequences that flank the 

VLR segments. Further diversity is added by use of multiple recombination sites 

within each VLR gene segment [22]. This process results in a highly diverse 

population of cells that are capable of mounting an immune response against a wide 

range of pathogens. The predicted diversity of the agnathon AIS is similar to that of 

the gnathostome AIS [18]. The emergence of a second, but remarkably similar 

adaptive immune system in jawless vertebrates is an example of convergent evolution. 

Because only two examples of jawless vertebrates (hagfish and lamprey) survive 

today, it is unclear when the agnathon AIS evolved, although given that these species 

are monophyletic [23] it has been suggested that it might have evolved relatively 

recently [24].  

 

In summary, the adaptive immune system of jawed vertebrate evolved approximately 

500 million years ago and is marked by two key events. The first was the insertion of 

a transposon carrying the RAG genes into an IgSF proto-TCR gene, resulting in the 

fragmented antigen receptor gene structure and V(D)J recombination. The second was 

two rounds of whole genome duplication, which duplicated an ancestral MHC locus 

and produced many genes that play important roles in the AIS. Understanding the 

evolutionary origin of the AIS has given researchers key insights into the mechanisms 

of antigen receptor diversity and function. 

 

1.1.2 Development of T lymphocytes 

1.1.2.1 Origin of T cell progenitors 

The development of T lymphocytes can be traced back to the bone marrow. 

Haematopoietic stem cells (HSCs) are a self-renewing population of stem cells that 

reside in the bone marrow. These cells have the potential to differentiate into any type 

of blood cell via a process called haematopoiesis. In the classic model of 

haematopoiesis, HSCs differentiate into either common myeloid progenitors (CMPs), 
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or common lymphoid progenitors (CLPs). CLPs have the potential to further develop 

into any lymphoid cell type, namely natural killer (NK) cells, B lymphocytes or T 

lymphocytes [25]. These cells still retain myeloid potential however, as studies have 

shown that seemingly committed lymphoid progenitor cells can still develop into 

myeloid cells [26], as can thymic progenitor cells that still retain their myeloid 

potential late into T cell development [27]. This suggests that haematopoiesis is a 

more plastic process than originally thought, as haematopoietic cells can change 

lineage decision late into their development [28].  

 

1.1.2.2 Early T cell development in the thymus 

The thymus is a primary lymphoid organ that is specialized for the development and 

maturation of T lymphocytes. The structure of the thymus can be broadly divided into 

the medulla and the cortex (Figure 1.3), both of which contain specialized populations 

of thymic epithelial cells (TECs) that play distinct roles in T cell development [29]. 

Haematopoietic T cell progenitors first leave the bone marrow and enter the blood, 

and a small number of these cells migrate to the thymus, entering via the cortico-

medullary junction [30]. These cells proliferate in the thymus and are committed to 

the T cell lineage via Notch signalling [31], although as pointed out earlier, T cells 

retain myeloid potential late into development [27]. At this point, T cells do not 

express either CD4 or CD8, and are so called double negative (DN) cells. These DN 

cells go through an ordered program of development with distinct stages that are 

identified by the presence of certain cell surface markers [32]. During their transition 

from the DN2 to the DN3 stage, T cells begin to express the RAG proteins, triggering 

V(D)J recombination of the γ, δ and β receptor chain loci. The α chain is not re-

arranged at this stage, but instead T cells express an invariant α chain known as pre-

TCRα that acts as a surrogate chain until later in T cell development [27,33]. It is at 

this point that the decision to commit to either the γδ or αβ T cell lineage is made 

[32,34]. The decision to commit to the γδ lineage is specified by the successful 

recombination of the γ and δ receptor loci, and those that do not are committed to the 

αβ lineage [34]. These αβ-committed cells are then required to pass through a 

developmental checkpoint called β-selection. To pass β-selection, a T cell must have 

produced a functional pre-TCR that is made up of a correctly re-arranged β-chain and 

a pre-TCRα chain [35,36]. Cells that pass this checkpoint then advance through the 

DN4 stage before beginning to express CD4 and CD8, becoming double positive (DP) 
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T cells. The RAG genes are also re-expressed at this point, and re-arrangement of the 

α chain takes place [32].  

 

 
Figure 1.3. Progression and maturation of T lymphocytes in the thymus. The thymus can be broadly 
divided into two compartments, the cortex (yellow) and medulla (purple). Haematopoietic progenitors 
enter the thymus via the cortico-medullary junction and go through several ordered double-negative 
(DN) stages. CD4+CD8+ double positive (DP) cells then undergo the process of positive selection, 
which is mediated by cortical thymic epithelial cells. Cells that do not pass positive selection die by 
neglect, and those that do are committed to either the CD4+ or CD8+ lineage. These single-positive (SP) 
cells then undergo negative selection mediated by medullary thymic epithelial cells. Those that pass 
negative selection then migrate from the thymus to the periphery. This image is reproduced from [37] 
with permission. 
 

The next stages of T cell development concern the commitment of each T cell to 

either the CD4 or CD8 lineage, and a quality control program to ensure that each TCR 

is functional, and to remove cells that may recognize self-antigens in the periphery 

and cause autoimmunity. These processes are mediated by specialized populations of 

TECs, namely cortical TECs (cTECs) and medullary TECs (mTECs). These cells 

originate from a common bi-potent progenitor cell [38], but take on distinct roles in T 

cell development [29].  
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1.1.2.3 Positive selection 

Double positive T cells first undergo the process of positive selection. The developing 

cells are exposed to self peptide-MHC complexes by cTECs. If the T cell shows little 

or no affinity for these complexes, the cell does not receive the necessary survival 

signals and is allowed to die by neglect. If a cell shows a stronger affinity for these 

MHC complexes, it receives survival signals and is said to have been positively 

selected. This allows “useless” T cells that are unable to engage with self-MHC to be 

purged from the T cell repertoire, and it has been estimated that approximately 95% 

of T cells fail positive selection and die as a result [39]. It is at this point during 

positive selection that the decision to commit to either the CD4 or CD8 lineage is 

made. Which lineage a T cell ultimately commits to depends on which class of MHC 

the cell engaged with. A cell that engages with MHC class I becomes a CD8+ T cell, 

while those that engage with MHC class II become CD4+ T cells [32]. These cells, 

which now only express either CD4 or CD8 and not both, are called single positive 

(SP) cells and are allowed to progress to negative selection. 

 

 
Figure 1.4. The affinity model of T cell selection. T cells are exposed to self-peptide MHC complexes 
by cTECs during the process of positive selection. Those that show little or no affinity for MHC die at 
this stage by neglect. During negative selection, T cells that show high affinity for self-peptide MHC 
complexes die by apoptosis. Cells that show moderate affinity for self-antigens migrate to the periphery 
and become naïve T cells. While most T cells that show high affinity are purged during negative 
selection, some CD4+ T cells instead become regulatory T cells (Tregs). This image is reproduced from 
[40] with permission. 
 

1.1.2.4 Negative selection 

The aim of T cell development is to produce a population of cells that are capable of 

recognizing and mounting an immune response against foreign antigens. Due to the 
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stochastic mechanism by which the TCR is generated however, each TCR has the 

potential to recognize the body’s own proteins and cause autoimmunity. To avoid this, 

T cells are exposed to a range of self-antigens by mTECs [41]. A cell that shows a 

strong affinity for self-antigens are purged from the T cell repertoire in a process 

called negative selection, although as discussed in section 1.1.4, some populations of 

CD4+ T cells are rescued from negative selection (Figure 1.4). Thymic dendritic cells 

also play a role in negative selection, by cross-presentation of antigens produced by 

mTECs [40]. For the purpose of negative selection, mTECs are known to express the 

majority of known protein-coding genes [42], including many that are normally only 

expressed by specific tissues in the periphery [29]. The autoimmune regulator (Aire) 

gene plays an important role in this process, which will be discussed in section 1.1.3. 

More recently, the transcription factor Fezf2 has also been shown to control the 

expression of many tissue-restricted genes in mTECs using a mechanism that is 

independent of Aire [43]. T cells that show the appropriate strength of affinity 

towards self-antigens pass through negative selection, and are allowed to leave the 

thymus and become naïve T cells (Figure 1.3).  

  

1.1.3 The autoimmune regulator (Aire) gene 

1.1.3.1 APECED and identification of the Aire gene 

Autoimmune polyendocrinopathy candidiasis ectodermal dystrophy (APECED; 

OMIM accession number 240300) is an autosomal recessive condition that is 

characterized by the presence of two or more organ-specific autoimmune disorders 

that primarily affect endocrine organs. It usually first manifests in childhood with 

chronic candida infections (candidiasis), followed by the onset of autoimmune 

disease, the symptoms of which include adrenal insufficiency (Addison’s disease), 

hypoparathyroidism and type I diabetes. APECED is considered a rare condition but 

is more prevalent in Finnish, Sardinian and Iranian-Jewish populations where its 

prevalence is 1:25,000, 1:14,400 and 1:9,000 respectively [44]. Taking advantage of 

the prevalence in the Finnish population, Aaltonen et al. [45] carried out linkage 

analysis in Finnish APECED patients and identified a locus at 21q22.3 that was 

associated with the disease. The autoimmune regulator (Aire) gene was isolated form 

this locus in 1997 by two groups working independently [46,47]. In these studies, 

they found a number of mutations in the Aire gene that were associated with 

APECED, and inferred that mutations in Aire were causative of autoimmunity. 
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1.1.3.2 Function of Aire  

Mice that are deficient in Aire have a similar phenotype to that in humans, and 

develop multiple symptoms of APECED [48]. Mouse models have been extensively 

used to study the function of Aire in establishing self-tolerance of T cells and 

determining the mechanisms by which Aire works. Aire is expressed almost 

exclusively by medullary thymic epithelial cells (mTECs)[49], a rare thymic stromal 

cell type that plays an important role in the negative selection of T cells [29]. Due to 

the presence of two plant homeodomain (PHD) finger motifs as well as several DNA 

binding domains in the Aire protein, Nagamine et al. [47] and Aaltonen et al. [46] 

suggested that Aire may function as a transcriptional regulator. Although the presence 

of tissue-restricted antigens (TRAs) in the thymus were known for some time, the 

underlying mechanisms for this promiscuous expression were unknown. Anderson et 

al. [50] found that many TRA genes were under the control of Aire. In Aire deficient 

mice there was an absence of TRAs from the thymus, and T cells that were capable of 

targeting these antigens were allowed to escape negative selection [51]. These mice 

quickly develop organ-specific autoimmunity, exhibiting many of the classical 

symptoms of APECED [48,50].  

 

Recent transcriptome-wide studies of Aire wild-type and knock-out mTECs have 

shown that the impact of Aire on transcription is even more widespread. Aire has 

been found to regulate the expression of thousands of genes in mTECs [42,52], and 

mTECs have been found to express more protein-coding genes that any other known 

cell type [42]. This remarkable breadth of expression induced by Aire and Fezf2 [43] 

providing a wide coverage of the proteome to developing T cells, allowing negative 

selection against the majority of the body’s proteins.  

 

1.1.3.3 Mechanisms of Aire 

The Aire protein contains DNA binding domains that are similar to those found in 

other transcription factors [53]. However unlike traditional transcriptions factors, Aire 

does not appear to bind specific DNA sequences [54]. Instead, Aire is proposed to 

activate transcription via an epigenetic mechanism and by the recruitment of various 

protein complexes, particularly those involved in nuclear transport, chromatin 

binding, transcription and pre-mRNA processing [55].  
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Aire has two PHD fingers, PHD1 and PHD2, both of which are important to the 

function of Aire. PHD1 allows Aire to “read” the methylation status of the H3K4 

histone marker, and Aire has been found to preferentially bind to non-methylated 

H3K4 (H3K4me0), an unmodified histone mark that is a hallmark of transcriptionally 

inactive genes [56,57]. Aire mutants harbouring a mutation in PHD1 lose their ability 

to associate with H3K4me0, resulting in low levels of TRA gene expression [58], and 

indeed several APECED causing mutations of PHD1 have been identified [56]. An 

epigenetic component to the Aire mechanism is further suggested by the observation 

that when Aire is expressed in a different cell type, the Aire induced expression 

pattern is remarkably different [54] and further suggested in the context of the casein 

locus, where promoter de-methylation was observed in Aire dependent genes in 

immature mTECs [59]. Observations that the abolition of the interaction between 

PHD1 and H3K4me0 only dampened the transcriptional impact of Aire, and did not 

affect the range of transcription, suggested that while binding to H3K4me0 was 

necessary for Aire induced gene expression in mTECs, gene targeting based solely on 

H3K4me0 recognition was unlikely [60]. Further light was shed on this issue by 

Sansom et al. [42] who studied the role of Polycomb associated histone markers in the 

epigenetic regulation of Aire dependent genes. Polycomb group proteins are 

chromatin-remodelling proteins that epigenetically silence genes by de-methylation of 

H3K4 and tri-methylation of H3K27 [61]. Sansom et al. [42] found that genes under 

the regulation of Aire exhibited these hallmarks of Polycomb repressed genes, and 

suggested that Aire induces gene expression by relieving Polycomb repression.  

 

PHD1 is also required for the interaction between Aire and DNA-dependent protein 

kinase (DNA-PK), a DNA damage repair gene that recognizes and repairs double-

stranded DNA breaks [62]. In cells that lacked DNA-PKcs, the catalytic subunit of 

DNA-PK, Aire was unable to activate the promoter of the Insulin 2 gene, which is a 

TRA gene [63]. The Aire DNA-PK interaction allows Aire to form a multi-protein 

complex, which includes DNA topoisomerase II-a (TOP2a). TOP2a is used to induce 

double stranded DNA breaks, which serve to relax superhelical tension caused by 

advancing RNA Pol II, which would otherwise inhibit RNA Pol II elongation along a 

gene [64]. DNA-PK then repairs these double stranded breaks, leading to relaxed 

chromatin structure around these genes that is more accessible to RNA Pol II [55].  
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Aire’s PHD2 domain is involved in interactions between Aire and many of its protein 

partners, particularly those involved in chromatin remodelling and transcription. 

These proteins include DNA-PK and TOP2a, suggesting that both PHD1 and PHD2 

are involved in multi-protein complex formation. Aire mutants lacking PHD2 lost 

their ability to interact with many of Aire’s partners, and lost much of their ability to 

induce transcription in mTECs [65].  

 

Aire interacts with the positive transcription elongation factor b (P-TEFb) through its 

transcription activation domain (TAD)[58]. A mutation in this domain was identified 

in APECED patients by Ishii et al. [66], which introduced a frame-shift mutation and 

resulted in a truncated C terminus. The resulting mutant lost its ability to interact with 

P-TEFb and its ability to induce expression of TRAs [58]. Using Chip-Seq, Aire was 

found to associate with RNA Pol II rich promoter regions where Pol II had become 

stalled. By recruiting P-TEFb, stalled polymerase was released and Pol II elongation 

allowed continuing along the gene and complete transcription. In the absence of Aire, 

transcription became paused after 50-100bp, leading to an imbalance of exons, 

whereby the first exon was over-represented with respect to the internal exons of a 

gene [67]. 

 

This interaction between Aire and P-TEFb also has an affect on alternative splicing in 

mTECs. P-TEFb has previously been shown to influence splicing [68] and the rate of 

polymerase elongation during transcription has an influence on the inclusion or 

exclusion of alternative exons [69]. Using an Aire mutant that is unable to interact 

with P-TEFb, Zumer et al. [58] observed an increase in splicing of the KRT14 gene, 

which is a TRA gene. This demonstrates the ability of Aire to influence alternative 

splicing of tissue-restricted genes, although the global impact of Aire on alternative 

splicing of TRAs had not yet been investigated. In chapter 2 we show that Aire has a 

widespread impact on alternative splicing in mTECs, leading to greater splicing 

diversity and the expression of tissue-restricted splice isoforms in mTECs.  

 



 14 

1.1.4 The role of mTECs in Treg development 

CD4+ CD25+ Foxp3+ regulatory T cells (Tregs) play an important role in central 

tolerance by shutting down immune responses targeted towards self-antigens [70]. 

Tregs arise from CD4 single positive T cells that show a stronger affinity towards 

self-antigens during negative selection (Figure 1.4)[71]. Recent evidence suggests that 

not only are mTECs involved in the negative selection of autoreactive T cells, but also 

play an important role in the development of Tregs through the presentation of self-

antigens and the CD27-CD70 co-stimulatory pathway. CD70 is expressed exclusively 

in the thymic medulla by both Aire+ and Aire- mTECs as well as thymic dendritic 

cells (DCs). During development, CD25+ Foxp3- pre-Tregs that are stimulated by 

mTECs or DCs activate the CD27-CD70 pathway, which rescues the pre-Treg from 

undergoing apoptosis [72]. Aschenbrenner et al. [73] placed the haemagglutin gene 

under the control of the Aire promoter. By expressing this protein in mTECs, they 

were able to generate Tregs that were specific towards haemagglutin. This 

demonstrates that self-antigen presentation by mTECs is an important factor in the 

generation of Tregs that are specific towards endogenous proteins. More recently, the 

role of Aire has been shown to be important in Treg development. In Relb mice, 

which are known to lack Aire expression [74], there was a decrease in the numbers of 

CD25+ Foxp3- pre-Tregs, and subsequently a decrease in CD25+ Foxp3+ Tregs [75]. 

Aire was also shown to be important in the generation of a particular antigen-specific 

Treg. In mice expressing the tumour-associated antigen, SV40, Malchow et al. [76] 

identified a Treg specific towards this antigen. Using the CDR3 sequence from the 

TCR of the Treg, they created a transgenic mouse expressing a TCRα chain specific 

for SV40. They found that in Aire+/+ mice, Tregs expressing this α chain could be 

detected. However in Aire-/- mice, Tregs failed to develop, and furthermore 

conventional CD4+ T cells expressing this α chain did develop. This evidence 

supports the notion that Aire is not only required for the negative selection of 

conventional T cells, but is also required for the development of self-antigen specific 

regulatory T cells.  
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1.2 Introns, splicing and alternative splicing 
1.2.1 Discovery and prevalence of introns 

In eukaryotes, the nucleotide sequences of genes often include multiple discreet units 

called exons. These exons are separated by introns, and during transcription these 

introns are excised from the pre-mRNA transcript and the exons are ligated together 

in a process called splicing. Introns were first discovered in a human adenovirus by 

Paul A. Sharp [77], and independently by Robert J. Richards [78]. They observed that 

the mRNA sequences of the viral genes were not contained in a single contiguous 

segment in the viral genome, but were instead contained in multiple genomic 

segments. They concluded that the genes of the virus, and by extension their 

eukaryotic hosts, were subject to a form of post-transcriptional processing whereby 

the intervening sequences between the coding segments were excised, resulting in a 

single contiguous mature mRNA transcript. Sharp and Roberts were jointly awarded 

the Nobel Prize in Physiology or Medicine in 1993 for “their discoveries of split 

genes”. 

 

The term intron was coined in 1978 by Walter Gilbert, describing them as segments 

of silent DNA that intervene the coding portions of genes [79]. He also made a 

number of predictions concerning the function of introns, as well as their role in the 

evolution of proteins. First, he proposed that mutations at the boundary of introns 

could alter the splicing pattern of their host genes. This could lead to sequences of 

amino acids being added or deleted from that gene’s protein product, and potentially 

to the emergence of a novel protein. He also predicted that genes could exhibit 

multiple alternative splicing patterns, enabling a single gene to encode for many 

different proteins. Finally, he proposed that introns could accelerate recombination, 

and that recombination between introns could enable exon shuffling. This is a process 

whereby exons from multiple independent genes are incorporated into a single 

transcriptional unit. This idea would later be expanded upon in the exon theory of 

genes [80], which proposes that early genes were made up of a small number of exons 

which encoded short polypeptides. These genes then underwent extensive exon 

shuffling, which led to the generation of larger, more complex proteins [81]. This 

theory suggests that introns played a fundamental role in early evolution, leading to a 

proliferation of protein domains and the emergence of a large number of genes.  
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Introns have been found across all domains of life, but it is in eukaryotes that they 

have seen the greatest proliferation. Intron density varies considerably between 

species, with the greatest complexity seen in vertebrates (Figure 1.5). Intron length is 

correlated with genome size [82], and in mammals introns comprise up to 95% of 

primary protein coding sequences [83]. In contrast, unicellular eukaryotes tend to 

have short introns that appear to be under purifying selection to prevent intron 

expansion [84].  

 

 
Figure 1.5. Intron density in 100 eukaryotes. This image is reproduced from [84]. 
 

The number of introns in the genome also varies considerably between species. 

Vertebrate genomes tend to be intron rich, whereas the genomes of unicellular 

eukaryotes tend to be intron poor (Figure 1.6), with introns occurring in less than 5% 

of genes in some species [85,86]. The genomes of some unicellular eukaryotes 

however, such as Saccharomyces pombe, are intron rich (Figure 1.6)[82], and have an 

intron density that is comparable to that of higher eukaryotes. This dynamic range in 

intron content across the eukaryotes can be explained either by a series of intron gains 

across various lineages since the last eukaryotic common ancestor (LECA), or 

alternatively by massive intron loss in some lineages, including unicellular 

eukaryotes. Carmel et al. [87] carried out an analysis of 391 sets of orthologous genes 

in 19 different eukaryotes. They developed a probabilistic model of intron loss and 

gain and concluded that the genome of LECA was likely to have been intron rich, 

with an intron density comparable to that of higher eukaryotes. They concluded that 
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while both intron loss and gain did occur, intron loss was far more common. In 

agreement with this, Csuros et al. [88] carried out an analysis of 100 eukaryotes and 

found evidence for substantial intron loss, with gains in some lineages of plants and 

animals. 

 

 
Figure 1.6. Distribution of spliceosomal introns in 31 eukaryotes. The species shown are Anopheles 
gambiae; Arabidopsis thaliana; Aspergillus nidulans; Bigelowiella natansNucleomorph; 
Caenorhabditis briggsae; Caenorhabditis elegans; Candida albicans; Chlamydomonas reinhardtii; 
Ciona intestinalis; Cryptococcus neoformans; Cryptosporidium parvum; Cyanidioschyzon merolae; 
Dictyostelium discoideum; Drosophila melanogaster; Encephalitozoon cuniculi; Giardia lamblia, 
Guillardia thetaNucleomorph; Homo sapiens; Leishmania major; Mus musculus; Neurospora crassa; 
Oryza sativa; Paramecium aurelia; Phanerochaete chrysosporium; Plasmodium falciparum; 
Plasmodium yoelii; Saccharomyces cerevisiae; Schizosaccharomyces pombe; Takifugu rubripes; 
Thalassiosira pseudonana; Trichomonas vaginalis. This image is reproduced from [89] with 
permission. 
 

1.2.2 Evolution of spliceosomal introns 

The evolution of the eukaryotes is accompanied by the emergence of the spliceosome, 

a dynamic complex of small nuclear RNA-proteins (snRNPs) and numerous 

interacting protein complexes that facilitate the recognition and excision of nuclear 

pre-mRNA introns, also called spliceosomal introns. This class of introns is found 

exclusively in eukaryotes where they are the most common form of intron. In this 

section we will review the emergence of spliceosomal introns in eukaryotes, as well 

as selective pressures acting on their length.  
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The apparent absence of spliceosomal introns outside of the eukaryotes has led to 

considerable debate as to their origin. This debate has led to two main competing 

hypotheses, the intron early and intron late hypotheses, although hybrid theories that 

incorporate aspects of both of these hypotheses are more widely accepted [90].  

 

In the years following the discovery of introns, Gilbert [79] suggested that the mosaic 

structure of genes had played a fundamental role in the evolution of early proteins by 

enabling exon shuffling, an idea that would later be expanded upon in the exon theory 

of genes [80]. In response to this, Ford Doolittle proposed the intron early hypothesis, 

which suggests that the genome of last common ancestor of eukaryotes and 

prokaryotes was intron rich. Introns were subsequently lost in prokaryotes due to 

genome streamlining [91]. This hypothesis proposes that early genes were assembled 

from exons that encoded short protein domains, leading to an expansion of protein-

coding genes in the prokaryote-eukaryote ancestor, consistent with the exon theory of 

genes [80]. The discovery of group II introns in prokaryotes, and the discovery of 

lineage-specific introns in eukaryotes has led to a revised version of this theory 

however, which instead proposes that while some introns are old, pre-dating the 

prokaryote-eukaryote split, other introns are more recent and were acquired after the 

emergence of the eukaryotes [90].  

 

In contrast to this view, Thomas Cech proposed the intron late hypothesis [92]. This 

hypothesis proposes that spliceosomal introns are a eukaryotic innovation that 

evolved after the prokaryote-eukaryote split. Spliceosomal introns are likely derived 

from group II introns, a self-splicing class of intron found in prokaryotes, eukaryotes 

and archaea. Notably, group II introns are capable or reverse-transcription back into 

the host genome, a process called reverse-splicing [93]. In eukaryotes, group II 

introns are found primarily in mitochondrial genes [94]. The intron late hypothesis 

suggests that group II introns invaded the genome of the archaeal host from the 

mitochondrial endosymbiont in LECA. These introns subsequently lost their ability to 

self-splice as the job of splicing was taken over by the host machinery, namely the 

spliceosome. This was assisted by the evolution of the nuclear membrane, which 

allowed transcription and translation to occur independently (Figure 1.7)[95].  
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Figure 1.7. The origin of nucleus-cytosol compartmentalization after the mitochondrial endosymbiosis 
event. This image is reproduced from [95] with permission. 
 

In mammals, intron length comprises up to 95% of primary protein coding sequences 

[83]. Intron length can have a significant affect on many aspects of gene expression, 

including expression level [87,96], the time taken to transcribe a gene [97,98] and the 

efficiency of splicing, particularly for genes with long introns [99]. Intron length 

varies considerably between species, with a strong bias favoring short introns in 
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unicellular organisms, and longer introns in multicellular species (Figure 1.5). Within 

species, intron length can also vary considerably. Highly and ubiquitously expressed 

genes such as housekeeping genes tend to have short introns [100], whereas tissue-

specific genes possess much longer introns [101]. This raises the question as to what 

are the selective pressures that act on intron length, and what functional 

consequences, if any, does this have on gene expression? 

 

The nearly neutral theory of molecular evolution proposes that while most deleterious 

mutations are purged from a population by natural selection, others may become fixed 

[102]. This theory was a development on the neutral theory of evolution put forth by 

Kimura [103], which proposed that most evolutionary change is driven by random 

genetic drift, rather than by Darwinian natural selection. The nearly neutral theory 

incorporated an already established relationship between effective population size and 

the probability of a mutation becoming fixed in a population [103]. As the effective 

population size decreases, so too does the power to select against deleterious 

mutations. Ohta [102] argued that this could give slightly deleterious mutations an 

opportunity to become fixed in a species with a small population size.  

 

As mentioned above, there is an apparent dichotomy in intron size between 

multicellular and unicellular eukaryotes. Michael Lynch [104] proposed that this was 

a consequence of insufficient purifying selection to remove insertions in organisms 

with small effective population sizes. This model is consistent with the nearly neutral 

model of molecular evolution, and would explain the differences in intron length 

between unicellular and multicellular eukaryotes. Furthermore, once an expanded 

intron becomes fixed in a population, it may serve as a basis for natural selection to 

act to increase organismal complexity [105]. 

 

Intron length can also vary across genes within the same organism. There has been 

some debate as to the functional consequences of intron size, as well as the selective 

pressures that act on intron length. While some have argued that selection for short 

introns in highly expressed genes is due to selection for transcriptional efficiency 

[96,106,107], others have argued that intron length is a consequence gene function. 

Vinogradov [101] observed that while introns in housekeeping genes tend to be short, 

so too do their intergenic spaces. Tissue-specific genes on the other hand contain 
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much larger introns and have larger intergenic spaces. This suggests that the short 

introns in housekeeping genes are a consequence of local genome organization, rather 

than selection for transcriptional efficiency. Introns of tissue specific genes also 

contain a greater fraction of conserved sequences compared to other genes, suggesting 

the presence of conserved regulatory elements [108]. The genome design theory 

proposes that introns in tissue-specific genes are larger due to the presence of these 

intronic regulatory elements that allow for complex modes of gene regulation. 

Housekeeping genes on the other hand do not require much regulation, and so do not 

require such large introns [101,108].  

 

In opposition to this view, many authors have argued that the short introns in 

ubiquitously and highly expressed genes reflects selection for transcriptional 

efficiency [96,106,107]. Transcription is a slow and energetically expensive process, 

imposing a significant cost on genes with relatively long transcripts, and so it might 

be favorable to maintain short transcripts in genes that are transcribed often. Castillo-

Davis et al. [106] found that highly expressed genes tend to have short introns, while 

genes with low or intermediate levels of expression had a variety of different intron 

lengths (Figure 1.8). These authors suggested that these genes were either under 

purifying selection to prevent intron expansion, or alternatively were under positive 

selection to reduce intron length. In support of these findings, Urrutia and Hurst [96] 

showed that not only were highly expressed genes enriched for shorter introns, but 

also showed signs of codon and amino acid bias. They also found that codon usage 

was correlated with gene expression level, and suggested that this was due to codon 

optimization to reduce the cost of translation. These findings are consistent with the 

suggestion that highly expressed genes are under selection to increase both their 

transcriptional and translational efficiency, and are under multiple selective pressures, 

including those acting on intron length and codon usage. These findings were further 

supported by Seoighe et al. [107] who showed that intron length in genes expressed 

by the germinating pollen tubes of flowering plants were on average shorter than 

genes expressed elsewhere. Due to the potential for intense competition between large 

numbers of pollen tubes, these genes are likely to be under particularly strong 

selection for efficiency. Furthermore, the genes flanking the pollen expressed genes 

contained average sized introns, suggesting that the short intron length was not a 

consequence of local genome organization. 
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Figure 1.8. Intron length as a function of gene expression level. Each point represents the mean value 
for all genes in a given expression level category. Error bars represent the standard deviation. This 
image is reproduced from [84]. 
 

1.2.3 Splicing 

Splicing is the process through which introns are removed from nascent pre-mRNA 

transcripts and their flanking exons are ligated together. In eukaryotes, the majority of 

splicing is carried out by the spliceosome, a dynamic complex composed of five 

snRNPs and numerous other interacting proteins. There are two types of spliceosome, 

the major and minor spliceosome. The splicing pathway employed by these are 

mechanistically very similar, with only a few differences in the early stage of their 

respective pathways [109]. Spliceosomal introns can be divided into two categories 

depending on which splicing pathway they are subject to. U2-type introns are 

processed by the major spliceosome and constitute the majority of splicing in humans 

[110]. U12-type introns are spliced by the minor spliceosome. In this section, we will 

concentrate exclusively on the major splicing pathway. 

 

In order to accommodate recognition by the splicing machinery, spliceosomal introns 

contain conserved sequence motifs at their 5' and 3' splice sites (ss), as well as a 

conserved branch point site (BPS) upstream of the 3'ss (Figure 1.9). In metazoans, 

recognition of the 3'ss is further mediated by a conserved sequence of pyrimidines 

upstream of the 3'ss called the polypyrimidine tract (PPT)[111]. 
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Figure 1.9. Conservation of U2 spliceosomal intron motifs across five divergent species. Shown here 
are (A) the 5' splice site, (B) the branch point site and (C) 3' splice site along with the polypyrimidine 
tract. This image is reproduced from [112]. 
 

The spliceosome is composed of five snRNPs subunits (U1, U2, U4, U5 and U6) that 

assemble along with various interacting proteins and splicing factors during specific 

stages of the splicing pathway. In some organisms such as yeast, the spliceosome is a 

pre-assembled complex that is activated by the cell to induce splicing [113]. In other 

species including humans, splicing takes place by an ordered pathway (Figure 1.10). 

In the first stage, U1 binds to the 5' splice site, committing the intron to the splicing 

pathway. In mammals this is called the E (early) complex, and in other species is 

called the commitment complex [114]. Recognition is mediated by high sequence 

complementarity between the U1 snRNP and the 5'ss motif [115]. In the next stage, 

U2 is recruited to the BPS. In this stage, a protein complex called the U2 assistance 

factor (U2AF) binds to the 3'ss and PPT. U2AF is a heterodimer, composed of 

U2AF35 which binds specifically to the 3'ss, and U2AF65 which binds to the PPT. 

These bind along with a number of splicing factors, including SF1, which then recruit 

U2 to the BPS forming the activated (A) complex [114]. The U4 and U6 snRNPs 

share significant sequence complementarity and are found transiently as a di-snRNP 

complex. These are joined by U5, forming a tri-snRNP complex which then associates 

with the U1-U2 pre-spliceosome, forming the B complex [114]. U5 also interacts with 

Prp8, which interacts with the 5'ss [116]. At this stage several splicing factors and 

helicases interact with U1 and U4, causing them to destabilize and disassociate from 

the spliceosome. This allows U6 to interact with the 5'ss, and for U5 to interact with 

both the 5'ss and 3'ss [117]. This causes a conformational change in the pre-mRNA 

structure to its catalytically active formation (Figure 1.10)[111].  
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Figure 1.10. Overview of the major splicing pathway. Image is reproduced from [118]. 
 

The next stages of the splicing pathway involves a series of two transesterification 

(TE) reactions which serve to exchange hydroxyl (OH) groups found in the conserved 

adenosine base of the BPS (Figure 1.9B) with phosphodiester groups at the 5' and 3' 

splice sites. The first TE reaction takes place between the 2' OH group of the BPS 

adenosine and the phosphodiester group of the 5'ss, forming a closed intronic loop. 

The upstream exon is no longer joined to the intron from this point, but remains 

bound to the spliceosome by Prp8 [116]. The second TE reaction then takes place 

between the 3' OH group of the BPS adendosine and the phosphodiester of the 3'ss, 

ligating the exons together and excising the intron as a lariat (Figure 1.11)[109]. 

 

 
Figure 1.11. Schematic of the two-step transeterification reaction to excise the intron and ligate the 
exons. Image is reproduced from [109] with permission. 
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1.2.4 Alternative splicing 

In simple eukaryotes such as yeast, the majority of splicing involves the ligation of all 

exons within a gene, creating very little transcriptional complexity. In higher 

eukaryotes however, additional complexity is added by the differential inclusion of 

exon sequences into the final mRNA product. This process is called alternative 

splicing (AS), and enables a single gene to code for multiple different proteins. Figure 

1.12 shows the most common patterns of AS seen in eukaryotes, although more 

complex and less frequent patterns such as the use of alternative promoters and 

alternative polyadenalation have also been shown to occur [119].  

 

Alternative splicing has been observed across all eukaryotes, but is most prevalent in 

higher metazoans, with the greatest complexity seen in vertebrates [120]. In humans 

and other vertebrates, the majority of multi-exon genes are predicted to undergo AS, 

with exon skipping being the most prevalent form [121,122]. In lower metazoans, 

fungi and protozoans, the most common form of AS is intron retention [120]. Plants 

have a much lower rate of alternative splicing, with intron retention the most 

prevalent form. It has been suggested that AS played a very minor role in the 

evolution of plants, possibly due to their ability to generate additional transcriptomic 

diversity through partial or whole genome duplication events [119]. 

 

 
Figure 1.12. Patterns of alternative splicing most often observed in eukaryotes. (A) exon skipping, (B) 
alternative 3' and (C) alternative 5' splice sites, (D) intron retention and (E) mutually exclusive exons. 
Image reproduced from [123] with permission. 
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In addition to its contribution to transcriptomic and proteomic diversity, alternative 

splicing can also serve a variety of additional functions. Approximately 75% of AS 

occurs within protein-coding sequences [124], and alternate exons tend to have a 

length divisible by three, preserving the reading frame of the protein [123]. This 

suggests that the majority of alternative splicing is functional in the proteome, and has 

a direct impact on primary protein structure. These changes can have an impact on a 

protein’s binding properties, intracellular location, stability, enzymatic activity and 

may introduce additional protein domains that alter a proteins structure and function 

[123]. Alternative splicing can influence gene expression level by introducing 

premature termination codons (PTC) that mark the transcript for degradation by the 

nonsense mediated decay (NMD) pathway [125], which is discussed in more detail in 

section 1.2.5. Dis-regulation of splicing and alternative splicing can also play a role in 

various diseases, such as retinitis pigmentosa [126] and some cancers [127,128].  

 

Alternative splicing can be regulated in a number of ways, but quite often it involves a 

number of different factors working in parallel. Interactions between the conserved 

splicing motifs and various splicing proteins can influence how a pre-mRNA is 

processed. Mutations in the 5' or 3' splice sites can alter how the spliceosome interacts 

with these splice sites and alter how that exon is spliced. Roca et al. [129] showed that 

altering the sequence surrounding the 5'ss in the human β-globulin gene could alter 

the interaction between the 5'ss and U1, which was found to have an affect on splice 

site decision. The presence of additional RNA binding domains within introns and/or 

exons can also influence alternative splicing. These sites act as binding domains for 

proteomic modulators of AS which can serve to positively or negatively regulate AS. 

For example, serine-argenine rich (SR) proteins are splicing factors that enhance 

splicing by preferentially binding to exon splicing enhancer (ESEs) sequences [130]. 

This seems particularly important for exons flanked by long introns, as ESE 

sequences in these exons have been shown to be under purifying selection [131]. 

Examples of other exonic/intronic regulatory sequences that enhance/suppress 

splicing are shown in figure 1.13. 
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Figure 1.13. Proteomic regulation of alternative splicing. Serine-Argenine (SR) proteins interact with 
exonic/intronic splicing enhancers (ESEs, ISEs) to enhance splicing. Conversely, heteronuclear 
ribonulceoproteins (hnRNPs) negatively regulate splicing by interacting with exonic/intronic splicing 
silencers (ESSs, ISSs). Image reproduced from [118] with permission. 
 

The majority of splicing occurs co-transcriptionally [132], allowing for kinetic 

regulation of alternative splicing. The speed at which RNA polymerase II moves 

along a nascent pre-mRNA transcript can influence splice site decision, with faster 

transcription leading to skipping of exons with weaker splice sites and slower 

transcription leading to their inclusion. Slowing down of the rate of RNA Pol II 

elongation along a transcript can allow for extra time for splicing proteins to 

recognize and bind to sub-optimal splice sites. This suggests that kinetic modulation 

of RNA Pol II can introduce competition between different splice sites, leading to 

differential alternative splicing [69]. The rate of RNA Pol II elongation can be 

influenced by the presence of pausing factors such as the negative elongation factor 

(NELF)[133], and also by epigenetic factors such as nucleosome positioning around 

alternate exons [134], and methylation of CTCF sites [135].   

 

These mechanisms outlined above generally work in combination to regulate 

alternative splicing. This has led to the suggestion of the existence of a splicing code 

[136], that could potentially be used to determine the factors that determine tissue-

specific and developmental patterns of alternative splicing.  

 

1.2.5 Function of introns 

As discussed above, introns contain conserved regulatory motifs that provide the 

necessary signals for splicing and alternative splicing. Introns can also contain 

additional regulatory elements, such as enhancer, suppressor or transcription factor 

binding sites that can modify the expression level of their host genes [137]. In the 
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majority of cases, these regulatory elements are found within the first intron of the 

gene. The first intron, and particularly those located within the 5' UTR, tend to be 

significantly larger than other introns, suggesting the widespread occurrence of 

regulatory sequences within first introns [138].  

 

Introns also play a role in post-transcriptional regulation of gene expression, primarily 

through the nonsense mediated decay (NMD) pathway [137]. NMD is an mRNA 

surveillance mechanism that triggers the decay of mRNA transcripts harboring 

premature termination codons (PTCs). This is a translation-coupled process that 

inhibits the translation of transcripts containing PTCs that might otherwise produce 

truncated and potentially toxic proteins [139]. In mammals, NMD is associated with 

pre-mRNA splicing as NMD often only occurs if a PTC is located upstream of an 

exon junction complex (EJC). EJCs are protein complexes that are deposited 

approximately 20-24bp upstream of exon-exon junctions after splicing [140]. During 

the pioneer round of translation, the ribosome scans the mRNA transcript and 

displaces any EJCs that it encounters. If the ribosome encounters a PTC at least 50-

55bp upstream of the EJC however, translation is halted and the EJC is retained. This 

recruits the NMD associated proteins to the EJC, inhibiting further translation and 

triggering the PTC containing transcript to be destroyed [141]. While NMD is useful 

to prevent the translation of aberrant transcripts, it has also been shown to play a role 

in the regulation of normal gene expression. In some cases, alternative splicing can 

introduce PTCs, marking those transcript isoforms for degradation by the NMD 

pathway. An example of this is polypyrimidine tract binding protein (PTB), which 

can be expressed as either of two isoforms. The first isoform contains all exons and is 

the functional form of the gene. The other isoform skips exon 11, which induces a 

frame-shift that introduces a PTC within exon 12. Interestingly, PTB promotes exon 

11 skipping, and is therefore capable of regulating its own expression by recruiting 

the NMD pathway [142]. Other proteins, such as rpL12 have been shown to regulate 

their own expression using a similar mechanism [143,144], illustrating the potential 

for NMD in normal gene regulation. 

 

Transcript length can have a significant impact on the time taken to transcribe a gene. 

In mammals, 95% of the length of primary protein coding sequences is made up by 

introns [83], and so a substantial portion of this delay may be attributable to introns. 
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For some genes, the time taken to transcribe introns is functionally significant. This is 

particularly important for developmental genes where intron delays coupled with 

negative feedback loops have been shown to establish oscillatory patterns of gene 

expression [97]. The Dll1 gene represents an example of this. This gene is involved in 

the development and maintenance of neural progenitor cells [145]. An increase in the 

length of the introns in Dll1 resulted in delayed expression of this gene, and a 

decrease led to its earlier expression. This also resulted in the abolition of the 

oscillatory gene expression pattern, leading to steady state expression of Dll1 and 

neural developmental defects [146]. Another example of this is the Hes7 gene, which 

is involved in embryonic pattern formation. The removal of the introns from Hes7 in 

mouse led to this gene being expressed 19 minutes earlier than usual, resulting in the 

abolition of the expression oscillations and severe developmental defects [147]. 

Indeed Hes7, as well as several other genes involved in embryonic development are 

enriched for high levels of intron length conservation, suggesting that these genes are 

under purifying selection to maintain their length [148]. In chapter 4 we show 

evidence for intron length coevolution in several sets of genes enriched for biological 

processes, such as development and the cell cycle, for which precise timing in gene 

expression may be important. Our results reveal a novel aspect of the evolution of 

intron length, and further suggest that transcriptional delays resulting from the 

transcription of introns may be functionally significant.  
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1.3 Transcriptome analysis – from populations to single cells 
1.3.1 Background 

Since the early 1990s, the field of transcriptomics has revolutionized our 

understanding of molecular biology. Transcriptomics has provided valuable insights 

into the function of many genes and their role in various cellular processes, as well as 

revealing the underlying molecular basis for many aspects of development and 

disease. In the past this has relied upon experiments that included large numbers of 

cells pooled into single biological replicates, hiding the variability in gene expression 

that is present across a population of cells. While the analysis of gene expression in 

single cells has been available for some time, technologies for single-cell expression 

analysis were either low-throughput, or used microarrays which are limited in terms 

of the range of genes that can be detected, and the analysis of alternative splicing. 

Recent advances in single cell transcriptomics have enabled in-depth studies of the 

entire transcriptome in single cells, revealing hidden sub-populations of cells as well 

as the variability that exists between cells in seemingly homogenous populations 

[149]. In this chapter we will review the development of transcriptomics, from the 

study of populations of cells to single cells. We will introduce some of the 

computational methods and challenges in whole-transcriptome sequencing (RNA-

Seq) of bulk cell populations, as well as their application in single-cell RNA-Seq 

(scRNA-Seq). Finally, we will introduce some of the challenges and issues posed by 

single cell sequencing.  

 

The development of Sanger sequencing in the 1970s allowed researchers to decode 

the nucleotide sequences of DNA and RNA molecules [150], leading to major 

advances in our understanding of biology. Sanger sequencing remained the dominant 

method in nucleic acid sequencing for almost three decades, and played an important 

role in the initial sequencing of the human genome [151]. It could also be applied to 

transcriptome sequencing. In 1991 an automated version of Sanger sequencing was 

used to sequence 609 partial cDNA clones isolated from the human mRNAs [152]. 

These sequences, called expressed sequence tags (ESTs), were on average 400 base 

pairs (bp) in length and represented the first attempt to catalogue the human 

transcriptome. While Sanger sequencing of ESTs offered a method of sequencing 

mRNAs, it could not yet be effectively used to quantify transcription. In 1995, a 
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method called serial analysis of gene expression (SAGE) was developed to address 

this problem. In this method, the length of ESTs was reduced considerably to 9-10bp, 

allowing for a more high-throughput and cost effective way of sequencing and 

quantifying mRNAs [153].  

 

It was during this time that the first DNA microarrays began to appear [154,155]. This 

is a high-throughput technology that allows the expression of a large number of genes 

to be analyzed in a single experiment. A DNA microarray is composed of thousands 

of oligonucleotide probes that are bound to a solid substrate. These probes contain 

nucleotide sequences that are complimentary to mRNA sequences, allowing 

fluorescently labeled cDNA molecules to be captured and quantified on the 

microarray surface. This remained the dominant tool for transcriptomic analysis for 

over a decade, offering a cheap and high-throughput method of quantifying gene 

expression. Microarrays are limited however. Because they rely on pre-defined probes 

that are bound to the array surface, they do not offer the possibility of novel transcript 

discovery and are limited to the gene annotations available at the time of the 

microarray design. Also, while methods do exists to study alternative splicing using 

whole-transcript microarrays [156], quantifying alternative transcript isoforms from 

microarray data remains a difficult and open problem in bioinformatics.  

 

Sanger based sequencing methods remained the dominant sequencing technology for 

almost 30 years, playing a major role in the human genome project [151]. These 

methods were slow and relatively low-throughput however, and were unable to keep 

up with the increased demand for nucleic acid sequencing in the years following the 

sequencing of the human genome. To address this, 454 Life Sciences developed a 

sequencing-by-synthesis approach in 2005 that was capable of generating a large 

number of sequences at a greatly reduced cost [157]. The first transcriptome-wide 

study using 454 sequencing was published in 2006. Bainbridge et al. [158] generated 

200,000 sequences with an average read length of 110bp, and demonstrated that high-

throughput sequencing could not only be used to measure transcript abundance, but 

could also be used to detect novel alternative splice isoforms. This technology, and 

those similar to it, were collectively termed next generation sequencing (NGS), and 

attention over the next few years was focused on improving the characteristics of 

NGS technologies such as read length, number of reads and lowering cost [159].  
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The first RNA-Seq studies that used Illumina sequencing methods were published in 

2008 [160,161], and since then Illumina platforms have dominated next generation 

sequencing. A typical Illumina sequencing pipeline is illustrated in figure 1.14. This 

can be applied to both DNA and RNA sequencing, but in the case of RNA-Seq, 

poly(A)+ selected mRNA is first reverse-transcribed to make cDNA. This is then 

sheared, usually by sonication, to make cDNA fragments of varying sizes (Figure 

1.14A). These fragments are size selected and then amplified by PCR. Adapter 

oligonucleotides are ligated onto both ends of each fragment, which are then used to 

anchor the fragment to the surface of an Illumina flowcell (Figure 1.14B). Each 

fragment undergoes several rounds of bridge amplification, resulting in a large 

number of cDNA clusters each of which is made up of multiple copies of the original 

cDNA fragment (Figure 1.14B). The reverse strands of each fragment are removed, 

and once a sequencing adapter is added, the sequencing of all clusters begins in 

parallel. Sequencing takes place over several cycles, during each of which a single 

fluorescently labeled nucleotide is incorporated into each fragment by hybridization. 

Each of the four nucleotide bases is labeled with a different colored dye that when 

activated by a laser can be used to determine which base has been incorporated into 

the fragment. This cycle is repeated and is used to gradually determine the nucleic 

acid sequence of the cDNAs (Figure 1.14A)[162]. This process produces millions of 

sequence reads that are relatively short compared to the length of the original cDNA 

fragment. It is also possible to sequence both ends of the fragment simultaneously, 

resulting in paired-end reads. This is useful, as it incorporates more information about 

the fragment. After mapping both ends of the fragment to the transcriptome, 

incorporating the fragment length distribution can be used to improve the 

identification and quantification of alternative splice isoforms [163].  
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Figure 1.14. (A) Schematic of a typical Illumina sequencing run. DNA, or in the case of RNA-Seq, 
cDNA is sheared into smaller fragments. Adaptors are then ligated onto both ends of the fragment, 
which is then anchored onto the surface of a flowcell. These fragments are then amplified to form 
clusters, called polonies, which are then sequenced. This image is reproduced from [162] with 
permission. (B) Overview of bridge amplification of DNA clusters. The DNA fragments to be 
sequenced are anchored to the flowcell via an oligonucleotide adapter. Both ends are bound, forming a 
nucleotide bridge, which then undergo several rounds of amplification. One end of each fragment is 
released from the flowcell, resulting in a cluster, which is also called a polony, of upright clusters of 
DNA that are made up of several copies of the original DNA fragment. This image is reproduced from 
[164] with permission. 
 

1.3.2 Analysis of RNA-Seq data 

In the previous section we gave a historical overview of the major developments in 

transcriptomics, from the development of Sanger sequencing in the 1970s to the 

emergence of next generation sequencing and RNA-Seq. In this section we will 

review some of the methods that have been developed for the analysis of RNA 

sequencing data, as well as some of the issues that arise during the analysis of such 

data.  

 

1.3.2.1 Quality control of NGS data 

A typical sequencing run produces millions of reads that are contained in fastQ 

formatted text files. These files contain the nucleotide sequences of the sequenced 

cDNA fragments, but also per-base quality scores that reflect the confidence that a 

base has been correctly identified. These are encoded as ASCII characters in the fastQ 

file and can be converted to Phred quality scores by taking the numerical value that 

encodes that character [165]. The probability that a base has been incorrectly 

identified, P, can then be calculated as 
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𝑄 =   −10 log!" 𝑃 

 

where Q is the Phred score for that base [166]. The first step in the analysis of NGS 

data is often to examine the distribution of Phred scores across all reads in the fastQ 

file in order to identify low quality reads that may contain sequencing errors. A 

typical distribution of Phred quality scores is shown in figure 1.15.  

 

 
Figure 1.15. An example of a typical distribution of per-base Phred quality scores in RNA-Seq data. 
The y-axis corresponds to the numerical value of the Phred quality score and the x-axis corresponds to 
the position (in base pairs) along the sequencing reads. 
 

In figure 1.15 we see that the Phred quality scores decrease towards the 3' end of the 

sequence reads. This is typical of many NGS datasets, and may be caused by clusters 

going out of phase with the sequencing cycle. During each cycle, it is expected that 

exactly one base is incorporated into each fragment in each cluster. A cluster goes out 

of phase when either more than one base is incorporated, or no base is incorporated. 

An accumulation of these errors within a cluster results in a decreased Phred quality 

score towards the 3' end of the read [167]. It is usual to trim these low quality bases 

prior to read mapping as they may contain errors. Many tools exists for this task, such 

as the fastx toolkit (http://hannonlab.cshl.edu/fastx_toolkit/) and Trimmomatic [168].  
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Another potential quality issue that should be taken into account when analyzing NGS 

data is sequence duplication. Contamination of the sequence reads with sequencing 

adaptors, primers or barcodes may lead to an over-representation of these sequences 

in the dataset. These can be identified and removed prior to read mapping using tools 

such as Trimmomatic [168] and Cutadapt [169]. Sequences that are over-represented 

due to PCR amplification are generally removed post read mapping, but it can often 

be difficult to reliably distinguish between genuine PCR artifacts and “real” 

duplicates that can result from high sequencing depth or from highly expressed genes.  

 

1.3.2.2 Mapping reads to the genome 

The next step in the analysis of NGS data is mapping the sequencing reads to a 

reference genome. While tools for aligning nucleotide sequences had existed since the 

time of Sanger sequencing, shorter read lengths and the increased number of reads 

that are generated by NGS platforms presented new computational challenges that 

needed to be overcome to allow for the analysis of NGS data. This led to the 

development of a number of short read alignment programs that are capable of 

handling large amounts of sequencing data [170]. Tools such as BWA [171] and 

Bowtie [172] are capable of  quickly mapping reads to the genome, which they do by 

first creating a genome index based on a Burrows-Wheeler transform [172]. This 

allows a large number of reads to be aligned in a short time, using a minimal amount 

of computer memory. These programs are designed for DNA sequencing however, 

and expect that the sequencing reads should map contiguously to the reference 

genome. Because of pre-mRNA splicing, sequencing reads from RNA-Seq 

experiments may not map contiguously, and instead may be broken up across 

different exons as they cross splice junctions. Some RNA-Seq analysis pipelines, such 

as that employed by RSEM [173] overcome this by mapping the reads directly to the 

transcript’s mRNA sequence using non-spliced alignment programs such as Bowtie, 

however such approaches do not enable the discovery of novel transcripts. Spliced-

alignment programs such as TopHat [174] and GSNAP [175] are more commonly 

used, and instead attempt to map reads across splice junctions, taking into account 

that different segments of the same read may map to different exons (Figure 1.16, 

left). These tools can use annotated splice junctions to detect alternative splicing, but 

are also capable of detecting novel splice junctions. 
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Figure 1.16. Schematic representation showing mapping and transcript assembly from RNA-Seq data. 
(left) Alignment strategy used by spliced alignment programs such as TopHat [174]. Reads that map 
across splice junctions can be used to detect and quantify alternative splice isoforms (right) De-novo 
transcriptome assembly with RNA-Seq reads. This image is reproduced from [176] with permission. 
 

In the absence of a reference transcriptome, it is possible to carry out de-novo 

transcriptome assembly using RNA-Seq reads (Figure 1.16, right). Trinity [177] uses 

a graph theoretic approach that assembles potential transcripts by constructing 

multiple de-Bruijn graphs. The assembled transcripts can then be aligned to a 

reference genome to annotate gene models and detect novel alternative splice 

isoforms. The RNA-Seq reads can then be mapped to these annotations using the 

methods described above. This approach is particularly useful for non-model 

organisms where no reference transcriptome is available.  

 

1.3.2.3 Calculating gene expression from RNA-Seq data 

Fragments per kilobase per million mapped reads (FPKM) is a metric that is 

commonly used to quantify transcript expression from RNA-Seq data. The FPKM 

value of a transcript is calculated from the number of reads (or fragments) that 

mapped to that transcript, normalized by the transcript length and the total number of 

reads that were mapped in the experiment. This measure is roughly proportional to the 

fraction of mRNA molecules for that transcript in the sample [161]. During the read 
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mapping step, some reads may map to multiple positions in the genome, and this 

should be taken into account when calculating transcript abundances. While some 

analysis methods simply discard these reads, other tools such as Cufflinks [178] will 

use these reads and attempt to identify from which transcript a multi-mapped read is 

most likely to have originated. Initially, Cufflinks handles multi-mapped reads by 

assigning partial read counts to each position it maps to. For example, if a read can be 

mapped to 10 positions on the genome, each position will receive 10% of a read 

count. Cufflinks estimates an initial transcript abundance using this method, but then 

refines these estimations by probabilistically dividing each multi-mapped read based 

on the initial transcript abundances.  

 

1.3.2.4 Estimating isoform abundance from RNA-Seq data 

The majority of multi-exon genes in eukaryotes are predicted to undergo alternative 

splicing, producing multiple transcript isoforms per gene which can have biological 

significance. By using reads that map across splice junctions or that map to alternative 

exons, it is possible to estimate the abundance of individual isoforms from RNA-Seq 

data. These estimations can be improved by the use of paired-end sequencing. 

Because of the relatively short read length of RNA-Seq reads compared to the overall 

fragment length, individual reads might not cross splice junctions. Sequencing both 

ends of the fragment and incorporating the expected length distribution of the 

fragments can allow better detection of those fragments that cross splice junctions, 

improving isoform abundance estimates [163]. Cufflinks can be used to detect 

alternative splicing by using either annotated isoforms, or it can attempt to detect 

novel isoforms using an un-guided approach. In this case, Cufflinks first builds a 

graph of “compatible” fragments that could have possibly originated from the same 

isoform. Cufflinks then constructs multiple paths through this graph, and finds a 

minimal set of paths that are required to explain all the fragments using a proof of 

Dilworth’s theorem [179]. The abundance of each isoform is then calculated by first 

matching each fragment to the set of isoforms that it could have originated from, and 

then incorporating the fragment length distribution to help identify which isoform the 

fragment is most likely to have originated from. Finally, Cufflinks uses a statistical 

model to obtain maximum likelihood estimates for the abundance of each transcript 

[178].  
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1.3.3 Single cell transcriptome analysis 

Until recently, next generation sequencing has only been applicable to bulk cell 

populations that are typically comprised of millions of cells. Recent developments in 

single cell RNA-Seq (scRNA-Seq) have allowed researchers to carry out in-depth 

analyses of the transcriptome in single cells, leading to the discovery of hidden cell 

populations [180], allele specific transcription [181] and to study the transcriptional 

dynamics of cell differentiation and fate decisions [182,183]. In this section we will 

review the development of single cell transcriptomics and discuss some of the 

methods and issues that arise during the analysis of scRNA-Seq data. 

 

1.3.3.1 Background to single cell transcriptomics 

While transcriptome analysis in single cells has been available for some time, 

methods for doing this have relied on low-throughput technologies such as PCR [184] 

or in-vitro transcription [185]. More recently, quantitative PCR has been applied to 

single cells [186], but this only allows the analysis of a small number of pre-selected 

transcripts at a time. The use of DNA microarrays offers a high-throughput solution to 

single-cell transcriptomics [187,188], but is limited to the analysis of sets of known 

transcripts and cannot be effectively used to detect alternative splice isoforms. The 

first scRNA-Seq protocol was developed by Tang et al. [189]. In their paper, they 

show that scRNA-Seq could detect up to 75% more genes than single cell 

microarrays, and was also able to characterize 1,753 previously unknown splice 

junctions. This demonstrated the potential advantages of scRNA-Seq over single cell 

microarray technologies, and since then a number of scRNA-Seq protocols have been 

developed to improve the technology and reduce the potential biases that are 

commonly found in scRNA-Seq datasets. 

 

1.3.3.2 Methods in scRNA-Seq 

The first step in single cell sequencing is the isolation of single cells from the bulk 

tissue or cell sample. Many methods have been used to do this, including manual 

isolation with a pipette, optical tweezers and micro-fluidic based methods, but the 

most common method for single cell isolation is fluorescence activated cell sorting 

(FACS). This method involves labeling the cell type of interest with fluorescently 

labeled antibodies that are bound to specific markers on the cell surface. The cells are 

then passed by a laser that activates the fluorescent markers on the cells that are to be 
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isolated. These cells are then diverted into a multi-well plate, which is set up so that 

each well should only contain a single cell (Figure 1.17A)[190]. 

 

 
Figure 1.17. (A) Isolation of single cells using fluorescent-activated cell sorting (FACS). Cells are 
passed one at a time through a laser. The cells of interest are fluorescently labeled, and if this label is 
activated by the laser these cells are deflected and collected in a multi-well plate. (B) Library 
preparation and cDNA amplification by template switching, as used by Smart-Seq. A universal primer 
is inserted at the 3’ end of the poly(A)+ selected RNA, along with a reverse-transcription initiation 
oligonucleotide. A template-switching oligonucleotide (TSO) is added to the 5’ end and template 
switching takes place, along with reverse-transcription. The resulting cDNA molecules are then 
amplified by PCR and sequenced. These images are adapted from [190] with permission. 
 

The next step involves the preparation of cDNA libraries from the isolated cells. 

Many protocols have been developed to do this, but in general, each protocol begins 

by reverse-transcribing poly(A)+ selected RNA to make cDNA, and then amplifying 

the cDNA. Protocols such as CEL-Seq [191] and MARS-Seq [192] amplify the 

cDNA using in-vitro transcription. These methods have been found to have a strong 

bias towards the 3' end of transcripts however, making analysis of alternative splicing 

using these protocols problematic [190]. The original scRNA-Seq protocol developed 

by Tang et al. [189] also has a strong 3' bias, and to address this issue Ramsköld et al. 

[193] developed the Smart-Seq protocol. Smart-Seq is capable of producing full-

length transcripts by using a template-switching strategy followed by PCR 

amplification (Figure 1.17B). This protocol does not completely eliminate the 3' bias 

however, as Ramsköld et al. [193] found that there was a 60% decrease in read 
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coverage towards the 5' end of transcript. Nevertheless, they were able to produce 

full-length transcripts for about 25% of transcripts, representing a marked 

improvement over previous library preparation protocols.  

 

1.3.3.3 Challenges in scRNA-Seq analysis 

While many of the methods that have been developed for the analysis of RNA-Seq 

data from bulk populations can also be applied to scRNA-Seq datasets, analysis of 

scRNA-Seq data presents several new computational challenges that must be properly 

addressed. In this section, we will review some of these issues and the strategies that 

have been developed to overcome them.  

 

Initial quality filters that are usually applied to the raw sequencing reads of bulk 

sequencing experiments can also be used to assess the quality of scRNA-Seq datasets. 

In single cell experiments, it is also necessary to carry out additional quality control 

measures after read mapping to identify poor quality cells where the RNA capture and 

amplification was poor, or where the single cell isolation step had failed. A low 

number of reads that map back to the genome can be indicative of poor library 

quality, possibly due to RNA degradation, contamination, or indicate that the cell 

lysis was unsuccessful [149]. It is also possible to assess the library quality through 

the use of external controls. A commonly used approach is the use of artificial spike-

in sequences, such as those produced by the External RNA Control Consortium 

(ERCC)[194]. A large fraction of reads that map to spike-in sequences rather than to 

endogenous mRNAs can indicate poor library quality. It is also important to account 

for sampling bias that may occur during the cDNA amplification step. This is 

particularly problematic for lowly expressed genes that, although they are expressed, 

might not be sampled during amplification. To assess the impact of these “dropouts”, 

Kharchenko et al. [195] developed a Bayesian approach that can be used to calculate 

the probability that a transcript is expressed but not sampled, rather than genuinely not 

expressed in a cell. This method can be used to assess the efficiency of the cDNA 

amplification in single cell libraries.  

 

In single cell studies the amount of RNA that can be extracted and sequenced can 

vary considerably across cells. Normalization methods that have been developed for 

bulk transcriptome analysis generally make the assumption that the same amount of 
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RNA has been sequenced from each sample, and so may not be directly applicable to 

single cell studies. The use of external controls, such as ERCC spike-ins can be used 

to normalize transcript expression values across cells. During library preparation, a 

constant volume of spike-in mix is added to each cell lysate, and so the number of 

splike-in molecules should be approximately the same in each cell. Stegle et al. [149] 

recommend a two-stage normalization procedure that uses these spike-in sequences to 

normalize scRNA-Seq expression values. This approach involves calculating two size 

factors, such as those produced by DESeq [196], the first of which is for the spike-in 

expression values and the other for the endogenous transcripts. The size factor of the 

spike-ins is used to account for differences in sequencing depth across cells, whereas 

the size-factor of the endogenous transcripts reflects the mRNA concentration in each 

cell. The ratio between these two size factors can then be used to estimate the total 

amount of mRNA in each cell, which can be used to normalize the expression values 

across all cells in the dataset [197]. In the absence of spike-ins, measures such as 

FPKM that normalize expression values based on the number of mapped reads are 

often used. Caution should be taken however, as FPKM also normalizes based on 

transcript length. As previously mentioned, there is a pronounced 3' read bias in many 

scRNA-Seq protocols that decrease read coverage towards the 5' end of transcripts 

[193]. As a result, normalizing by transcript length may underestimate the expression 

of long transcripts, and overestimate that of short transcripts [149].  

 

A major confounding factor and source of variation in many transcriptome-wide 

experiments is the presence of batch effects. This is well known from bulk RNA-Seq, 

and can often cause samples to cluster by when or by whom a sample was prepared, 

rather than by clustering by their experimental condition. Batch effects can be 

particularly prevalent in single cell studies, as cells from different experimental 

groups are often processed and sequenced at different times [149]. This can obscure 

the true biological variation that the researcher is trying to capture, and so great care 

should be taken in order to reduce the impact of batch effects. Computational methods 

such as principal components analysis and hierarchical clustering can be used to 

assess the presence of batch effects, but they are best accounted for during the 

experimental design stage. The use of multiple biological replicates, preparing 

samples in parallel, and randomizing samples across different sequencing runs and 

lanes of the flowcell can help reduce the impact of batch effects. In addition to batch 
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effects, biological factors can also introduce additional sources of variation that can 

obscure the biological signal of interest in an experiment. For example, it has been 

shown that the cell cycle can introduce variations in gene expression that cause cells 

to cluster based on their cell cycle stage, rather than experimental condition. To 

address this issue, Buettner et al. [180] developed a method that uses latent variable 

models to identity these unwanted sources of variation, and then removes them using 

linear regression across cells. 

 

1.4 Aims and Objectives 
In this thesis, we set out to investigate some of the functional consequences of the 

presence of introns in mammalian genomes. Specifically, we asked if tissue-specific 

alternative pre-mRNA splicing in thymic epithelial cells might contribute to the 

negative selection of T lymphocytes. We also asked if intron length might be 

functionally relevant in sets of genes for which the precise timing of gene expression 

is important. 

 

In the first analysis chapter, we asked if there might exist a mechanism by which 

tissue-specific splice isoforms are expressed in the thymus for the purpose of negative 

selection of T lymphocytes. The importance of tissue-restricted antigens (TRAs) in 

the thymus is well established, however the potential for tissue-specific splicing to 

introduce additional TRAs had not yet been investigated. We hypothesized that the 

autoimmune regulator (AIRE) gene might play a role in the promiscuous splicing of 

tissue-specific isoforms in medullary thymic epithelial cells (mTECs), representing a 

novel aspect of the role of AIRE to induce and maintain self-tolerance of T 

lymphocytes. 

 

In the second analysis chapter, we asked if the diversity of alternative splice isoforms 

that we observed in mTEC populations was also apparent in single cells, or if 

alternatively it was a consequence of the pooling of multiple cells. We also set out to 

measure the diversity of gene expression in mTECs, by calculating gene expression 

entropy. Although mTECs had been shown to express the majority of protein-coding 

genes [42], the distribution of mRNA abundances across genes had not been 

investigated. In chapter 3, we asked if the distribution of gene expression in mTEC 
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populations was skewed towards a few, highly expressed genes, or if alternatively was 

more balanced across genes.  

 

In the final analysis chapter, we set out to investigate intron length coevolution in 

mammals. In mammals, introns occupy a substantial portion of primary protein-

coding sequences [83], raising questions as to the function and evolution of such large 

introns in mammalian genomes. For some biological processes, the delay in 

transcription that results from the time taken to transcribe introns is functionally 

relevant [97]. It has previously been shown that sets of genes that are involved in 

developmental processes are highly conserved in terms of intron content [148], 

suggesting that natural selection might also act on intron length. We therefore 

hypothesized that sets of genes that require precise coordination in the timing of their 

expression may be sensitive to evolutionary changes in intron length, and that such 

changes, when they occur, should be correlated among these sets of genes. 
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Chapter 2 - Promiscuous mRNA splicing under the 

control of AIRE in medullary thymic epithelial cells 

 
The content of this chapter was published as: 

Keane, P., Ceredig, Rh. and Seoighe, S. (2015). Promiscuous mRNA splicing under 

the control of AIRE in medullary thymic epithelial cells. 

Bioinformatics, 31(7), 986-990 

 

PK performed the analysis and wrote the paper. 

 

Supplementary material for this chapter can be found in Appendix A 

 

2.1 Abstract 
2.1.1 Motivation 

The expression of tissue-restricted antigens (TRAs) in the thymus is required to 

ensure efficient negative selection of potentially auto-reactive T lymphocytes and 

avoid autoimmune disease. This promiscuous expression is under control of the 

autoimmune regulator (AIRE), a transcription factor expressed in medullary thymic 

epithelial cells (mTECs). Tissue-specific alternative splicing may also introduce 

TRAs but the extent to which splice isoforms that are restricted to specific tissues are 

expressed in mTECs had yet to be investigated. 

 

2.1.2 Results 

We reanalyzed microarray and RNA-Seq datasets from mouse mTECs and other 

epithelial and non-epithelial cell types and found that the diversity of splice isoforms 

in mTECs was greater than in any of the other cell types or tissues studied. We 

identified tissue-specific isoforms from a panel of mouse tissues and found several 

examples of such isoforms that are expressed in mTECs. The number of isoforms 

with restricted expression was significantly higher than for comparable cell types. 

Furthermore, we found evidence that AIRE influences the increased splicing diversity 

observed in mTECs as the genes for which tissue specific isoforms are produced in 

mTECs were significantly more likely than other genes to be differentially spliced 
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between AIRE knock-out and wild-type samples. Our results suggest that developing 

T lymphocytes are exposed to diverse tissue-restricted splice isoforms in the thymus 

and that AIRE has a direct or indirect role in this process, representing a novel aspect 

of its role in the maintenance of immune self-tolerance. 

 

2.2 Introduction 
T lymphocytes are cells of the adaptive immune system that are capable of 

recognizing and binding foreign peptides presented on the surface of other cells by 

major histocompatibility (MHC) class molecules. Recognition is mediated by the T 

cell receptor (TCR), a surface bound receptor, generated by a stochastic process of 

gene rearrangement in the thymus. This somatic rearrangement results in a diverse 

repertoire of T cells, each expressing a single TCR, which is capable of recognizing a 

limited set of peptide-MHC complexes. However, given the stochastic process by 

which these TCRs are generated, the possibility arises that a TCR may show affinity 

for self peptide-MHC complexes, leading to an autoimmune response. To avoid this, 

T cells undergo a process of selection in the thymus, whereby the developing T cell is 

exposed to a range of self peptide-MHC complexes. This process, referred to as 

negative selection, results in the deletion from the T cell repertoire of cells with a high 

affinity for self peptide-MHC complexes [198]. 

 

The range of self-peptides to which the developing T cells are exposed includes a 

number of peptides that are normally only expressed in specific tissues outside the 

thymus. This ectopic expression of tissue-restricted antigens (TRAs), which helps to 

prevent autoimmune responses targeted against TRAs, is mediated by the 

autoimmune regulator (AIRE), a transcription factor expressed primarily in medullary 

thymic epithelial cells (mTECs) [50]. AIRE induces the expression of tissue-restricted 

genes in mTECs, and mutations in Aire lead to autoimmune polyendocrinopathy 

candiasis ectodermal dystrophy (APECED), an autoimmune disease which affects 

multiple endocrine organs [44]. Although AIRE has been shown to increase the level 

of spliced versus un-spliced mRNAs [58], little is known about the impact of AIRE 

on alternative splicing, and the extent to which it can cause expression of alternative 

splice isoforms, resulting in isoform specific TRA expression in the thymus. Previous 

work has shown that AIRE interacts with a number of proteins involved in pre-mRNA 
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processing and spliceosome binding [55], including splicing factors such as SC35, a 

SR protein involved in transcriptional elongation through the recruitment of the 

positive transcription elongation factor b (p-TEFb)[199], and in the commitment of 

pre-mRNAs to the splicing pathway [200]. AIRE can also interact directly with p-

TEFb [201]. A mutation in the transcription activation domain (TAD) of AIRE, found 

in APECED patients, can prevent this interaction, leading to a decrease in the level of 

spliced versus un-spliced mRNAs [55,58]. In order to ensure efficient negative 

selection, a diverse range of peptides needs to be presented in the thymus to 

developing T cells. This includes peptides that are introduced by alternative splicing 

[202], specifically TRAs resulting from tissue-specific alternative splicing. 

 

To investigate the diversity of alternative splicing in the thymus, we calculated 

splicing entropy [128] using existing RNA-Seq data from mTECs, and compared it to 

the splicing entropy of other tissues. Entropy can be considered as a measure of 

uncertainty, and splicing entropy reflects the diversity of observed splice isoforms in a 

given sample. We also compared mRNA splicing between wild-type and knock-out 

mTECs. Finally, we investigated the ectopic expression of tissue-specific splice 

isoforms in mTECs. We suggest that AIRE plays a role in promiscuous splicing in 

mTECs, resulting in the expression of TRAs in the thymus for the purpose of negative 

selection of T cells. This is likely to contribute to the role of AIRE in inducing 

tolerance to self-antigens. 

 

2.3 Methods 
2.3.1 Splicing entropy 

Splicing entropy is a measure of the diversity of observed transcript isoforms in a 

given sample. Ritchie et al. [128] used splicing entropy to measure splicing disorder 

using isoform expression values obtained from EST data. Here, we used isoform 

expression values calculated using RNA-Seq data. Splicing entropy was calculated for 

each gene G as 

 

− 𝑃! log!(𝑃!)
!

!!!
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where g is the number of isoforms that make up G, and Pi is the proportion that each 

isoform i contributes to the overall expression of G. We calculated this for each 

sample independently, and summarized each sample using the median splicing 

entropy value obtained. 

 

2.3.2 Microarray data analysis 

Affymetrix MoGene 1.0 ST microarray data from AIRE wild-type and knock-out 

mTECs, generated by Giraud et al. [67] was downloaded from the Gene Expression 

Omnibus (GEO) under accession GSE33878. This microarray platform contains 

probesets targeting individual exons, allowing for exon level splicing analysis. 

Detected above background (DABG) probabilities and exon level expression 

estimates were calculated using Affymetrix Power Tools (APT) using the PLIER 

algorithm with GC background correction. Unexpressed genes were removed from 

the dataset. A gene was considered expressed if over 50% of its probesets could be 

detected with a DABG p-value < 0.05 in over 50% of all samples. Genes with single 

probesets were discarded. We applied the alternative splicing robust prediction based 

on entropy (ARH) method [203], to detect differences in splicing between 

experimental conditions. The ARH method detects differences in splicing by first 

measuring the deviation of the fold change (between experimental conditions) of each 

exon from the median fold change of all exons in that gene. Then, the deviation of 

each exon is divided by the sum of the deviations of all exons in the gene. These 

proportions, termed the splicing probability in [203], are then used to calculate a 

quantity that is analogous Shannon entropy. Finally, the ARH value is calculated by 

subtracting the entropy value of the gene from it’s theoretical maximum value. A high 

ARH value suggests that the distribution of splicing probabilities in that gene is 

dominated by a single, or few exons, which could be indicative of differential 

splicing. Alternatively, a low ARH value suggests that the distribution of splicing 

probabilities is evenly balanced across all exons of the gene. For more details, see 

[203].  

 

2.3.3 RNA-Seq data analysis 

We downloaded RNA-Seq data generated by St-Pierre et al. [204] (GEO accession  

GSE44945). This data consisted of paired-end sequences from mTECs, as well as 

from cortical thymic epithelial cells (cTECs) and skin epithelial cells (sECs). Raw 
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reads were processed using Trimmomatic v0.30 [168] to remove low quality 

sequences using the options slidingwindow:4:15, leading:3 trailing:3. These were then 

mapped to the mouse genome (mm9) with TopHat v1.4.1 [174] using default 

parameters and RefSeq transcript expression levels were calculated with Cufflinks 

v1.3.0 [178] using the following parameters (--multi-read-correct --min-isoform-

fraction 0). Genes with only one annotated isoform were discarded from further 

analysis. Splicing entropy was then calculated for each gene. Bootstrap analysis of the 

splicing entropy distribution was conducted in R v3.0.1. 

 

To compare splicing entropy across different tissues, we used the mouse 9 tissue 

dataset generated by Merkin et al. [205] (GEO accession GSE41637). These RNA-

Seq datasets contain reads of varying lengths. For comparability across experiments, 

all reads were trimmed to a maximum length of 50bp before mapping to the mouse 

genome with TopHat using the following parameters (--mate-inner-dist 200 --mate-

std-dev 30). RefSeq transcript abundances were calculated with Cufflinks and splicing 

entropy was then calculated for each gene. 

 

2.3.4 Tissue-specific alternative splicing 

We used the 9 tissue dataset from Merkin et al. [205] to identify tissue-specific splice 

isoforms. An isoform I, of a gene G, was considered to be specific to a tissue, if the 

proportion of transcripts from G corresponding to I was significantly greater that 0.1 

in all replicates of that tissue and in no replicate of any other tissue. Expression of an 

isoform, as a proportion of gene expression, was considered to be significantly greater 

if the lower bound of the 95% confidence interval for the isoform proportion 

exceeded 0.1. In order to avoid using tissue-specific genes, we considered only genes 

with fragments per kilobase of transcript per million mapped reads (FPKM) > 0.5 in 

more than one of the tissues examined. 

 

2.4 Results and discussion 
2.4.1 Splicing entropy in mTECs compared with other cell types 

The thymic epithelium creates a specialized environment that supports the 

development and maturation of T lymphocytes. This process involves interactions of 

developing lymphocytes with epithelial cells in the medulla and the cortex of the 



 50 

thymus, called mTECs and cTECs respectively. These cell types arise from a common 

bi-potent progenitor cell [38], but assume distinct roles in T cell development [29]. At 

a mature stage of development, mTECs express AIRE, a transcription factor that 

induces TRA expression in the thymic medulla [29]. We hypothesized that there may 

exists a mechanism to express tissue-restricted splice isoforms in mTECs, to ensure 

negative selection of T cells that react to TRAs resulting from tissue-specific splicing. 

A prediction of this hypothesis is that thymic epithelial cells should express a diverse 

set of splice isoforms, including isoforms that are normally restricted to specific 

tissues. To investigate this prediction we calculated splicing entropy based on 

previously published RNA-Seq data [204] from mouse mTECs, cTECs and sECs, the 

latter being an example of a non-thymic epithelial cell type. Only genes that were 

expressed in all three cell-types and for which more than one annotated isoform was 

available were considered for the calculation of splicing entropy. We found that the 

median splicing entropy across genes was higher in the mTEC than in the cTEC or 

sEC samples (p = 1 × 10-36, p = 6 × 10-56, respectively, Wilcoxon signed-rank test; 

Figure 2.1A and B). It should be noted that just one sample was available per cell type 

and the statistical significance reported here reflects consistency in the differences in 

splicing across genes, rather than replication in multiple samples. Interestingly, the 

difference in splicing was more apparent for AIRE-induced genes (as identified by 

[67]) than for AIRE independent genes (Supplementary Table A1), which is 

suggestive of a role for AIRE in the diverse splicing output of mTECs. 

 

We next compared thymic epithelial cells to a range of non-epithelial cell types using 

data from nine mouse tissues from Merkin et al. [205]. This dataset contains RNA-

Seq samples from brain, colon, heart, kidney, liver, lung, skeletal muscle (SkM), 

spleen and testes. For each tissue, three samples (denoted mouse A, B and C) were 

available, with the exception of heart for which only two samples were available. 

Each sample originates from a different mouse strain (DBA/2J, C57BL/6 and CD1 for 

samples A, B and C respectively). Differences in alternative splicing have been 

observed across mouse strains [206], which may contribute to some of the differences 

in splicing entropy observed across samples from the same tissue. The median (across 

genes) of the splicing entropy in mTECs was higher than for any of the tissues 

examined and for all samples, except for one of the mouse brain samples 

(Mouse_B_Brain) the difference was statistically significant (p < 0.0001 for all 
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pairwise comparisons, other than Mouse_B_Brain for which p = 0.19; Wilcoxon 

signed-rank test; Figure 2.1C). Although based on a single available sample of 

mTECs, these results suggest that mTECs express a wider range of isoforms 

compared with other cell types. This is consistent with the proposal that tissue-

restricted splice isoforms are produced in the thymus and presented to T cells for the 

purpose of negative selection. The absence of a particular isoform gives rise to the 

potential for T cells capable of directing autoimmunity towards that isoform to escape 

the thymus, causing autoimmunity. 

 

 
Figure 2.1. (A) Median splicing entropy in mTECs (red), cTECs (blue) and sECs (green). Error bars 
correspond to the standard error. (B) Density plot of splicing entropy in mTECs, cTECs and sECs. We 
carried out 1000 bootstrap resamples of genes and plotted separate lines for each pseudoreplicate of the 
data. The result of the bootstrap procedure can be seen as a blurred thickening of the lines on the 
density plot. (C) Median splicing entropy across a range of cell types, including mTECs, cTECs and 
sECs as well as tissues from the nine mouse tissue dataset. The latter included three replicates per 
tissue, denoted Mouse A (DBA/2J mice), B (C57BL/6 mice) and C (CD1 mice), with the exception of 
heart which has only two replicates. Error bars denote standard error of the median. Only genes 
expressed across all epithelial samples are included in A, and only genes expressed across all samples 
are included in C. 
 

2.4.2 AIRE plays a role in alternative splicing in mTECs 

To measure directly the impact of AIRE on alternative splicing, we applied the ARH 

method [203] to AIRE knock-out and wild-type mTECs, using microarray data 
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obtained from Giraud et al. [67]. These data were generated using the Affymetrix 

MoGene 1.0 ST array platform, which contains probesets targeting individual exons. 

Genes that were either not expressed, or to which only one probeset was mapped were 

removed prior to calculation of ARH values. We found that 4572 genes show 

differences in alternative splicing between AIRE knock-out and wild type mTECs 

with an ARH p-value < 0.05 (Supplementary Table A2). Interestingly, the list of 

genes was significantly enriched for genes with tissue-restricted isoforms that are 

expressed in mTECs (p = 0.01, from logistic regression with gene expression level 

and the number of expressed isoforms as covariates). We also counted the number of 

exons detected in each sample. An exon was considered expressed if it was assigned a 

DABG p-value less than 0.05. The mean number of exons detected was significantly 

higher for wild type samples than for AIRE knock-out samples (p = 0.04, two sided t-

test; Table 2.1).  

 

Together, these results show that AIRE influences alternative splicing in mTECs, 

increasing the number of exons detected in AIRE wild-type compared to knock-out, 

consistent with a role for AIRE in the diverse splicing output of mTECs. Although 

AIRE has previously been shown to increase the level of spliced versus un-spliced 

mRNAs [58], a role for AIRE in alternative splicing has not been established. Here 

we show that AIRE plays a role in alternative splicing and increases the inclusion of 

exons, and therefore isoforms containing these exons and this is likely to be an aspect 

of the role of AIRE in negative selection. 

 

Table 2.1. Summary of DABG analysis of microarray data 
Sample Mean number of exons detected per gene 

AIRE KO rep 1 7.29 

AIRE KO rep 2 7.30 

AIRE KO rep 3 7.18 

AIRE WT rep 1 7.95 

AIRE WT rep 2 7.99 

AIRE WT rep 3 8.59 
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2.4.3 Ectopic expression of tissue-specific isoforms in mTECs 

Given that alternative splicing can give rise to tissue-specific isoforms [207], we 

asked if ectopic expression of tissue-specific isoforms could be detected in mTECs. 

We identified a set of 339 tissue-specific isoforms using the 9 mouse tissue dataset 

[205] (see Supplementary Table A3 for the list of all detected TS isoforms). Of these, 

72 were also expressed in mTECs, compared to 26 in cTECs and 21 in sECs (p = 2 × 

10-7 and p = 3 × 10-9 respectively for the comparison of the proportion of tissue-

specific isoforms expressed in mTECs to the proportions in cTECs and sECs, 

respectively; two-proportion z-test; Figure 2.2A; see Supplementary Tables A4, A5 

and A6 for TS isoforms detected in mTECs, cTECs and sECs respectively). We found 

that 50 tissue-specific isoforms were expressed in the mTEC sample and not in either 

cTEC or sEC samples. These represented tissue-specific splice isoforms from 8 of the 

9 tissues examined. This is compared to 3 tissues represented in all tissue-specific 

isoforms detected in sECs (Figure 2.2B). We found that the range of tissue-specific 

isoforms expressed in mTECs represents almost all of the tissues studied. This is 

consistent with previous findings that mTECs express a diverse range of tissue-

restricted genes, which represent most tissues of the body [208]. 

 

 
Figure 2.2. (A) Number of tissue-specific isoforms detected in mTECs, cTECs and sECs. (B) 
Distribution of tissues represented by tissue-specific splice isoforms found in mTECs only (i.e. found 
in mTECs but not in cTECs or sECs), the second column includes all 21 tissue-specific isoforms found 
in sECs, whether or nor they are expressed in mTECs or cTECs. 
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The tissue specific isoforms that were found in mTECs and not in cTECs or sECs 

included the long form of the gene Oxr1 (Figure 2.3A), which is known to undergo 

brain specific alternative splicing [209]. The Oxr1 gene was expressed across all 

samples (Figure 2.3B), but the long form of Oxr1, NM_001130166, was expressed 

only in brain and in mTECs (Figure 2.3B and Supplementary Figure A1). We also 

found that mTECs express a tissue-specific splice isoform of sperm associated antigen 

16 (Spag16). An alternative splice isoform of Spag16 has been identified as a B cell 

autoimmune target in multiple sclerosis [210]. It has been found that isoform-specific 

regions of autoantigens that undergo alternative splicing often encode MHC class I 

and II restricted epitopes [211], and therefore Spag16 may also represent a T cell 

target in autoimmune disease. 
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Figure 2.3. (A) RefSeq annotated isoforms of the Oxr1 gene, including the long form of the gene, 
NM_001130166. (B) FPKM values of the Oxr1 gene in all tissues, and also in mTECs, cTECs and 
sECs. FPKM values of the long transcript, NM_001330166, are shown in a lighter coloured bar. The 
Oxr1 gene is expressed across all samples. The isoform NM_001330166 is highly expressed in brain, 
and also in mTECs. Samples in which this isoform is significantly expressed are denoted by an asterix 
(see Methods). 
 

The ectopic expression of tissue-specific isoforms is likely to contribute to negative 

selection, by providing an additional source of TRAs in the thymus. The importance 

of TRAs for this purpose is well established; however, previous studies have focused 

on TRAs derived from tissue-restricted genes [208]. Promiscuous splicing may be an 

important factor in establishing T cell tolerance to tissue-specific isoforms. 

Experimental validation would be required to formally show that T cells that are 

specific to isoform-specific peptides do escape the thymus and cause autoimmunity in 
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the absence of AIRE and confirm our conclusion that AIRE introduces isoform-

specific TRAs for the purpose of negative selection.  

 

2.5 Conclusion 
It is well established that AIRE induced the expression of tissue-restricted genes in 

the thymus. Here we show that AIRE also influences alternative splicing in mTECs, 

increasing the number of exons detectable per gene and allowing antigens on these 

exons to be produced. mTECs express a range of tissue-specific splice isoforms and 

knock out of AIRE affects splicing of these genes for which tissue restricted splice 

isoforms are found in mTECs. We suggest that promiscuous splicing in mTECs is 

under the control of AIRE, and that a breakdown in this mechanism would result in 

the absence of isoform specific TRAs in the thymus, allowing T cells capable of 

directing autoimmunity towards tissue-specific isoforms to escape the thymus and 

contribute to autoimmune disease.  
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Chapter 3 - Analysis of population and single cell 

data reveals transcriptome diversity across thymic 

epithelial cells 
 

Supplementary material for this chapter can be found in Appendix B 

 
3.1 Abstract 
Central tolerance of T lymphocytes is established during their development in the 

thymus and depends on the exposure of developing cells to a broad range of self-

antigens, including sets of tissue-restricted antigens (TRAs). This promiscuous 

expression of TRAs is partially under the control of AIRE, a transcription factor that 

regulates the expression of thousands of genes in medullary thymic epithelial cells 

(mTECs). Previously, we have shown that AIRE also influences alternative splicing 

in mTECs, and that the diversity of alternative splice isoforms expressed in mTECs is 

greater than any other cell-type. In our investigation of the influence of AIRE on 

mRNA splicing we calculated splicing entropy as a measure of the diversity of splice 

isoforms of genes expressed in mTECs. At the level of the entire transcriptome, we 

can also calculate gene expression entropy. In this case it provides a measure of the 

evenness of the distribution of mRNA abundance across genes. In this chapter we 

compared splicing and gene expression entropy in single mTECs to that in other cell-

types. We found that the increased splicing entropy seen in mTEC populations is 

evident to some extent in single cells, but enhanced by pooling of many different 

cells, each expressing a limited set of splice isoforms. We also found that the gene 

expression entropy in mTECs expressing AIRE was greater than any other cell-type. 

Finally, we suggest that although AIRE increases splicing and gene expression 

entropy in mTECs, other factors besides AIRE may also play a role. Overall, our 

results suggest that while single mTECs express a diverse range of genes and splice 

isoforms, the pooling of multiple cells results in a greater increase in transcriptome 

diversity in mTECs compared to other tissues.  
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3.2 Introduction 
An important feature of the adaptive immune system is the ability to distinguish self 

from non-self. A breakdown in the mechanisms that control this self-tolerance can 

result in the immune system mounting a response against the body’s own tissues, 

potentially leading to the onset of autoimmune disease. Self-tolerance of T 

lymphocytes is established during their development in the thymus. Immature T cells 

are exposed to a diverse range of the body’s own proteins, and cells that are capable 

of recognizing and responding to these self-antigens are removed from the T cell 

repertoire in a process called negative selection [198].  

 

This process depends on interactions between developing T cells and specialized 

populations of thymic epithelial cells (TECs), in particular medullary TECs 

(mTECs)[29]. These cells have been shown to express almost all known protein-

coding genes [42], allowing negative selection to take place against a large proportion 

of the proteome. This remarkable breadth of gene expression is achieved in part by 

the autoimmune regulator (AIRE) gene, a transcription factor expressed primarily by 

mTECs. AIRE is known to control the expression of a large number of genes in 

mTECs, including many that are normally only expressed by specific tissues outside 

the thymus [50]. Mutations in AIRE lead to an absence of these tissue-restricted 

antigens (TRAs) from the thymus, resulting in organ-specific autoimmunity [53]. 

Although the role of AIRE in the promiscuous expression of TRAs is well 

established, many TRAs are known to be independent of AIRE, suggesting that 

mechanisms besides AIRE may exist to ensure expression of TRAs in the thymus. 

Recently, the transcription factor Fezf2 has been shown to induce the expression of 

many additional TRAs in mTECs using a pathway independent of AIRE expression 

[43].  

 

The sets of TRAs expressed by mTECs vary significantly between individual cells 

[212,213], suggesting a stochastic mechanism by which AIRE induces TRA 

expression in single mTECs. Previous studies have shown that any given TRA is only 

expressed by 1-3% of mTECs in a population [213], suggesting that the complete set 

of TRAs expressed mTEC populations is the result of a diverse population of cells, 

each expressing only a small portion of the total TRA pool. Recent advances in 
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single-cell RNA-Seq have enabled in-depth analysis of the diversity of mTECs at a 

transcriptome-wide scale, uncovering discreet patterns of TRA expression across 

mTEC populations. Brennecke et al. [197] found that sets of TRAs form co-

expression clusters that re-occur across many different cells. Consistent with this 

finding, Meredith et al. [52] found that groups of single mTECs form clusters based 

on their expression of AIRE dependent TRAs, and that in the absence of AIRE these 

clusters are depleted. Together, these results suggest that while the set of TRAs that 

AIRE induces in a particular cell may be stochastic, when they are expressed AIRE 

dependent TRAs form deterministic co-expression clusters, a phenomenon that has 

been referred to as ordered stochasticity [52]. Contrary to this however, Sansom et al. 

[42] were unable to find any such co-expression clusters instead arguing for a 

stochastic model of TRA expression in mTECs.  

 

Tissue-specific alternative splicing may also give rise to TRAs in the thymus for the 

purpose of negative selection. For example, the DM20 isoform of proteolipid protein 

(PLP) is expressed exclusively by oligodendrocytes and contains a 35 amino-acid 

peptide that is absent from the short isoform of the gene [214]. In AIRE deficient 

mice, DM20 is absent from the thymus, and autoimmunity is directed towards this 

isoform-specific peptide, leading to the onset of experimental autoimmune 

encephalomylelitis (EAE), the mouse model of multiple sclerosis [215]. Previously, 

we have shown that a range of tissue-specific splice isoforms are ectopically 

expressed in mTECs, and that the diversity of splice isoforms seen in mTECs is 

greater than for any other tissue [216]. This increased diversity is controlled, at least 

partially by AIRE, as in the absence of AIRE there is a significant decrease in the 

splicing diversity and number of detected exons in mTECs [52,216,217], suggesting 

that AIRE plays a role in the promiscuous splicing of tissue-restricted isoforms in 

mTECs. 

 

Previous studies of the transcriptome of mTECs have largely relied on data obtained 

from unpurified mTEC populations. AIRE is expressed by 40-50% of mTECs [212], 

which may confound studies into the function of AIRE from such data. To account for 

this, and further determine the role of AIRE in the diverse transcriptional output of 

mTECs, we calculated gene expression entropy in published RNA-Seq data from 

purified populations of TECs, including mature mTEC populations that express AIRE 
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and populations that lack AIRE expression, as well as immature mTECs and cortical 

TECs (cTECs). We then extended this analysis to include recently published single-

cell RNA-Seq from mTECs and other comparable cell types. Finally, we extended our 

original analysis of the splicing diversity of mTECs to further understand the role of 

AIRE in the promiscuous splicing of tissue-restricted isoforms in mTECs.   

 

3.3 Methods 
3.3.1 Analysis of RNA-Seq data from bulk populations 

We downloaded RNA-Seq data of seven TEC populations from Sansom et al. [42] 

under the GEO accession number GSE53110. This data consists of 36bp single-end 

reads from C57BL/6 mice. The populations included two unpurified populations of 

cortical TECs (cTECs) and medullary TECs (mTECs), as well as five purified mTEC 

populations. These were immature mTECs, two populations that express AIRE 

(mature mTECs, mature AIRE positive mTECs), and two that lack AIRE expression 

(mature AIRE negative and knock-out mTECs). To remove low quality sequences 

prior to mapping, raw reads were processed with Trimmomatic v0.35 [168], using the 

options slidingwindow:4:15, leading:3 and trailing:3. Reads with a length less than 

30bp after trimming were discarded. For the number of reads that were retained after 

trimming, see supplementary table B1. The processed reads were then mapped to the 

mouse genome (mm10) using TopHat v2.1.0 [218] using the option --segment-length 

18. Fragments per Kilobase per Million mapped reads (FPKM) values for RefSeq 

transcripts were then calculated with Cufflinks v2.2.1 [178] using the option --multi-

read-correct. To examine the variability between replicates of the same cell-type, we 

carried out hierarchical clustering of the gene FPKM values. This was done using 

complete linkage clustering of the Euclidean distances in R version 3.1.1. 

 

To compare the TEC populations to other tissues, we used the 9 mouse tissue dataset 

from Merkin et al. [205] ( GEO accession GSE41637). This data contains paired-end 

reads of varying lengths. For comparability to the TEC dataset, we treated these 

samples as single-end experiments, using only the left reads from each sample. After 

processing with Trimmomatic (using the options slidingwindow:4:15, leading:3 and 

trailing:3), all reads were cropped to a maximum read length of 36bp. For the number 
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of reads that were retained after trimming, see supplementary table B2. All other 

analysis was run as described above.   

 

3.3.2 Analysis of single-cell RNA-Seq data 

Single-cell RNA-Seq (scRNA-Seq) data of 174 mouse mTECs from Sansom et al. 

[42] was downloaded from GEO (accession number GSE60279). This data consists of 

100bp paired-end reads sequenced from C57BL/6 mice. Raw reads were processed to 

remove low quality sequences using Trimmomatic, with the options 

slidingwindow:4:15, leading:3 and trailing:3. Reads with a length less than 75bp after 

trimming were discarded. The number of reads that were retained for each cell after 

trimming can be found in supplementary table B3. These were then mapped to the 

mouse genome (mm10) using GSNAP v2015-07-23 [175] using the options --

pairexpect=100 --pairdev=200 -w 500000 and including splicesite annotations from 

RefSeq. We then removed potential PCR duplicates from each sample using Picard 

tools v1.69 (http://broadinstitute.github.io/picard/). RefSeq transcript abundances 

were calculated with Cufflinks, using the options --max-intron-length 500000 --no-

effective-length-correction --multi-read-correct --frag-bias-correct --max-mle-

iterations 10000. To compare these cells to other comparable cell types, we 

downloaded scRNA-Seq of lung epithelial cells from mouse (strain C57BL/6) from 

Treutlein et al. [183] from GEO accession GSE52853, and also data from C57BL/6 

mouse unstimulated bone marrow dendritic cells (BMDC) generated by Shalek et al. 

[219] from GEO accession GSE48968. Two biological replicates for the BMDCs 

were available for analysis. For the Treutlein et al. [183] dataset, four developmental 

time-points were available for analysis. These were E14.5, E16.5, E18.5 and adult 

epithelial cells. For this analysis we excluded E16.5 because these samples were 

sequenced using the Illumina MiSeq platform. For all other datasets included in this 

study were sequenced using an Illumina HiSeq. For comparability to the datasets, we 

excluded this time point. All samples were processed as described above. The number 

of reads that were retained for each cell in the Shalek et al. [219] and Treutlein et al. 

[183] datasets can be found in supplmentary tables B4 and B5 respectively.  

 

We also downloaded the 305 mTEC scRNA-Seq dataset from Brennecke et al. [197]. 

For this data, only single-end reads were available. To compare these cells to the 

Treutlein et al. [183] and Shalek et al. [219] datasets, we treated these samples as 
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single-end experiments using only the left reads from each sample. Reads were 

processed as described above, with the exception of the GSNAP mapping step, where 

the --pairexpect and --pairdev options were excluded. The number of reads that were 

retained for each cell after trimming with Trimmomatic [168] can be found in 

supplementary table B6.  

 

3.3.3 Normalization of cell-cell comparisons between scRNA-Seq datasets 

Each dataset used in this study contains varying numbers of cells with different levels 

of coverage in each sample. To compare samples from across different datasets, we 

first normalized the number of cells and the number of reads from each experiment. 

This was done as follows. For each pair of datasets under consideration, choose N 

cells from the larger dataset where N is the number of cells in the smaller dataset. 

Each cell is then ranked according to the total number of reads present in the sample, 

and the cells in each dataset are matched by this rank. R reads are then sampled from 

the larger cell, where R is the total number of reads in the smaller matched cell. 

 

3.3.4 Filtering of poorly covered genes from scRNA-Seq datasets 

Single-cell RNA-Seq data is known to present many technical challenges due to 

problems of batch effects, low coverage, and 3' biases [190]. In the scRNA-Seq data 

used throughout this study, we found coverage and 3' bias to be a particular problem 

during splicing analysis of single cells. Often, while a gene was detected as expressed 

in a cell, the exons of the gene may have very few or no reads mapping to them, 

which could make quantification of the isoforms for these genes unreliable. To 

account for this, we only used genes for which all exons of the most highly expressed 

isoform could be detected with a fragments per kilobase (FPK) value greater than 1. 

For cell-cell comparisons, only genes that passed this criterion in both cells were 

considered for splicing analysis.  

 

3.3.5 Gene expression entropy 

Previously, we used splicing entropy to measure the diversity of splice isoforms in 

mTECs [216]. Entropy may also be calculated at the gene level to measure the overall 

diversity of gene expression in a sample. We calculated gene expression entropy as 
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where Pg is the proportion that gene g contributes to the total gene expression (i.e. the 

sum of all expression values in the sample) and N is the total number of genes. This 

was calculated for each sample independently.  

 

3.4 Results 
3.4.1 Diversity of gene expression across TEC subpopulations 

In order to provide comprehensive coverage of the proteome and ensure efficient 

negative selection of T cells, medullary thymic epithelial cells (mTECs) express 

almost all known protein-coding genes [42]. At a mature stage of development, 

mTECs express AIRE, a transcription factor that controls the expression of thousands 

of genes in mTECs [42,52,217]. To further investigate the role of AIRE in the diverse 

transcriptional output of mTECs, we calculated gene expression entropy for seven 

TEC populations, including mature mTECs (which would contain both cells that 

express and do not express AIRE), two purified mature mTEC populations that 

express AIRE, two that lack AIRE expression, as well as unpurified samples of 

mTECs, immature mTECs and cTECs. 

 

Gene expression entropy reflects the number of genes expressed in a sample, but also 

the distribution of expression values across genes. We asked if the transcriptome of 

mTECs was dominated by a few but highly expressed genes, which would result in 

low gene expression entropy, or if alternatively there was a more balanced gene 

expression distribution, which would result in high gene expression entropy. First, to 

examine the variability across replicates of each TEC population (n = 2 per cell-type), 

and across the different TEC populations, we carried out hierarchical clustering of the 

gene FPKM values. We found that there was some degree of variation among the 

mature mTEC samples, which did not cluster well on the dendrogram (Figure 3.1A). 

To reduce the effect of outliers on the gene expression entropy calculation, we log-

transformed the FPKM values (using log2 FPKM + 1) prior to the calculation of gene 

expression entropy. After this, replicates grouped together well in a manner 

resembling the TEC hierarchy (Figure 3.1B). 
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Figure 3.1. Hierarchical clustering of (A) un-transformed FPKM values and (B) log2 transformed 
FPKM values. Replicates of the same cell-type are denoted by R1 and R2. 
 

We calculated gene expression entropy for both the non-transformed and log-

transformed data, using all genes expressed with an FPKM > 0.5 in each sample. We 

found that prior to log-transformation, there was no clear separation between the 

mature mTECs that express AIRE and other cell types (Figure 3.2A). Post log-

transformation, the TEC populations formed three tiers that corresponded to 1). AIRE 

expression, and 2). mTEC versus cTEC (Figure 3.2B). The populations that express 

AIRE (unpurified mTECs, mature mTECs and mature AIRE positive mTECs) had the 

highest gene expression entropy and were significantly greater than mature mTECs 

that lacked AIRE expression (p = 0.01, Wilcoxon rank-sum test). Interestingly, the 

mature mTEC populations that lack AIRE expression, as well as the immature mTEC 

samples all had similar gene expression entropy values, which was higher than that of 

cTECs, suggesting that a factor besides AIRE that is present in all mTEC populations, 

but not in cTECs, may also play a role in the diverse transcriptional output of mTECs. 
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Figure 3.2. Gene expression entropy values for (A) un-transformed and (B) log-transformed data. The 
colors represent the cell-types present. These are mTEC populations expressing AIRE (red), mature 
mTECs that lack AIRE expression (blue), immature mTECs (purple) and cTECs (green). 
 

We next asked how does the gene expression entropy of the TEC populations 

compare to other tissues. To do this, we calculated gene expression entropy values for 

9 mouse tissues using RNA-Seq data obtained from Merkin et al. [205]. The gene 

expression entropy values for the mature AIRE expressing populations was 

significantly greater than that of any other tissue/cell-type (p = 5.2 × 10-7, Wilcoxon 

rank-sum test; Figure 3.3). For all other TEC populations, there was no significant 

difference between them and the 9 mouse tissues.  
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Figure 3.3. Gene expression entropy in TEC populations and 9 mouse tissues from Merkin et al. [205]. 
TEC cell-types are colored according to mTECs populations expressing AIRE (red), mature mTECs 
that lack AIRE expression (blue), immature mTECs (purple) and cTECs (green). For the 9 mouse 
tissues, there are three replicates for each tissue, denoted mouse A, B and C, except for heart for which 
only two replicates were available. The 9 tissues included here are brain, colon, heart, kidney, liver, 
lung, skeletal muscle (SkM), spleen and testes. 
 

3.4.2 Diversity of gene expression across single cells 

We asked if the high gene expression entropy values seen in the mature AIRE 

expressing mTEC populations was apparent in single-cells, or if alternatively this was 

due to a pooling effect of many different cells. To investigate this, we calculated gene 

expression entropy in two recently published single-cell RNA-Seq (scRNA-Seq) from 

mTECs obtained from Sansom et al. [42] and Brennecke et al. [197], and compared 

these against lung epithelial cells (LECs), and bone marrow dendritic cells (BMDCs). 

For the LEC dataset, one adult sample and two developmental time-points (E14.5 and 

E18.5) were available for analysis. First, we compared the TEC datasets to the adult 

LECs. We found that across cells, the gene expression entropy of mTECs was 

significantly greater in both mTEC datasets compared to adult LECs (p = 7.1 × 10-13 

and p = 9.4 × 10-13 for the comparison to the Sansom et al. and Brennecke et al. 



 67 

datasets respectively, Wilcoxon signed-rank test; Figure 3.4A and C). We repeated 

this for all other datasets and found that in general, mTECs were singificantly greater 

compared to LECs and BMDCs (p < 0.001; Table 3.1 and 3.2), except for the 

comparison between the Sansom et al. mTECs and E14.5 LECs for which the LECs 

were significantly greater (p = 0.0004), and non-significant compared to the 

Brennecke et al. dataset (p = 0.95). 

 

To create a psuedo-population of cells from the single-cell datasets, we merged the 

alignments of all cells in each dataset. We then calculated FPKM values for these 

pooled alignments and then calculated the gene expression entropy value for each. 

Similarly to the single-cell data, we found that mTECs had greater gene expression 

entropy compared to both LECs and BMDCs (Figure 3.4B and D; Table 3.1 and 3.2). 

We also found that on average there was a 1.6 bit and 1.3 bit increase between the 

single and pooled-cell data for the Sansom et al. and Brennecke et al. datasets 

resectively, compared to a an average increase of 1.7 bits across all other samples.  
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Figure 3.4. Gene expression entropy values for the Sansom et. al. and adult lung epithelia datasets in 
(A) single cells and (B) pooled cells, and for the Brennecke et al. dataset in (C) single cells and (D) 
pooled cells. 
 
Table 3.1. Gene expression entropy in single mTECs from Sansom et al. Vs. Lung and BMDC datasets 
  Single cells Pooled cells 

mTEC Vs.  
Entropy 

(mTEC) 

Entropy 

(other) 
p-value 

Entropy 

(mTEC) 

Entropy 

(other) 

Lung Adult 11.9 10.3 7.1 × 10-13 13.4 12.8 

Lung E14.5 11.7 12.0 0.0004 13.24 13.1 

Lung E18.5 11.7 11.0 2.1 × 10-13 13.28 12.9 

BMDC rep 1 11.7 11.5 7.1 × 10-5 13.27 12.8 

BMDC rep 2 11.6 11.1 2.8 × 10-11 13.27 12.9 

 



 69 

Table 3.2. Gene expression entropy in single mTECs from Brennecke et al. Vs. Lung and BMDC 
datasets 
  Single cells Pooled cells 

mTEC Vs.  
Entropy 

(mTEC) 

Entropy 

(other) 
p-value 

Entropy 

(mTEC) 

Entropy 

(other) 

Lung Adult 12.4 10.4 9.4 × 10-13 13.6 12.7 

Lung E14.5 12.2 12.2 0.95 13.6 13.2 

Lung E18.5 12.3 11.1 3.3 × 10-14 13.6 13.1 

BMDC rep 1 12.2 11.7 5.4 × 10-12 13.6 13.0 

BMDC rep 2 12.2 11.3 9.7 × 10-16 13.6 13.0 

 

3.4.3 Splicing entropy across TEC populations 

Previously we found that splicing entropy in mTECs was greater than any other 

tissue/cell-type, and that this increased diversity was due, at least partially to AIRE 

[216]. To further investigate the role of AIRE in the diverse splicing output of 

mTECs, we calculated splicing entropy in the seven TEC populations from [42]. This 

was done as previously described [216] using all multi-isoform genes expressed 

above FPKM 0.5 in all samples. Consistent with our original findings, the median 

splicing entropy value of the mature AIRE positive mTECs was significantly greater 

than both mature AIRE negative and knock-out mTECs (p < 0.01 for all pairwise 

comparisons between mature AIRE positive mTEC and mature AIRE lacking 

mTECs, Wilcoxon signed rank test; Figure 3.5). In general, the median splicing 

entropy of mTEC populations expressing AIRE was significantly greater than that of 

the mature mTEC populations lacking AIRE expression (p = 0.01, Wilcoxon rank-

sum test). Interestingly, we also found that the median splicing entropy of immature 

mTECs was similar to that of mTEC populations that express AIRE, and were 

significantly greater than mature mTECs lacking AIRE expression and cTECs (p < 

0.05 for all pairwise comparisons between immature mTECs and mature mTECs 

lacking AIRE expression and cTECs, Wilcoxon signed rank test; Figure 3.5). 
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Figure 3.5. Median splicing entropy across TEC populations. TEC cell-types are colored according to 
mature AIRE expressing cells (red), mature non-AIRE expressing cells (blue), immature mTECs 
(purple) and cTECs (green). Error bars refer to the standard error of the median. 
 

We next asked if the increased splicing entropy seen in the immature mTECs was due 

to similar splicing patterns seen in the mature AIRE expressing mTECs. To do this, 

we calculated partial spearman correlations of the gene splicing entropy values for 

each pair of samples, controlling for the number of isoforms per gene. We then 

converted the correlation to a distance (1 - ρ) and carried out average linkage 

hierachical clustering of this distance in R, the results of which are shown as a 

heatmap in figure 3.6. We found that the splicing entropy values for the mature mTEC 

populations were highly correlated, but the correlation between immature and mature 

mTECs was weaker, suggesting that the genes contributing to the high median 

splicing entropy seen in both mTECs expressing AIRE and immature mTECs may be 

different. 
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Figure 3.6. Hierarchical clustering of the pairwise spearman distances (1 - ρ) for all TEC populations. 
The values on the diagonal of the heatmap were removed to avoid colour scaling issues in R. 
 

3.4.5 Splicing entropy across single-cells 

To investigate if the increased splicing entropy seen in TEC populations was also 

apparent in single mTECs, we compared splicing entropy in the scRNA-Seq datasets 

from Sansom et al. [42] and Brennecke et al. [197] to the LEC and BMDC scRNA-

Seq datasets. We first compared the mTEC dataset to the adult LECs and found that 

there was no significant difference in splicing entropy between cell-types (p = 0.67, p 

= 0.68 for comparisons to the Sansom et al. and Brennecke et al. datasets respectively, 

Wilcoxon signed rank test; Figure 3.7A and C). In the pooled cells, we found that the 

median splicing entropy in mTECs was significantly higher than the adult LECs (p = 

9.7 × 10-23 and p = 8.9 × 10-34 for comparisons to the Sansom et al. and Brennecke et 

al. datasets respectively; Figure 3.7B and D). For all other samples however, we 

found that in general splicing entropy in single mTECs was greater than that in other 

cells (p < 0.05; Table 3.3 and 3.4), except for the comparison between the Sansom et 

al. dataset and E14.5 LECs for which the LECs were higher than in mTECs (p  = 



 72 

0.04, Wilcoxon signed-rank test). In the pooled samples, we found that the median 

splicing entropy in mTECs was significantly greater than all other samples (p < 0.01; 

Table 3.3 and 3.4) except for the comparison between the Sansom et al. and E14.5 

LEC dataset for which the p-value was 0.07.  

 

 
Figure 3.7. Comparison of splicing entropy in adult lung epithelial cells to the Sansom et al. dataset in 
(A) single cells, and (B) pooled cells, and to the Brennecke et al dataset in (C) single cells and (D) 
pooled cells. 
 
Table 3.3. Splicing entropy in single mTECs from Sansom et al. Vs. Lung and BMDC datasets 
  Single cells Pooled cells 

mTEC Vs.  
Entropy 

(mTEC) 

Entropy 

(other) 
p-value 

Entropy 

(mTEC) 

Entropy 

(other) 
p-value 

Lung Adult 0.0003 0.0006 0.67 0.56 0.13 9.7 × 10-23 

Lung E14.5 0.0005 0.0009 0.04 0.55 0.6 0.07 

Lung E18.5 0.0004 0.0003 0.004 0.65 0.41 1.2 × 10-35 

BMDC rep 1 0.0006 0.0003 5.8 × 10-5 0.67 0.6 5.6 × 10-6 

BMDC rep 2 0.0005 0.0002 4.5 × 10-7 0.64 0.51 1 × 10-11 
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Table 3.4. Splicing entropy in single mTECs from Brennecke et al. Vs. Lung and BMDC datasets 
  Single cells Pooled cells 

mTEC Vs.  
Entropy 

(mTEC) 

Entropy 

(other) 
p-value 

Entropy 

(mTEC) 

Entropy 

(other) 
p-value 

Lung Adult 0.0003 0.0005 0.68 0.67 0.16 8.9 × 10-34 

Lung E14.5 0.001 0.0009 0.01 0.75 0.64 2.3 × 10-17 

Lung E18.5 0.001 0.0002 2.6 × 10-12 0.76 0.5 4.6 × 10-66 

BMDC rep 1 0.0008 0.0004 1.1 × 10-5 0.78 0.65 6 × 10-46 

BMDC rep 2 0.001 0.0002 4.1 × 10-11 0.76 0.52 9.7 × 10-63 

 

3.5 Discussion 
The thymic epithelium contains specialized subpopulations of cells that play 

important but distinct roles in T cell development [29]. T cells recognize and bind 

foreign antigens that are presented on the surface of other cells by major 

histocompatibility (MHC) molecules. This recognition is mediated by a surface bound 

receptor called the T cell receptor (TCR), which is created by a stochastic process of 

gene re-arrangements and mutations during early T cell development in the thymus. 

To ensure that a newly created TCR is functional, T cells are exposed to self peptide-

MHC complexes by cortical thymic epithelial cells (cTECs). Cells that are incapable 

of recognizing these complexes die at this stage, and those that can recognize them 

survive in a process called positive selection. Then, in order to remove cells that may 

target the body’s own proteins and cause autoimmunity, the developing T cell is 

exposed to a range of self-antigens by medullary thymic epithelial cells (mTECs). 

Cells that show a high affinity for these self-peptides are removed from the repertoire 

in a process of negative selection. Mature mTECs express the transcription factor 

AIRE, which induces the expression of thousands of genes [42,52,217]. Remarkably, 

mTECs have been found to express almost all known protein-coding genes [42], 

providing comprehensive coverage of the proteome to developing T cells.  

 

Consistent with the role of AIRE in the diverse transcriptional output of mTECs, we 

show here that mTEC populations that express AIRE have significantly greater gene 

expression entropy compared to AIRE deficient mTECs (Figure 3.2B). This also 

applied to other tissues/cell-types suggesting that in the presence of AIRE, the 

transcriptome of mTECs has the greatest diversity of any other cell-type. This was 

also apparent in single cells, as we found the median gene expression entropy across 
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cells was significantly higher in mTECs compared to lung epithelial cells and bone 

marrow dendritic cells. Although mTECs are known to express the majority of 

protein-coding genes [42], the distribution of gene expression values across cells had 

yet to be investigated. In order for a self-antigen to be presented to a developing T cell 

and contribute to negative selection, it must first be loaded onto a MHC molecule. 

Given the limited number of MHC molecules available at any one time, and the low 

efficiency at which peptide-MHC binding successfully takes place [220], it might be 

expected that TRAs must be expressed at high enough levels overcome their 

competition with other peptides to bind to MHC. Previous studies have shown that 

even low levels of mRNA expression are sufficient to ensure induction of tolerance of 

TRAs, however [213]. The higher gene expression entropy in mTECs at both the 

single and population level suggest that not only do they express more genes on 

average than other cells, but also that gene expression in these cells is more balanced 

compared to other cells. We suggest that this balance is likely to contribute to the 

efficiency of negative selection of T cells by reducing the competition for available 

MHC and maximizing the potential for TRAs to be exposed to developing T cells.   

 

Interestingly, both immature mTECs and mature mTECs lacking AIRE expression 

had greater gene expression entropy than cTECs, suggesting that the increased 

diversity seen in mTECs may also be due in part to an AIRE independent mechanism. 

Recently, the transcription factor Fezf2 was found to control the expression of many 

additional TRAs in an AIRE independent manner [43]. We found that Fezf2 was 

highly expressed in all mTEC populations including immature mTECs, albeit at a 

lower level in immature cells (Figure 3.8). Consistent with findings by Takaba et al. 

[43], expression of Fezf2 was not significantly altered in the absence of AIRE in 

mature mTEC populations. In cTECs however, Fezf2 was not expressed, and had an 

FPKM < 1 in both cTEC replicates. Studies have suggested that mTECs and cTECs 

arise from a common bi-potent progenitor cell and that at a mature stage of 

development, mTECs acquire AIRE expression [38], although the precise 

mechanisms for this are unclear. Our analysis suggests that mTECs begin to acquire 

Fezf2 expression during their development, and before they acquire AIRE expression. 

Further studies would be required to determine at what stage in their differentiation 

from mTEC-cTEC progenitors do mTECs acquire Fezf2, and to investigate the impact 

of Fezf2 on the diverse transcriptional output of mTECs, to determine if the increased 
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gene expression entropy of mature mTECs is caused by primarily by AIRE, or 

alternatively is a combination of both AIRE and Fezf2.  

 

 
Figure 3.8. FPKM expression values of the Fezf2 transcription factor across TEC populations. Colors 
correspond to AIRE expressing mTECs (red), mTECs lacking AIRE expression (blue), immature 
mTECs (purple) and cTECs (green). 
 

Previously, we found that mTECs express a range of tissue-specific isoforms, and that 

the diversity of splice isoforms expressed in mTECs is greater than any other tissue. 

This increased diversity is under the influence, at least partially, of AIRE as the 

number of detected exons in mTECs was significantly decreased in the absence of 

AIRE, suggesting that this promiscuous expression of tissue-specific splice isoforms 

in mTECs is under the control of AIRE [216]. Consistent with these findings, St-

Pierre et al. [217]  found that splicing entropy was lower in AIRE knock-out mTECs, 

and Meredith et al. [52] identified a large number of exons whose inclusion was 

dependent on AIRE. Our previous study used RNA-Seq from whole mTEC 

populations, only 40-50% of which are expected to express AIRE [212], and may 

somewhat obscure the role of AIRE in the increased splicing entropy of mTECs. Here 
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we used RNA-Seq from purified mTEC subpopulations and showed that splicing 

entropy in purified mature mTEC populations expressing AIRE is significantly 

greater than that in mature mTEC populations that lack AIRE expression (Figure 3.5), 

consistent with our original findings that AIRE influences alternative splicing in 

mTECs. We also found however, that splicing entropy in mature AIRE lacking 

populations was highly correlated with that of the mature AIRE positive samples 

(Figure 3.6), which may suggest the presence of an AIRE independent mechanism 

that also influences the increased splicing diversity of mTECs, as has been suggested 

before [217]. Interestingly, the median splicing entropy in immature mTECs was 

comparable to that of AIRE expressing mTEC populations (Figure 3.5), although the 

correlation between these cells and the mature mTEC populations was weaker (Figure 

3.6). This may suggest the presence of a further splicing pathway found in developing 

mTECs. Given that immature mTECs do not express MHC [42], this is unlikely to 

contribute to negative selection of T cells, but may instead reflect some process in the 

development of mature mTECs.  

 

Previous studies have suggested that in single cells, multi-isoform genes usually 

express only one or few of its isoforms [219]. Consistent with this, we show here that 

splicing entropy in single cells is low (Figure 3.7A and C; Table 3.3 and 3.4), 

suggesting that the expression of each multi isoform gene is dominated by a single 

isoform. This was a general feature of all single-cell datasets we studied, but we found 

that splicing entropy in single mTECs was higher than that of the other cell-types 

studied (Tables 3.3 and 3.4), which consequently resulted in greater splicing entropy 

at the pooled-cell level. An interesting exception to this was found in the adult lung 

epithelial cells. Here, we found that in single-cells there was no significant difference 

in splicing entropy between mTECs and the lung epithelial cells (Figure 3.7A and 

3.C). In the pooled alignments however, the median splicing entropy in mTECs was 

on average 0.47 bits higher than in the lung epithelial cells (Figure 3.7B and D). 

Together, these results suggests that the increased splicing entropy seen in mTEC 

populations is due to greater splicing entropy in single mTECs compared to other 

cells, but also as a consequence of pooling of many different cells, each expressing a 

different range of splice isoforms that create a diverse set of isoforms at the 

population level.  
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This study represents the first of its kind to examine splicing in thymic epithelial cells 

at the single cell level. There are significant caveats that should be considered here 

however. It is well known that the analysis of single-cell RNA-Seq data presents 

many challenges due to problems of batch effects, low coverage and 3' biases [190]. 

Indeed, we expect that these problems represent a confounding factor in our analysis 

of the scRNA-Seq datasets presented here. In particular, the 3' bias proved to be a 

particular problem, often leading to very few genes that could be included in our 

analysis of splicing entropy in single cells (see methods for details on how poorly 

covered genes were removed from analysis). To account for this and the problem of 

batch effects in scRNA-Seq data in general, high coverage sequencing data combined 

with biological replicates would be required.  

 

In summary, we show that the transcriptome of medullary thymic epithelial cells is 

the most diverse of any other cell type, in terms of both gene expression and 

alternative splicing. Not only do mTECs express the majority of protein coding genes, 

but also this expression is balanced to reduce competition for MHC and ensure that 

TRAs can be presented to developing T cells. Our results suggest that other factors 

besides AIRE, such as Fezf2, may contribute to both the diversity of gene expression 

and splicing entropy in mTECs, but that AIRE remains a significant factor in the 

regulation of gene expression and alternative splicing in mTECs. 
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Chapter 4 - Intron length coevolution across 

mammalian genomes 

 
The content of this chapter has been submitted for publication as: 

Keane, P. and Seoighe, C. Intron length coevolution across mammalian genomes.  

Currently under review in Molecular Biology and Evolution. 

 

PK performed the analysis and wrote the paper. 

 

Supplementary material for this chapter can be found in Appendix C 

 
4.1 Abstract 
Although they do not contribute directly to the proteome, introns frequently contain 

regulatory elements and can extend the protein coding potential of the genome 

through alternative splicing. For some genes, the contribution of introns to the time 

required for transcription can also be functionally significant. We have previously 

shown that intron length in genes associated with developmental patterning is often 

highly conserved. In general, sets of genes that require precise coordination in the 

timing of their expression may be sensitive to changes in transcript length. A 

prediction of this hypothesis is that evolutionary changes in intron length, when they 

occur, may be correlated between sets of coordinately expressed genes. To test this 

hypothesis, we analyzed intron length coevolution in alignments from 9 eutherian 

mammals. Four gene modules showed strong evidence of intron length coevolution 

and were enriched for specific biological processes, with the most striking enrichment 

observed for genes involved in brain development. Overall, genes that belong to the 

same protein complex or that are co-expressed were significantly more likely to show 

evidence of intron length coevolution than randomly sampled genes. Individually, 

protein complexes involved in the cell cycle showed the strongest evidence of 

coevolution of transcript lengths and clusters of co-expressed genes enriched for cell 

cycle genes also showed significant evidence of intron length coevolution. Our results 

reveal a novel aspect of gene coevolution and provide a means to identify genes, 
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protein complexes and biological processes that are likely to be particularly sensitive 

to changes in transcriptional dynamics. 

 

4.2 Introduction 
The origin, prevalence and function of introns in eukaryotic genomes has long been a 

subject of great interest in molecular evolution. Although typically they do not 

contribute directly to the protein coding sequences of genes, introns have been shown 

to play several important functional roles. Introns frequently contain regulatory 

elements and allow for the process of alternative splicing, expanding the protein 

coding capacity of the genome and giving rise to additional modes of gene regulation 

[137]. In mammals, introns comprise up to 95% of transcribed primary protein-coding 

sequences [83], imposing a significant cost in terms of the energy required for 

transcription and in terms of the potential for erroneous transcripts resulting from mis-

splicing, particularly for genes with longer introns [99]. The time taken to transcribe 

introns can be significant. Estimates of the rate of transcription in eukaryotes range 

from 1-4Kb per minute [221] with a median rate of transcription estimated from over 

2000 human genes at 1.5Kb per minute [222]. As an extreme example of the time 

taken to transcribe long introns, the human dystrophin gene, which is 2.3Mb in length, 

99% of which is intronic, can take up to 16 hours to transcribe [98], corresponding to 

a rate of 2.4Kb per minute. In contrast, genes that are highly expressed tend to have 

short introns [106], and genes that require rapid induction in response to stress are 

intron poor [223].  

 

The evolution and functional significance of large introns in mammals has been much 

debated. Lynch [104,105] proposed that intron expansion is a neutral process, 

resulting from insufficient purifying selection to remove insertions in organisms with 

small effective population sizes. The genome design model asserts that intron length 

reflects gene function [108]. This model proposes that housekeeping genes tend to 

have short introns because they require very little regulation [100]. Conversely, genes 

that require more complex modes of gene regulation, such as tissue-specific genes are 

longer due, in part, to the presence of intronic regulatory elements [106,108]. In 

opposition to this view, a number of authors have argued that the short introns in 

highly and ubiquitously expressed genes, such as housekeeping genes, are the result 
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of selection for efficiency, resulting in reduced energetic costs of transcription 

[96,106,107].  

 

For some genes, the transcriptional delay resulting from the time taken to transcribe 

introns is functionally significant. This intron delay is particularly important in 

embryonic development, where precise temporal control of gene expression is 

required to ensure proper development of the embryo [97]. During embryonic 

development, cells undergo rapid divisions creating a temporal constraint on 

transcription [224]. In Drosophila, introns in genes expressed by the embryo during 

this period are short allowing for rapid transcription between cell cycles [225]. Intron 

length can also contribute to more complex forms of gene regulation. Delayed 

expression resulting in part from the transcription of introns, combined with negative 

feedback loops, can create oscillating patterns of gene expression. The Hes7 gene, 

which is involved in somite segmentation during development, represents an example 

of this. Removal of introns from Hes7 in mouse resulted in Hes7 being expressed 19 

minutes early and the abolition of expression oscillations, resulting in severe 

developmental defects [147]. The intron length, though in general not the intron 

sequences of Hes7 as well as several other genes involved in developmental 

patterning are highly conserved, suggesting that these genes are under purifying 

selection to maintain intron length [148]. Intron length also appears to be relevant in 

protein complex formation as genes that occur within the same complex usually have 

very similar length [226].  

 

Here we investigated the extent of intron length coevolution across several 

mammalian genomes using whole genome alignments together with reconstructed 

ancestral sequences. We hypothesized that sets of genes that require precise 

coordination in the timing of their expression may be sensitive to changes in intron 

length and that natural selection can act to maintain the relative lengths of such genes, 

resulting in correlated changes in intron content. We found that, overall, co-expressed 

genes and genes belonging to the same protein complex were significantly more likely 

to have coevolving intron lengths than randomly sampled genes, matched for total 

intron content. We also found a number of gene modules that showed particularly 

strongly correlated intron length evolution. Some of these were enriched for specific 

biological processes, particularly processes relating to brain development. We 
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propose that transcript length coevolution can reveal functional constraints on intron 

lengths and that intron length coevolution can be used to identify biological processes 

that require precise temporal regulation of gene expression.  

 

4.3 Results 
4.3.1 Functional enrichment in gene coevolution modules 

We hypothesized that sets of genes that require precise coordination in the timing of 

their expression may be particularly sensitive to evolutionary changes in intron 

content, and that changes in intron content due to insertions and deletions would be 

correlated among such sets of genes. To identify sets of genes where this may be the 

case, we compared changes in intron content across the species phylogeny for 9,396 

genes sampled from 9 mammalian genomes. The phylogenetic tree representing the 9 

species used in this analysis is shown in figure 4.1. We constructed a network of 

highly correlated gene pairs (partial Pearson correlation > 0.7; see Materials and 

Methods for details), and then calculated the Simpson coefficient for each pair of 

genes in the resulting network. Hierarchical clustering of this matrix identified 14 

distinct modules (Figure 4.2). To assess the sensitivity of this method to the choice of 

correlation threshold, we repeated this analysis at various thresholds ranging from 0.1 

to 0.9. We found that the colored bars representing each module along the x and y-

axes of the resulting heatmaps were largely preserved, suggesting that this did not 

significantly alter the structure or content of these gene modules (Supplementary 

Figure C1), indicating that this analysis is robust to choice of threshold. Four of these 

modules were functionally enriched for biological processes (FDR < 0.05). The most 

significantly enriched biological process for each of these modules is shown in table 

4.1 (for a complete list of enriched processes, see Supplementary Table C1). Module 

1 was most significantly enriched for organ development. Interestingly, both modules 

1 and 2 were enriched for biological processes related to development, in particular 

brain development (Supplementary Table C1), suggesting that coevolution of intron 

length may be particularly important in this processes. 
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Figure 4.1. Phylogenetic tree of the 9 mammals included in this study. 
 

 

 
Figure 4.2. Heatmap showing the results of hierarchical clustering of the Simpson coefficient. Gene 
modules identified using the dynamicTreeCut method are indicated by colored bars along the x and y 
axes. Four modules that were significantly enriched for specific biological processes are coloured red, 
blue, green and purple. Modules that were tested, but not significantly enriched are shown in grey. 
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Table 4.1. GO biological processes most significantly enriched in gene coevolution modules 

Module 
number GO term Description Size of 

module 
Expected 
count Count Size of 

term 

Log 
odds 
ratio 

FDR 

1 GO:0048513 Organ 
development 2355 324.8 417 2601 0.39 3.3 × 10-5 

2 GO:0048856 
Anatomical 
structure 
development 

661 147.4 205 4374 0.48 0.001 

3 GO:0006396 RNA 
processing 264 9.9 27 762 1.09 0.035 

4 GO:0032879 Regulation of 
localization 251 20.7 46 1721 0.95 0.003 

 

Next, we examined the patterns of change in intron content across the phylogeny for 

each of the four coevolving modules that were enriched for biological processes 

(Supplementary Figure C2; see Materials and Methods for details). We were 

interested to determine whether the coordinated change in intron length observed in 

these enriched modules reflected a trend towards longer or shorter intron lengths in 

these gene sets along specific lineages. In general, increasing intron length was 

observed more frequently than decreases in intron length, consistent with what has 

been reported previously [227]. Modules 1 and 3 showed some similarity in the rate 

of intron change across branches in the primate clade (Supplementary Figure C2A and 

C). In modules 2 and 4 much of the signal appeared to arise from rapid increase in 

intron length in the enriched gene sets on individual branches (Supplementary Figure 

C2B and D). In the case of Pearson correlation, coordinated change in intron content 

along a single branch among members of a gene set may be sufficient to generate a 

signal of coevolution. In contrast, the rank-based Spearman correlation, would require 

coordinated changes on multiple branches. To identify signals of coevolution likely to 

result from coordinated changes in multiple lineages we repeated the analysis using 

Spearman correlation (see Materials and Methods for details). With a lower threshold 

in this case (ρ > 0.5), we were able to construct 16 modules from this data, 4 of which 

were functionally enriched (FDR < 0.05; Supplementary Figure C3). The latter 

modules were enriched for developmental processes, including central nervous system 

development (modules S2 and S3; Supplementary Table C2), consistent with our 
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results from analysis of the partial Pearson correlations. Interestingly, we also found 

that these modules were enriched for several metabolic processes, as well as several 

processes related to the cell cycle (module S1; Supplementary Table C2). We also 

found that these modules were significantly over-represented in modules identified 

using Pearson correlation (Supplementary Table C3). Although some of the Pearson 

modules overlapped significantly with more than one Spearman module, the same 

themes emerged. In both cases the enriched co-evolving modules were enriched for 

developmental and cell cycle processes. 

 

4.2.2 Protein complexes show significant evidence of intron length coevolution 

Multi-protein complexes are often precisely co-regulated in order to ensure proper 

assembly and function [228]. Subunits of protein complexes tend to be co-expressed 

[229], a pattern which is conserved across a wide range of species [230]. Studies in 

yeast have shown that gene expression levels among sets of interacting proteins 

coevolve [231], suggesting that the mechanisms that control this co-regulation may 

also coevolve. It has also been suggested that gene length contributes to the 

coregulation of protein complexes, as genes encoding subunits of multi-protein 

complexes tend to have similar lengths [226]. Furthermore, protein-protein 

interactions are known to be largely conserved across mammals [232].  

 

We sought to determine whether intron length coevolution could be detected among 

subunits of known protein complexes, potentially representing a novel aspect of the 

coevolutionary dynamics of members of multi-protein complexes. To do this, we 

downloaded all human protein complexes from the core set of the CORUM database 

of mammalian protein complexes [233]. We then carried out a randomization test to 

determine if members of the same protein complex show significantly greater intron 

length correlation compared to sets of randomly sampled genes with similar intron 

content (see materials and methods). For this test, we only considered complexes for 

which at least 3 genes were present in our original 9,396 gene dataset, resulting in 440 

complexes that could be tested. 

 

First, we asked if intron length coevolution could be detected by considering all 

interacting proteins from across all protein complexes at once. This was done using a 

randomization test described in Materials and Methods. We found evidence of intron 
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length coevolution of genes belonging to the same protein complex using this 

approach (p < 0.0001; Figure 4.3A). We next asked which protein complexes showed 

the greatest evidence of coevolution. We repeated the randomization test, this time 

considering each protein complex individually. Of the 440 complexes tested, the 

members of 44 showed evidence of intron length coevolution (uncorrected p < 0.05), 

the top 10 of which are shown in table 4.2. After correction for multiple testing using 

the q-value method [234], only one complex, annotated in CORUM as the NCOR1 

complex was found to be statistically significant (q-value = 0.04). The proportion, π0 

of tests estimated to conform to the null hypothesis was 0.9 (Figure 4.4A). The full 

list of nominally significant complexes is provided in supplementary table C4. 

 

 
Figure 4.3. Distribution of the mean partial Pearson correlation values from 10,000 randomizations of 
(A) CORUM protein complexes and (B) GTEx co-expression clusters. The mean value of the real data 
is shown as a red dot. 
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Table 4.2. Top 10 Significantly coevolving CORUM protein complexes 
CORUM 
complex 
ID 

Complex description 
No. of 
genes 
analyzed 

Mean 
Pearson 
coefficient 

p-value q-value 

1413 NCOR1 complex 8 0.43 < 0.0001 0.04 

2446 ITGA9-ITGB1-FIGF complex 3 0.77 0.001 0.12 

5589 LINC complex, S-phase 6 0.42 0.001 0.16 

799 DMAP1-associated complex 8 0.32 0.002 0.16 

1179 CENP-A NAC-CAD complex 6 0.42 0.002 0.16 

657 Retromer complex (SNX1, SNX2, VPS35, VPS29, VPS26A) 3 0.66 0.004 0.23 

570 p300-CBP-p270-SWI/SNF complex 6 0.36 0.005 0.26 

781 URI complex (Unconventional prefoldin RPB5 Interactor) 6 0.35 0.005 0.26 

351 Spliceosome 69 0.04 0.007 0.28 

1332 Large Drosha complex 10 0.19 0.007 0.28 

 

 
Figure 4.4. Distributions of p-values obtained from 10,000 randomizations of (A) CORUM protein 
complexes and (B) GTEx co-expression clusters. π0, the expected proportion of tests consistent with 
the null hypothesis is shown as a red dotted line. The uniform distribution, expected under the null 
hypothesis is shown in blue. 
 

4.2.3 Intron length coevolution across gene co-expression networks 

We next asked if intron length coevolution is a general feature of genes that are co-

regulated. Sets of genes that are co-regulated include co-expressed genes. Indeed, 

interacting proteins are often co-expressed [229]. We constructed a gene co-

expression network containing 60 clusters using publicly available gene expression 

data from the Genotype-Tissue Expression (GTEx) consortium [235]. Although we 



 88 

allowed for overlapping clusters in our method (see materials and methods), we found 

that the clusters identified were largely non-overlapping and independent 

(Supplementary Table C4). For this analysis we only considered the 50 clusters for 

which at least 3 genes were present in our original 9,396 gene dataset. To first test if 

intron length coevolution could be detected across the gene co-expression network as 

a whole, we applied the randomization test used for protein complexes to the 50 

clusters. Similarly to protein complexes, we found that co-expressed genes were 

significantly more likely to be coevolving compared to sets of random genes (p < 

0.0001; Figure 4.3B). We next applied this test to each cluster individually to 

determine which clusters were most enriched for intron length coevolution. We found 

17 clusters with significant evidence of coevolution (p < 0.05; uncorrected p-values; 

Table 3). π0 was estimated to be 0.3, suggesting that 70% of tests were not consistent 

with the null hypothesis (Figure 4.4B). All 17 tests remained significant after 

correction for multiple testing using the q-value method (q-value < 0.05; Table 4.3). 

These clusters are highlighted in the gene co-expression network in supplementary 

figure C4. 

 
Table 4.3. Significantly coevolving GTEx co-expression clusters 

ID 
Most significantly enriched GO 

Biological Process  
No. of genes  

Mean 

correlation 
p-value q-value 

2 Synaptic transmission 429 0.06 < 0.0001 <0.0001 

9 Nucleic acid metabolic process 83 0.09 <0.0001 <0.0001 

5 Cell cycle 171 0.04 0.0003 0.002 

4 Synaptic transmission 213 0.05 0.004 0.004 

8 ncRNA metabolic process 122 0.03 0.01 0.031 

15 Ribosome biogenesis 85 0.04 0.015 0.037 

30 Cardiac muscle tissue development 30 0.1 0.02 0.037 

14 Extracellular muscle organization 102 0.05 0.021 0.037 

21 Extracellular muscle organization 49 0.08 0.021 0.037 

19 Cellular respiration 64 0.04 0.024 0.038 

10 Muscle system process 110 0.03 0.03 0.038 

13 Carboxylic acid metabolic process 63 0.04 0.033 0.038 

11 Translation elongation 34 0.05 0.033 0.038 

34 Peptide hormone processing 19 0.09 0.038 0.038 

46 Carboxylic acid transport 7 0.2 0.038 0.038 

1 Spermatogenesis 511 0.02 0.039 0.038 

44 Surfactant homeostasis 7 0.19 0.049 0.045 
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4.3 Discussion 
In mammals, introns comprise up to 95% of the length of primary protein coding 

transcripts [83], raising questions as to the evolution and functional consequences of 

such large introns. While some theories have argued that the expansion of introns in 

eukaryotes is a neutral process resulting from the failure to prevent insertions that 

have only a slightly deleterious effect on fitness in organisms with small effective 

population sizes [104,105], others have argued that intron length is functionally 

relevant. The genome design theory suggests that intron length is a consequence of 

gene function [108]. Others have argued that selection for short introns in highly 

expressed genes is due to selection for transcriptional efficiency [96,106,107].  

 

In this study, we carried out an investigation into intron length coevolution in 

mammals. We have shown that evolutionary changes in intron content are positively 

correlated among several sets of co-regulated genes, including multi-protein 

complexes and co-expressed genes. Furthermore, we have shown that several 

biological processes, such as brain development and the cell cycle are enriched among 

gene modules that display coevolution of intron length, suggesting that these 

processes may be particularly sensitive to changes in intron length. 

 

Transcriptional co-regulation of protein complex subunits is conserved over 

evolutionary time [230]. Our results show that members of the same protein complex 

are significantly more likely to show coevolution of intron length compared to sets of 

randomly sampled genes with similar intron content. Coordinated expression of the 

components of protein complexes is important for the proper formation of the 

complex [228]. The time that it takes to transcribe genes that encode members of a 

protein complexes places a constraint on the evolution of the intron content of 

coregulated genes, particularly for genes such as those involved in development or 

formation of certain protein complexes that are sensitive to small changes in 

expression timing. 

 

Coevolution in intron content was more apparent for some protein complexes than for 

others. For example, the NCOR1 complex (Table 4.2), a complex that is involved in 

chromatin modification [236]. Interestingly, four of the top five complexes, including 
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NCOR1, with the strongest evidence of intron length coevolution are annotated in 

CORUM [233] as being involved in the cell cycle, a time sensitive process. These are 

NCOR1, CENP-A NCOR/CAD complex, DMAP1 associated complex and the LINC 

complex. Strikingly, our analysis of gene co-expression clusters is in agreement with 

this result, as co-expression clusters that were enriched for cell cycle genes were also 

found to be significantly co-evolving (clusters 1 and 5; Supplementary Table C5). The 

cell cycle is a dynamic process that requires precise temporal regulation of protein 

complex components at various time points [237]. The presence of cell cycle 

processes in the set of genes associated with high levels of intron length coevolution 

is consistent with our initial hypothesis that genes that require precise coordination in 

the timing of their expression may show signs of intron length coevolution. We 

propose that for a substantial proportion of such genes large changes in intron length 

may have deleterious consequences. 

 

Delays in gene expression that result from the transcription of introns are thought to 

be important in embryonic development [97,147]. We have previously found that 

genes with the greatest conservation in intron length are highly enriched for processes 

relating to developmental patterning [148]. Although, we found little evidence for 

conserved sequences in the introns of these genes, we could not exclude that the 

conservation of intron lengths was the result of conserved functional elements within 

these introns that limited the scope for changes in length through insertion and 

deletion. The present study takes our original observation further by showing that not 

only is the intron content of genes involved in developmental processes conserved, 

but when changes are observed in the intron content they tend to be shared among co-

expressed sets of genes involved in these processes. 

 

The coevolution of intron content was particularly apparent for genes involved in 

brain development, which are enriched in coevolving modules 1 and 2 

(Supplementary Table C1). Consistent with this, the intron content of genes in co-

expression clusters enriched for brain related processes was found to be significantly 

coevolving. These processes included phosphorylation of STAT3 (cluster 2; 

Supplementary Table C5), which is involved in brain cell differentiation [238]. This 

co-expression cluster, as well as cluster 4, was also found to be significantly enriched 

for other brain developmental and functional processes, such as central nervous 
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system, neuron differentiation, and synaptic transmission (Table 4.3; Supplementary 

Table C5). Interestingly, genes expressed in the brain tend to have long introns [239], 

although the functional significance of this remains unclear. The prevalence of brain 

specific processes, such as synaptic transmission, in our results suggest that intron 

length may indeed be functionally significant in the brain, perhaps contributing to the 

co-regulation of brain specific functions. In support of this, recent findings from 

Shimojo et al. [146] suggest that intron length plays an important role in the 

regulation and temporal dynamics of the Delta-like 1 (Dll1) gene. Dll1 is expressed in 

an oscillatory pattern by neural progenitor cells and plays a role in the maintenance of 

these cells [146]. An increase in the length of the introns in Dll1 was found to delay 

its expression, and shortening of the introns accelerated the expression of this gene. 

As a result of this, the oscillations in expression were disrupted, leading to defects in 

neural development [146]. The development of the brain is a dynamic process, 

requiring precise control of gene expression both temporally and spatially [240]. 

Consequently, we hypothesize that the long introns of brain expressed genes may 

represent a mechanism to induce precise delays in the timing of gene expression.  

 

In summary, we hypothesized that the primary transcript length of sets of genes that 

require precise coordination in expression timing coevolves. In support of this 

hypothesis, we found that, in general, genes belonging to the same protein complex 

and pairs of co-expressed genes are significantly more likely to have coevolving 

intron length than randomly sampled gene pairs, matched for intron content. We 

found that biological processes that are particularly time-sensitive, such as 

development and the cell cycle, are particularly enriched for genes with coevolving 

intron content. Our results suggest that for some sets of genes, intron length is 

functionally relevant and evolves under natural selection, representing a novel aspect 

of intron evolution and of the coevolutionary dynamics of co-regulated genes.  

 

4.4 Materials and methods 
4.4.1 Data and processing 

Gene models for human protein coding genes were downloaded from Ensembl release 

74 via BioMart [241]. To identify insertion and deletion events (indels) in the introns 

of these genes, we downloaded whole genome alignments of 15 eutherian mammals 
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from Ensembl Compara release 74. This data included ancestral sequences, 

reconstructed using the Enredo-Pecan-Ortheus (EPO) pipeline, at each branch of the 

phylogenetic tree [242], allowing indels to be placed on the branch on which they are 

inferred to have occurred. We selected 9 species for which complete orthologue sets 

were available for a large number of genes. These species were Felis catus, Canis 

familiaris, Equus caballus, Ovis aries, Bos taurus, Pan troglodytes, Homo sapiens, 

Gorilla gorilla and Pongo abelii. Only alignments containing all nine species were 

used for analysis, resulting in a dataset consisting of 9396 genes. The phylogenetic 

tree of these species is shown in figure 4.1. 

 

4.4.2 Partial correlation of intron change 

A prediction of our hypothesis is that changes in intron length due to insertions and 

deletions should be correlated among sets of coevolving genes. To test this, we first 

calculated the intron content of each gene, defined as the sum of the lengths of all 

introns in the canonical transcript, using the positions of the intron/exon boundaries of 

the human gene as a reference. Using the indels inferred on the branches of the 

phylogeny, we also calculated the intron content at each ancestral node. This was 

done by first calculating the intron content of the last common ancestor of all 9 

species by subtracting the length of all indels along the human lineage from the intron 

content of the human gene, and then applying the set of all indels leading to each 

node. We then calculated the proportional change in the intron content along each 

branch of the phylogeny. Partial Pearson correlation of this proportional change was 

calculated for each pair of genes, controlling for the median (over genes) change in 

intron content along each branch. This allowed us to control for differences in the 

overall rate of evolution along different branches.  

  

4.4.3 Identification of coevolving gene modules 

From the partial correlations calculated above we constructed a network with edges 

corresponding to pairs of highly correlated genes (partial Pearson coefficient > 0.7). 

This network comprised 9286 genes with 1.2 × 106 edges. To extract modules of 

coevolving genes, we calculated the Simpson coefficient for each pair of genes a and 

b using the formula  
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𝐴 ∩ 𝐵
min  ( 𝐴 , 𝐵 ) 

 

where A and B are the sets of genes that share an edge with genes a and b 

respectively. We then converted this similarity measure to a distance (1 – Simpson 

coefficient), and carried out average linkage hierarchical clustering of the resulting 

matrix in R (version 3.1.1). Modules were extracted from the dendrogram using the 

dynamicTreeCut method [243]. To investigate the functions associated with these 

modules, we carried out Gene Ontology (GO) enrichment analysis using GOSeq 

[244]. We included intron content as a covariate, to exclude the possibility that the 

observed functional enrichment was a consequence of shared intron content of genes 

in certain functional classes (with genes with larger or smaller intron content having 

had similar proportional changes in intron content over the phylogeny). Each module 

was tested for enriched biological processes. Correction for multiple testing of the p-

values produced by GOseq was done using the Benjamini-Hochberg method in R. To 

rank these processes in order of enrichment, we calculated the log odds ratio, and the 

95% confidence interval of the log odds ratio for each enriched GO term using 

logistic regression with intron length included as a covariate. 

 
4.4.4 Visualization of intron length change 

To show the changes in intron length across the phylogeny of the gene coevolution 

modules, we carried out a linear regression of the proportional change in intron 

content against the median change along each branch, for each gene in the module. 

We then calculated the residuals for these regressions and plotted the mean value 

obtained on the phylogenetic tree of the 9 species. This was carried out for all 

functionally enriched gene modules and is represented in supplementary figure C2 

using colors to denote the value of the residuals on each branch.  

 

4.4.5 Test for significantly coevolving gene sets 

We developed a randomization-based test that can be used to determine if a given set 

of genes is significantly more likely to be correlated than expected, compared to 

random sets of genes with similarly sized introns. First, to account for the possibility 

that genes with similar intron content may evolve in a similar way, we divided the 

genes into five intron size classes (<5Kb, 5-20Kb, 20-50Kb, 50-100Kb and >100Kb). 
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For each gene within a set of interest, we randomly selected another gene at random 

from among all genes of the same intron size class. We then calculated the mean 

partial Pearson correlation of the random pairings. This was repeated 10,000 times 

and produced a p-value that represents the proportion of times the mean correlation of 

the random gene set was greater than or equal to that of the real data. A gene set was 

deemed to be significant if this p-value was less than 0.05. To control for the false 

discovery rate from these tests, we calculated π0, the expected proportion of tests that 

are consistent with the null hypothesis that coevolution in the gene set is no different 

to randomly selected genes [234]. This was done using the qvalue package in R [245].  

 

We applied this test to a set of human protein complexes obtained from the core set of 

the CORUM database of mammalian protein complexes [233], and to gene co-

expression networks constructed using publicly available gene expression data 

obtained from the GTEx consortium [235].  

 

4.4.6 Construction of gene co-expression networks 

We downloaded gene expression data from the GTEx consortium (data release V4) 

via the GTEx web portal (www.gtexportal.org). This data consists of Reads Per 

Kilobase per Million mapped reads (RPKM) expression values calculated from RNA 

sequencing applied to 42 human tissues/cell-types, sampled from 190 individuals 

[235]. To reduce noise, we only considered genes with RPKM > 0.5 in at least 10% of 

all samples (22,718 genes). Pearson correlations were then calculated for each gene 

pair. We constructed a gene co-expression network with edges corresponding to 

correlated gene pairs (|r| > 0.7). Gene clusters were then identified using the 

ClusterONE algorithm, which can identify densely connected and overlapping gene 

clusters within large biological networks [246]. ClusterONE was run with a minimum 

cluster size of 10 and maximum matching coefficient between clusters of 0.5. Clusters 

above this threshold were merged to form single clusters. All other parameters were 

set at default values. For unweighted networks, ClusterONE determines the statistical 

significance of the clusters using a one-sided Mann-Whitney U test conducted on the 

number of inward versus outward edges. A low p-value is obtained when the number 

of inward edges is significantly greater than the number of outward edges [246]. A 

cluster was deemed significant if this p-value was less than 0.05. To relate these 

clusters to gene function, we annotated each cluster using the most significantly 
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enriched biological process identified using the GOstats package in R [247]. To 

visualize the co-expression network, we carried out hierarchical clustering of the 

adjacency matrix for the network in R. The results of this are shown as a heatmap in 

supplementary figure C4. 
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Chapter 5 - Discussion 
 

Introns are a pervasive feature of eukaryotic genomes that enable complex forms of 

gene expression and regulation. They are most abundant and diverse in mammalian 

genomes, raising questions as to their functional and evolutionary significance in 

mammals. In this thesis, we examined two aspects of the functional implications of 

introns, specifically the establishment of central tolerance of T lymphocytes to 

alternative splice isoforms, and the delays in transcription resulting from the time 

taken to transcribe introns. In this chapter, we will review some of the key findings of 

this thesis, and discuss the open questions and possible future directions that have 

emerged from this research. 

 

Our first research question examined the impact of the autoimmune regulator (AIRE) 

gene on alternative pre-mRNA splicing in medullary thymic epithelial cells (mTECs). 

We hypothesized that there may exist a mechanism by which tissue-specific splice 

isoforms may be ectopically expressed in the thymus. This could potentially lead to 

the inclusion of additional tissue-restricted antigens (TRAs) in the thymus for the 

purpose of negative selection of T cells. In chapter 2, we showed that mTECs 

ectopically express a range of tissue-specific splice isoforms, and that the diversity of 

splice isoforms expressed in mTECs is greater than for any other tissue. This 

increased diversity is positively influenced by AIRE, as in the absence of AIRE the 

number of exons detected per gene in mTECs was significantly reduced. The 

influence of AIRE is significantly associated with genes that have tissue-specific 

splice isoforms, suggesting that this promiscuous splicing is, at least partially, under 

the control of AIRE. The role for AIRE in alternative splicing is further supported in 

chapter 3, where we showed that the splicing diversity of mature mTEC populations 

expressing AIRE is significantly greater than those lacking AIRE expression.  

 

It remains unclear, however, whether the influence of AIRE on alternative splicing in 

mTECs is direct or in-direct. It is known that AIRE interacts with a number of 

splicing factors [55], so it might be reasonable to suggest that AIRE plays an in-direct 

role in splicing, via the recruitment of various splicing factors and other pre-mRNA 

processing factors. An in-direct mechanism for AIRE is further supported by the 
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observation that AIRE affects the splicing of a large number of genes whose 

expression is otherwise independent of AIRE [52,217]. The importance of AIRE in 

the promiscuous expression of tissue-restricted genes is well established. We suggest 

that AIRE might also control the expression of a set of tissue-specific splicing factors, 

and that the presence of tissue-specific isoforms in mTECs is a consequence of this 

ectopic expression. To further investigate the mechanism by which AIRE influences 

splicing, it would be necessary to examine the expression of splicing factors, 

particularly tissue-specific splicing factors, in mTEC populations. In our analysis of 

single mTECs in chapter 3, we showed that while the increase in splicing diversity 

seen in the mTEC populations was also apparent to some degree in single cells, the 

diversity was greatly enhanced by the pooling of many cells. Therefore, it would be 

interesting to examine the variability in alternative splicing for genes expressed across 

different cells. This, combined with an analysis of splicing factors in single mTECs, 

could be useful to determine the underlying basis for the transcriptional diversity of 

mTECs.  

 

In our subsequent analysis of the purified mTEC subpopulations in chapter 3, we 

showed that while AIRE positively influences the splicing diversity in mature mTEC 

populations, there was a strong similarity between the splicing entropy distribution in 

mature mTECs expressing AIRE, and those lacking AIRE expression. This suggests 

the presence of additional mechanisms bedsides AIRE that affect the diversity of 

splicing in mTECs. This is in agreement with St-Pierre et al. [217] who identified a 

set of splicing factors that were up-regulated in mature mTECs, but whose expression 

appeared to be AIRE neutral. Recently, the transcription factor Fezf2 was shown to 

induce the expression of a large number of genes in mTECs using a mechanism 

independent of AIRE [43]. It seems possible that mTECs contain sets of splicing 

factors whose expression is controlled either by AIRE or Fezf2. It would be 

interesting to characterize the transcriptome of Fezf2 deficient mice to determine if 

Fezf2 does play a role in alternative splicing that is similar to AIRE. This data, 

combined with existing AIRE knock-out data could be used to determine the 

underlying basis for splicing diversity in mTECs.  

 

A recent study by Sansom et al. [42] showed that mTECs express almost all known 

protein-coding genes. In chapter 3, we took this result further by calculating gene 
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expression entropy in mTECs, and compared them against other tissues. In this 

context, gene expression entropy reflects the number of genes expressed by a 

particular tissue, but also the evenness in the distributions of mRNA abundances 

between tissues. We found that the transcriptome of mTECs was more diverse than 

any other tissue, further highlighting the remarkable breadth of expression exhibited 

by mTECs. We suggest that gene expression entropy could be applied more generally 

to other cell-types as a measure of transcriptome diversity. This could be combined 

with existing metrics that are used to measure changes in gene expression, such as 

fold-change, to better characterize differences in gene expression between 

experimental conditions. In the context of this work, it would be interesting to 

compare transcriptional diversity, using both splicing and gene expression entropy, in 

APECED patients against normal controls to test whether changes in transcriptome 

diversity is associated with onset and severity of disease.   

 

Mouse models of AIRE deficiency have been used extensively to study the molecular 

basis of promiscuous gene expression in mTECs, with researchers often citing the 

remarkable similarities between the mouse phenotype of AIRE deficiency and the 

symptoms associated with the human autoimmune disease, APECED [48,55]. Indeed, 

the patterns of gene expression that are associated with AIRE are highly conserved 

between humans and mouse [248–250], suggesting that the underlying molecular 

basis for promiscuous splicing is also conserved between species. However, several 

significant differences between human and mouse models have been highlighted, 

particularly in the context of immunology [251–253]. Therefore, a note of caution 

should be sounded when making inferences about human disease based on findings in 

mouse. In the context of our work, we suggest that a study of alternative splicing 

using next-generation sequencing data of mTECs from APECED patients and healthy 

donors would be necessary to formally establish a link between the role of AIRE in 

alternative splicing and the onset of autoimmune disease in humans.  

 

In summary thus far, we have shown that the transcriptional diversity in mTECs is 

greater than for any other tissue, in terms of both gene expression and alternative 

splicing. We have also shown that mTECs ectopically express a range of tissue-

specific splice isoforms, adding a new dimension to the study of promiscuous antigen 

expression in the thymus. In single cells, we have shown that while alternative 
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splicing is generally more diverse in mTECs than in other cells, the full transcriptional 

diversity of mTECs is a property of the pooling of multiple cells. Finally, we suggest 

that other mechanisms besides AIRE may also exist to increase the diverse 

transcriptional output of mTECs, and suggest that Fezf2 may be a likely candidate, 

possibly by an in-direct mechanism to promote alternative splicing by inducing the 

expression of an additional sets of splicing factors in mTECs.  

 

The second research question examined by this thesis related to the functional 

consequences of the time taken to transcribe introns. Intron delays have been shown 

to be functionally relevant in the context of embryonic development [97], where 

transcriptional delays coupled with negative feedback loops establish oscillatory 

patterns of gene expression that are required for normal development [146,147]. 

Previously, Seoighe and Korir [148] showed evidence of purifying selection acting on 

intron length in a set of genes involved in development, suggesting that natural 

selection may act on intron length to maintain precise timing of transcription. In 

chapter 4, we took this work further by carrying out an investigation into intron length 

coevolution in mammals. We hypothesized that sets of genes that require precise 

coordination in the timing of their expression may be sensitive to evolutionary 

changes in intron length, and that such changes, when they occur, should be correlated 

among these sets of genes. We found significant evidence for such correlation in sets 

of genes enriched for several biological processes including development and the cell 

cycle. We also showed that co-expressed genes and genes belonging to the same 

protein complex were significantly more likely to have coevolving intron lengths than 

randomly sampled genes. Our results reveal a novel aspect of gene coevolution and 

provide a means to identify genes, protein complexes and biological processes that are 

likely to be particularly sensitive to changes in transcriptional dynamics.  

 

In this work, we identified sets of genes that show evidence of coordinated change in 

intron content over evolutionary time. One implication of this observation is that these 

genes may be particularly sensitive to changes in intron length, and therefore it might 

be expected that introns in these genes might be more resistant to insertions and 

deletions than other genes. The publication of large-scale population re-sequencing 

data from the 1000 genomes project [254] could prove useful to probe this question 

further. Recently, Sudmant et al. [255] carried out an analysis of 2,504 human 
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genomes, detailing large numbers of insertion and deletion events across individuals. 

This data could be used to test the hypothesis that the genes identified as significantly 

coevolving in chapter 4 might have, on average, fewer insertions and deletions than 

expected given the background distribution of intronic insertions and deletions in the 

human genome. We suggest that such an analysis may provide further evidence of the 

selective pressures acting on the intron length in these gene sets.  

 

The preceding discussion highlights the potential for patterns of insertions and 

deletions falling within introns to be used to analyze the selective pressures that act on 

intron length. Potentially, the methods outlined above could be incorporated into a 

probabilistic framework to develop a model of insertions and deletions within introns. 

Models of insertions and deletions do exists [256,257], and have proved useful for 

topics such as phylogenetic inference [258] and improving haplotype inference from 

population re-sequencing data [254]. We suggest that such models applied to introns 

could potentially allow for a more in-depth analysis of the selective pressures acting 

on intron length, and could be used, in theory, to identify sets of genes that are under 

positive or purifying selection to maintain, expand, or contract the length of their 

introns. 

 

In summary, we have provided evidence that selective pressures act on intron length 

to maintain the relative length of introns among sets of co-regulated genes. This 

coordinated change represents a form of coevolution, and we suggest that for some 

sets of genes, intron length is functionally relevant and evolves under natural 

selection. These results add a novel and interesting angle to the debate regarding the 

functional significance of introns. While the genome design theory argues that 

variation in intron length reflects gene function [101,108], others have argued that the 

short length of introns in highly expressed genes is due to selection for efficiency 

[96,106,107]. Our results suggest that some sets of co-regulated genes are particularly 

sensitive to evolutionary changes in intron length, and that when these changes do 

occur that they are coordinated among such sets of genes. This is likely to contribute 

to the coevolutionary dynamics of co-regulated genes, and may provide a method that 

can be used to detect biological processes, protein complexes and co-expressed genes 

where intron length may be important. 
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Appendix A - Promiscuous mRNA splicing under the 

control of AIRE in medullary thymic epithelial cells 
 

 
Figure A1. Proportion that the expression value of NM_001130166 contributes to the expression of the 
Oxr1 gene. This isoform is only significantly expressed in brain and in mTECs. Error bars denote the 
upper and lower bounds of the 95% confidence interval of the proportion. A red line shows the 0.1 
proportion that was used as a threshold to define tissue-specific splice isoforms (see Methods). 
 

 
Table A1. Splicing entropy (bits) of AIRE induced and independent genes from RNA-Seq data 

Sample AIRE induced AIRE independent 
mTEC 0.85 0.78 
cTEC 0.54 0.64 
sEC 0.40 0.67 

 

 
Table A2. Is available online from Bioinformatics as supplementary table S1 at: 
https://bioinformatics.oxfordjournals.org/content/suppl/2014/12/12/btu785.DC1/Table_S2.pdf 
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Table A3. List of tissue-specific splice isoforms 

RefSeq ID Gene Symbol Tissue 
NM_001146318 Cnp Brain 
NM_021483 Pex5l Brain 
NM_001164220 Trim13 Testes 
NM_001205331 Map4 Brain 
NM_019984 Tgm1 Kidney 
NM_001141933 Nkain4 Brain 
NM_001025584 Kcnj6 Brain 
NM_134015 Fbxw11 Brain 
NM_016920 Atp6v0a1 Brain 
NM_177395 Map3k9 Brain 
NM_001163634 Wnt7b Brain 
NM_019978 Dclk1 Brain 
NM_153458 Olfm3 Brain 
NM_153539 Fam5c Brain 
NM_001170711 Asb8 Testes 
NM_173786 Apol9a Liver 
NM_001177798 Taf6l Testes 
NM_001253391 Mtfr1 Testes 
NM_013808 Csrp3 Liver 
NM_001170788 Lrrc36 Testes 
NM_001177709 Arfgap1 Brain 
NM_008733 Nrap SkM 
NM_001080746 Gtf2i Brain 
NM_001039509 Pnkd Brain 
NM_172544 Nrxn3 Brain 
NM_007463 Speg SkM 
NM_011217 Ptprr Brain 
NR_045302 1700102H20Rik Testes 
NM_001102411 Kng1 Liver 
NM_001277309 Mea1 Testes 
NM_027694 Golga7b Brain 
NM_001271766 Gpr35 Colon 
NM_001038698 Elavl4 Brain 
NM_001128307 Dock9 Brain 
NM_008165 Gria1 Brain 
NM_001277983 Snap91 Heart 
NM_001198874 Dync1i2 Brain 
NM_027712 Dlgap1 Testes 
NM_001199433 Dnmt1 Testes 
NM_001267592 Cant1 Testes 
NM_001177756 Pfkfb3 SkM 
NR_102387 Grip1 Testes 
NM_010443 Hmox2 Testes 
NM_001114665 Fnbp1l Brain 
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NM_001136069 Ldha Testes 
NM_207667 Fgf14 Brain 
NM_001205235 Nrxn2 Brain 
NM_080454 Gjc2 Spleen 
NM_027082 1700023F06Rik Brain 
NM_001191025 Dync1i1 Testes 
NM_026253 Lrrc18 Lung 
NR_040398 4930570G19Rik Brain 
NM_001277284 Ank1 Spleen 
NM_001177856 Asph Brain 
NM_001114613 Stxbp5l Brain 
NM_001080773 Pdpk1 Testes 
NM_001271405 Capzb Testes 
NM_010708 Lgals9 Colon 
NM_009198 Slc17a1 Kidney 
NM_001253370 Kcnma1 SkM 
NM_001200028 Pifo Testes 
NM_001271533 Spag16 Lung 
NM_001105252 Tmc5 Colon 
NM_001164365 Nt5c2 Kidney 
NM_001081083 Armc3 Testes 
NM_001113355 Vps26a Testes 
NM_001277079 Gas7 Brain 
NM_001168502 Zfp57 Brain 
NM_001040654 Cdkn2a Lung 
NM_001161822 Rgs17 Brain 
NM_144879 Vash2 Testes 
NM_001104617 Rdx Testes 
NM_182745 1700028K03Rik Testes 
NM_019679 Fmnl1 Brain 
NR_040313 AI854517 Brain 
NM_009781 Cacna1c Heart 
NM_001113199 Naca SkM 
NM_001142746 Pcdh15 Brain 
NM_001172073 Ttc4 Testes 
NM_001252415 Rpain Testes 
NM_001177757 Pfkfb3 Brain 
NM_001166372 Mar1 Brain 
NM_001163160 Pcyt1a Testes 
NM_019492 Rgs3 Testes 
NM_001007221 Adam22 Testes 
NR_073185 Clip4 Testes 
NM_001164255 Tpm1 Brain 
NM_153157 Olfm3 Kidney 
NM_007436 Aldh3a1 Lung 
NM_153581 Gpm6a Brain 
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NR_045541 Oprl1 Brain 
NM_001142631 Spdya Testes 
NM_001271873 Ano10 Heart 
NM_001177883 Elavl2 Brain 
NM_001093775 Myt1l Brain 
NR_045326 A330009N23Rik Brain 
NM_001277986 Snap91 Brain 
NM_028755 Arpp21 Brain 
NM_001038589 Usp14 Brain 
NM_001171036 Tmbim6 Testes 
NM_001165943 Nsun6 Testes 
NM_001253369 Kcnma1 Brain 
NM_153163 Cadps2 Brain 
NM_001252565 Oprl1 Testes 
NR_033765 A730017C20Rik Brain 
NM_198601 Trim52 Testes 
NM_001166590 Eif5a Testes 
NM_001040692 Slc6a18 Kidney 
NM_001163504 Nr1h4 Liver 
NM_001256000 Cacna1c Lung 
NM_001110859 Crem Testes 
NM_172655 Hecw2 Testes 
NM_145941 Eif4g1 Brain 
NM_001025590 Kcnj6 Testes 
NM_001177609 Ube2i Testes 
NM_001003934 Rtn3 Brain 
NM_177591 Igsf1 Brain 
NM_001190978 Kif17 Brain 
NM_001205098 Mgat4c Brain 
NM_001135657 Ptprj Testes 
NM_001161825 Pex7 Testes 
NM_010165 Eya2 Spleen 
NM_001162416 Pfkfb2 Testes 
NM_001168256 Tmem40 Brain 
NM_001177778 Dlg3 Brain 
NM_007587 Calca Lung 
NM_001039075 Ldb3 SkM 
NM_010486 Elavl2 Brain 
NM_025425 Rpl3l Kidney 
NM_001159609 Lrrc57 Testes 
NM_001141983 Golga7b Testes 
NM_139293 Ece2 Brain 
NM_001276316 Uba1 Testes 
NM_021985 Tnfrsf18 Kidney 
NM_001025264 Tpd52 SkM 
NM_001130189 Sgce Brain 



 107 

NM_015823 Magi2 Brain 
NM_007835 Dctn1 Brain 
NM_007550 Blm Testes 
NM_008440 Kif1a Brain 
NM_001177302 Rara Testes 
NM_021477 Rbfox1 Brain 
NM_001093764 Myadm Brain 
NM_001253788 1110017D15Rik Testes 
NM_009707 Arhgap6 SkM 
NM_001191026 Dync1i1 Brain 
NM_175641 Ltbp4 Brain 
NM_207686 Elavl2 Testes 
NM_001195049 Pak3 Testes 
NM_001172091 1700001C19Rik Testes 
NM_001177887 Igsf5 Lung 
NM_001159317 Il1rap Brain 
NM_001077359 Git2 Brain 
NM_001164190 Mtm1 Testes 
NM_001025429 Spag9 Brain 
NM_001177732 Plch1 Brain 
NM_008034 Folr1 Kidney 
NM_001164593 Pdzrn4 Brain 
NM_001271678 Wnk3 Brain 
NM_001159419 Sidt1 Brain 
NM_001252283 Ogdh Brain 
NM_020252 Nrxn1 Brain 
NM_001195048 Pak3 Brain 
NM_001159888 Ociad1 Brain 
NR_045868 Gm9866 Testes 
NM_001159636 Wdsub1 Testes 
NM_172797 Mmp28 Lung 
NM_023878 Cldn10 Kidney 
NM_001177371 Dbn1 Brain 
NM_001083321 Magi1 Brain 
NM_011216 Ptpro Brain 
NM_001162846 Phyhipl Testes 
NM_001079873 Brdt Testes 
NM_001128308 Dock9 Brain 
NM_001271861 Add2 Spleen 
NM_001168356 Bnipl Testes 
NM_001256382 Rims2 Brain 
NR_038122 Elmo1 Brain 
NM_001029895 Ate1 Testes 
NM_001039052 Pkib Testes 
NM_001145820 Gpd2 Brain 
NM_001177951 Rpgr Testes 
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NM_176930 Nrcam Brain 
NM_001174048 Cacna2d2 Brain 
NM_009379 Thpo Brain 
NM_001166495 Zpbp2 Spleen 
NM_148937 Plcd4 Testes 
NM_183423 Pla2g12a Spleen 
NM_001110783 Ank1 Brain 
NM_052823 Fxyd2 Testes 
NM_001242365 Fam160a2 Testes 
NM_001128181 Dlgap1 Brain 
NM_198301 Fam105a Testes 
NM_001110142 Cul4b Testes 
NM_001042420 Cabyr Testes 
NM_001177786 Cd44 Colon 
NM_001166282 Ccdc33 Lung 
NM_001102412 Kng1 Liver 
NM_001164059 Sell Testes 
NM_181282 Bre SkM 
NM_001163549 Plec SkM 
NM_001159620 Pigp Testes 
NM_001042711_2 Amy2a5 Testes 
NM_001252434 Dlg1 Brain 
NR_027651 Meg3 Brain 
NM_001113362 Tbc1d14 Testes 
NM_010743 Il1rl1 Colon 
NM_021371 Caln1 Brain 
NR_028367 Nip7 Brain 
NM_029805 Tsc22d4 Testes 
NM_001198878 Dync1i2 Brain 
NM_001172074 3110009E18Rik Testes 
NM_028806 Phactr3 Brain 
NM_001190869 Kcne3 Testes 
NM_001252220 Nbr1 Testes 
NM_001253888 Tssk4 Testes 
NM_001252436 Dlg1 Brain 
NM_001105245 Pcdh19 Brain 
NM_178893 Coro2a Testes 
NM_022434 Cyp4f14 Liver 
NM_001048141 Bdnf Brain 
NM_001145781 Acbd6 Testes 
NR_027945 4930511M06Rik Testes 
NM_001243586 Mif4gd Testes 
NM_001168293 R3hdm2 Brain 
NM_001039050 Pkib Testes 
NM_146118 Slc25a25 Testes 
NM_001177958 Gpm6b Brain 
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NM_008680 Enah Brain 
NM_001177307 Aldoa Testes 
NM_010063 Dync1i1 Brain 
NM_024428 Dpy30 Testes 
NM_001198571 Abi2 Brain 
NM_001110845 Cacna2d1 Heart 
NM_001029841 Sla Brain 
NM_001038998 Ccdc23 Testes 
NM_031194 Slc22a8 Brain 
NM_001110273 Slc14a2 Kidney 
NM_030690 Rai14 Testes 
NM_027673 Tssk4 Testes 
NM_177407 Camk2a Brain 
NM_001190386 Caly Brain 
NM_001168510 Ffar2 Spleen 
NM_001163542 Plec Brain 
NM_001161845 Sgk1 Brain 
NM_178279 Pxk Brain 
NM_001276413 Fn1 Liver 
NM_001161535 Islr2 Brain 
NM_001195498 Dclk2 Brain 
NM_001272030 Arvcf Testes 
NM_009668 Bin1 Brain 
NM_175452 Gjc2 Brain 
NM_001271484 Clip4 Testes 
NM_001252663 Epb4.9 Spleen 
NM_033608 Igsf9 Testes 
NM_001252489 Osbpl1a Testes 
NM_001195089 Tmc8 Spleen 
NM_001170789 Lrrc36 Lung 
NM_016760 Clta Brain 
NM_001142760 Pcdh15 Spleen 
NM_029216 Chd5 Brain 
NM_001130453 Nfe2l1 Testes 
NM_001190853 Pdlim5 SkM 
NM_001110274 Slc14a2 Testes 
NM_027057 Wdfy1 Testes 
NM_001159318 Il1rap Brain 
NM_026143 Far1 Testes 
NM_001038710 Tmod2 Testes 
NM_001042564 Cd27 SkM 
NM_001177615 Arpp21 Brain 
NM_001110843 Cacna2d1 SkM 
NM_001168535 Cdadc1 Brain 
NM_001163491 Sema4a Brain 
NM_029922 Parp6 Brain 
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NM_153409 Csrnp3 Brain 
NM_010199 Fgf12 Brain 
NM_001007268 Dusp13 SkM 
NM_001167914 Atxn3 Testes 
NM_001135192 Asap2 Brain 
NM_027061 Zpbp2 Testes 
NR_027699 Serp2 Testes 
NM_153489 Ubap2l SkM 
NM_001114098 Soga2 Brain 
NM_001160096 Cldn10 Kidney 
NM_001277186 Dlgap4 Brain 
NM_001271859 Add2 Spleen 
NM_001167691 Sirt4 Testes 
NM_080440 Slc8a3 SkM 
NM_001047433 Dph3 Brain 
NM_001243762 Clcn5 Brain 
NM_001081276 Clasp1 Brain 
NM_010068 Dnmt3b Spleen 
NM_001012335 Mdk Testes 
NM_013631 Pklr Spleen 
NM_010249 Gabpb1 Kidney 
NM_001042711 Amy2a5 Liver 
NM_001271729 Tk1 SkM 
NM_029716 Chn1 Testes 
NM_001242558 Ncoa6 Testes 
NR_045303 1700102H20Rik Heart 
NM_013455 Acr Testes 
NM_007540 Bdnf Brain 
NM_175240 Fam187b Testes 
NM_029296 1700001C19Rik Liver 
NM_199012 Fchsd2 Brain 
NM_001130513 Ace2 Lung 
NM_001080131 Tmpo SkM 
NM_001252450 Cldn25 Brain 
NM_001167922 Gtf2e2 Testes 
NM_001126046 Fam178b Testes 
NM_178780 Ric3 Brain 
NM_001252553 Folr1 Kidney 
NM_001199484 4931406C07Rik Testes 
NM_007578 Cacna1a Brain 
NM_001039392 Tmsb10 Testes 
NM_001122685 Rhbdd1 Testes 
NM_025728 Spag16 Testes 
NM_030249 Cttnbp2nl Testes 
NM_001168660 Apol9b Liver 
NM_001083902 Slc12a8 Colon 
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NM_011012 Oprl1 Brain 
NM_033474 Arvcf Brain 
NR_040314 AI854517 Brain 
NM_001271857 Add2 Brain 
NM_029067 Spata17 Testes 
NM_001164256 Tpm1 Brain 
NM_001130166 Oxr1 Brain 
NM_010837 Map6 Brain 
NM_001254724 1700023F06Rik Testes 
NM_001252310 Fam19a5 Brain 
NM_198018 Abr Brain 
NM_134064 Rnf44 Testes 
NM_001190179 Nup35 Testes 
NM_001199301 Cacng5 Brain 
NM_001164036 Ly6e Brain 
NM_172572 Rhbdf2 Testes 
NM_001159955 Pde1c Testes 
NM_028336 Tmem107 Brain 
NM_001042767 Proc Testes 
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Table A4. Tissue specific isoforms detected in mTECs, and ARH values for genes expressed in both 
RNA and microarray datasets (where available). 

RefSeq ID Gene Symbol Tissue ARH value ARH p-value Significant 
NM_001025584 Kcnj6 Brain NA NA NA 
NM_001163634 Wnt7b Brain NA NA NA 
NM_153458 Olfm3 Brain 0.02 0.11 No 
NM_173786 Apol9a Liver 10.44 0 Yes 
NM_001102411 Kng1 Liver 102.55 0 No 
NM_027694 Golga7b Brain 0.03 0.06 Yes 
NM_001271766 Gpr35 Colon NA NA NA 
NM_001038698 Elavl4 Brain NA NA NA 
NM_080454 Gjc2 Spleen NA NA NA 
NM_027082 1700023F06Rik Brain NA NA NA 
NM_001191025 Dync1i1 Testes 0.1 0.003 Yes 
NM_026253 Lrrc18 Lung NA NA NA 
NM_001277284 Ank1 Spleen NA NA NA 
NM_010708 Lgals9 Colon 0.004 0.78 No 
NM_001271533 Spag16 Lung NA NA NA 
NM_001105252 Tmc5 Colon NA NA NA 
NM_001040654 Cdkn2a Lung 0.03 0.06 No 
NM_144879 Vash2 Testes 0.04 0.04 Yes 
NM_001166372 Mar1 Brain NA NA NA 
NM_001007221 Adam22 Testes NA NA NA 
NR_045326 A330009N23Rik Brain NA NA NA 
NM_028755 Arpp21 Brain NA NA NA 
NM_001252565 Oprl1 Testes NA NA NA 
NM_001040692 Slc6a18 Kidney NA NA NA 
NM_001163504 Nr1h4 Liver NA NA NA 
NM_001256000 Cacna1c Lung NA NA NA 
NM_145941 Eif4g1 Brain 0.03 0.1 No 
NM_010165 Eya2 Spleen 0.04 0.05 Yes 
NM_007587 Calca Lung 0.03 0.07 No 
NM_021477 Rbfox1 Brain 0.24 0.0003 Yes 
NM_001093764 Myadm Brain 4.62 4.48E-08 Yes 
NM_175641 Ltbp4 Brain NA NA NA 
NM_001177887 Igsf5 Lung 3.88 7.53E-08 Yes 
NM_001164593 Pdzrn4 Brain NA NA NA 
NM_001195048 Pak3 Brain 0.03 0.09 No 
NM_001079873 Brdt Testes NA NA NA 
NM_001271861 Add2 Spleen NA NA NA 
NM_001168356 Bnipl Testes 0.08 0.01 Yes 
NM_176930 Nrcam Brain NA NA NA 
NM_001174048 Cacna2d2 Brain NA NA NA 
NM_052823 Fxyd2 Testes 0.21 0.0004 Yes 
NM_001177786 Cd44 Colon 0.02 0.13 No 
NM_001166282 Ccdc33 Lung 6.71 1.46E-08 Yes 
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NM_001042711_2 Amy2a5 Testes NA NA NA 
NM_010743 Il1rl1 Colon 0.05 0.02 Yes 
NM_001105245 Pcdh19 Brain 0.07 0.01 Yes 
NM_001177958 Gpm6b Brain 6.79 1.41E-08 Yes 
NM_001110273 Slc14a2 Kidney NA NA NA 
NM_001168510 Ffar2 Spleen NA NA NA 
NM_001271484 Clip4 Testes 0.09 0.005 Yes 
NM_001142760 Pcdh15 Spleen NA NA NA 
NM_001110274 Slc14a2 Testes NA NA NA 
NM_027057 Wdfy1 Testes NA NA NA 
NM_001042564 Cd27 SkM NA NA NA 
NM_001163491 Sema4a Brain 0.009 0.48 No 
NM_010199 Fgf12 Brain NA NA NA 
NR_027699 Serp2 Testes NA NA NA 
NM_001271859 Add2 Spleen NA NA NA 
NM_001243762 Clcn5 Brain 0.003 0.87 No 
NM_010249 Gabpb1 Kidney 4.07 6.52E-08 Yes 
NR_045303 1700102H20Rik Heart NA NA NA 
NM_007540 Bdnf Brain NA NA NA 
NM_001130513 Ace2 Lung 11.99 2.56E-09 Yes 
NM_001252553 Folr1 Kidney NA NA NA 
NM_007578 Cacna1a Brain NA NA NA 
NM_001168660 Apol9b Liver 1.72 8.67E-07 Yes 
NM_011012 Oprl1 Brain NA NA NA 
NM_001130166 Oxr1 Brain 6.85 1.37E-08 Yes 
NM_001252310 Fam19a5 Brain NA NA NA 
NM_134064 Rnf44 Testes 0.03 0.05 Yes 
NM_001199301 Cacng5 Brain NA NA NA 
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Table A5. Tissue specific isoforms detected in cTECs 

RefSeq ID Gene symbol Tissue 
NM_019978 Dclk1 Brain 
NM_027082 1700023F06Rik Brain 
NM_001191025 Dync1i1 Testes 
NM_026253 Lrrc18 Lung 
NM_145941 Eif4g1 Brain 
NM_001190978 Kif17 Brain 
NM_015823 Magi2 Brain 
NM_021477 Rbfox1 Brain 
NM_001093764 Myadm Brain 
NM_009707 Arhgap6 SkM 
NM_001195049 Pak3 Testes 
NM_001164593 Pdzrn4 Brain 
NM_001271678 Wnk3 Brain 
NM_172797 Mmp28 Lung 
NM_176930 Nrcam Brain 
NM_052823 Fxyd2 Testes 
NM_001105245 Pcdh19 Brain 
NM_001276413 Fn1 Liver 
NM_001142760 Pcdh15 Spleen 
NM_027057 Wdfy1 Testes 
NM_001042564 Cd27 SkM 
NR_027699 Serp2 Testes 
NM_001243762 Clcn5 Brain 
NM_001167922 Gtf2e2 Testes 
NM_001252310 Fam19a5 Brain 
NM_028336 Tmem107 Brain 
 

 

 

 

 

 

 

 

 

 

 

 



 115 

Table A6. Tissue specific isoforms detected in sECs 

RefSeq ID Gene Symbol Tissue 
NM_001164220 Trim13 Testes 
NM_172797 Mmp28 Lung 
NM_001168356 Bnipl Testes 
NM_001029895 Ate1 Testes 
NM_001145820 Gpd2 Brain 
NM_001174048 Cacna2d2 Brain 
NM_027694 Golga7b Brain 
NM_001105245 Pcdh19 Brain 
NM_027082 1700023F06Rik Brain 
NM_144879 Vash2 Testes 
NM_019492 Rgs3 Testes 
NM_033608 Igsf9 Testes 
NR_033765 A730017C20Rik Brain 
NM_001167914 Atxn3 Testes 
NM_145941 Eif4g1 Brain 
NM_001047433 Dph3 Brain 
NM_001243762 Clcn5 Brain 
NM_001130513 Ace2 Lung 
NM_001126046 Fam178b Testes 
NM_134064 Rnf44 Testes 
NM_001164593 Pdzrn4 Brain 
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Appendix B – Analysis of population and single cell 

data reveals transcriptome diversity across thymic 

epithelial cells 
 
Table B1. Number of reads pre-quality control and post-quality control for bulk cell populations from 
Sansom et al. 2014 

Sample Id Description 
No. of reads 
(pre-QC) 

No. of reads 
(post-QC) 

SRR1045009 cTEC R1 50606953 36318322 
SRR1045010 cTEC R2 56272566 40311507 
SRR1045011 mature Aire neg R1 40172313 32433520 
SRR1045012 mature Aire neg R2 57140571 38462043 
SRR1045013 mature Aire pos R1 51981284 39572754 
SRR1045014 mature Aire pos R2 54802535 39232057 
SRR1045015 mature Aire KO R1 48210669 37744437 
SRR1045016 mature Aire KO R2 48427480 38000628 
SRR1045017 mature mTEC R1 55518121 38275673 
SRR1045018 mature mTEC R2 55816682 39255779 
SRR1045019 immature mTEC R1 54494016 38237029 
SRR1045020 immature mTEC R2 57721377 38520832 
SRR1045021 mTEC R1 55916581 38096379 
SRR1045022 mTEC R2 56024813 38911839 

 
Table B2. Number of reads pre-quality control and post-quality control for bulk cell populations from 
Merkin et al. 2012 

Sample Id Description 
No. of reads 
(pre-QC) 

No. of reads 
(post-QC) 

SRR594393 Mouse A Brain 87264604 82605527 
SRR594394 Mouse A Colon 101816491 95994290 
SRR594395 Mouse A Heart 35175982 33770389 
SRR594396 Mouse A Kidney 119274786 115195082 
SRR594397 Mouse A Liver 116292478 112520649 
SRR594398 Mouse A Lung 34050626 32575210 
SRR594399 Mouse A SkM 113111277 108959948 
SRR594400 Mouse A Spleen 114072257 109785714 
SRR594401 Mouse A Testes 109199938 104545237 
SRR594402 Mouse B Brain 118824353 114742568 
SRR594403 Mouse B Colon 87447334 83915156 
SRR594404 Mouse B Kidney 118885190 115795012 
SRR594405 Mouse B Liver 134045721 132134013 
SRR594406 Mouse B Lung 62362901 53689930 
SRR594407 Mouse B SkM 117171737 112361507 
SRR594408 Mouse B Spleen 114814142 110609421 
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SRR594409 Mouse B Testes 116525147 112474853 
SRR594410 Mouse C Brain 32511234 30421828 
SRR594411 Mouse C Colon 34248444 32129622 
SRR594412 Mouse C Heart 15968605 14629806 
SRR594413 Mouse C Kidney 29821800 29282537 
SRR594414 Mouse C Liver 34824609 32516895 
SRR594415 Mouse C Lung 111879091 109047318 
SRR594416 Mouse C SkM 29738869 29061277 
SRR594417 Mouse C Spleen 113321013 109456288 
SRR594418 Mouse C Testes 35789834 33199799 

 
Table B3. Number of reads pre-quality control and post-quality control for single-cells from Sansom et 
al. 2014 

Sample Id Description 
No. of reads 
(pre-QC) 

No. of reads 
(post-QC) 

SRR1542745 mhcIIhi4wk-wildtype-cell A01 1282539 1174482 
SRR1542746 mhcIIhi4wk-wildtype-cell A02 1677480 1533373 
SRR1542747 mhcIIhi4wk-wildtype-cell A03 1437278 1313566 
SRR1542748 mhcIIhi4wk-wildtype-cell A04 1698817 1569860 
SRR1542749 mhcIIhi4wk-wildtype-cell A05 1591279 1473468 
SRR1542750 mhcIIhi4wk-wildtype-cell A06 2362863 2196105 
SRR1542751 mhcIIhi4wk-wildtype-cell A07 1513547 1390064 
SRR1542752 mhcIIhi4wk-wildtype-cell A08 1689837 1557674 
SRR1542753 mhcIIhi4wk-wildtype-cell A09 1520741 1401152 
SRR1542754 mhcIIhi4wk-wildtype-cell A10 1355967 1242664 
SRR1542755 mhcIIhi4wk-wildtype-cell A11 1160013 1063573 
SRR1542756 mhcIIhi4wk-wildtype-cell A12 929005 858985 
SRR1542757 mhcIIhi4wk-wildtype-cell A13 2247915 2077572 
SRR1542758 mhcIIhi4wk-wildtype-cell A15 2919174 2734129 
SRR1542759 mhcIIhi4wk-wildtype-cell A16 1881515 1760699 
SRR1542760 mhcIIhi4wk-wildtype-cell A17 2748325 2612041 
SRR1542761 mhcIIhi4wk-wildtype-cell A18 2478288 2317890 
SRR1542762 mhcIIhi4wk-wildtype-cell A19 2679285 2541312 
SRR1542763 mhcIIhi4wk-wildtype-cell A21 1757264 1642698 
SRR1542764 mhcIIhi4wk-wildtype-cell A23 913061 806746 
SRR1542765 mhcIIhi4wk-wildtype-cell A24 1699162 1557541 
SRR1542766 mhcIIhi4wk-wildtype-cell A25 2297150 2126271 
SRR1542767 mhcIIhi4wk-wildtype-cell A27 3255465 3058914 
SRR1542768 mhcIIhi4wk-wildtype-cell A28 3434638 3258230 
SRR1542769 mhcIIhi4wk-wildtype-cell A29 4628771 4414600 
SRR1542770 mhcIIhi4wk-wildtype-cell A30 3722445 3514379 
SRR1542771 mhcIIhi4wk-wildtype-cell A31 3627804 3444148 
SRR1542772 mhcIIhi4wk-wildtype-cell A32 3296843 3107711 
SRR1542773 mhcIIhi4wk-wildtype-cell A33 2487674 2353015 
SRR1542774 mhcIIhi4wk-wildtype-cell A34 1021259 916681 
SRR1542775 mhcIIhi4wk-wildtype-cell A36 1557094 1432264 
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SRR1542776 mhcIIhi4wk-wildtype-cell A37 1606900 1461624 
SRR1542777 mhcIIhi4wk-wildtype-cell A38 2850167 2664529 
SRR1542778 mhcIIhi4wk-wildtype-cell A39 3255551 3073848 
SRR1542779 mhcIIhi4wk-wildtype-cell A40 2941497 2771799 
SRR1542780 mhcIIhi4wk-wildtype-cell A41 3843389 3618660 
SRR1542781 mhcIIhi4wk-wildtype-cell A42 2342626 2175813 
SRR1542782 mhcIIhi4wk-wildtype-cell A43 2647709 2492164 
SRR1542783 mhcIIhi4wk-wildtype-cell A44 2119979 1978316 
SRR1542784 mhcIIhi4wk-wildtype-cell A45 2193979 2057296 
SRR1542785 mhcIIhi4wk-wildtype-cell A46 1421444 1291921 
SRR1542786 mhcIIhi4wk-wildtype-cell A47 1111923 1017781 
SRR1542787 mhcIIhi4wk-wildtype-cell A48 1438506 1311933 
SRR1542788 mhcIIhi4wk-wildtype-cell A49 1600025 1476244 
SRR1542789 mhcIIhi4wk-wildtype-cell A50 1985603 1842835 
SRR1542790 mhcIIhi4wk-wildtype-cell A51 3018704 2866591 
SRR1542791 mhcIIhi4wk-wildtype-cell A52 3484503 3287573 
SRR1542792 mhcIIhi4wk-wildtype-cell A55 1995643 1861057 
SRR1542793 mhcIIhi4wk-wildtype-cell A56 2613406 2436870 
SRR1542794 mhcIIhi4wk-wildtype-cell A58 1396183 1273342 
SRR1542795 mhcIIhi4wk-wildtype-cell A60 1444942 1320246 
SRR1542796 mhcIIhi4wk-wildtype-cell A61 1646641 1522335 
SRR1542797 mhcIIhi4wk-wildtype-cell A62 2553363 2401395 
SRR1542798 mhcIIhi4wk-wildtype-cell A64 3374697 3211108 
SRR1542799 mhcIIhi4wk-wildtype-cell A65 4026334 3841275 
SRR1542800 mhcIIhi4wk-wildtype-cell A66 4954038 4669878 
SRR1542801 mhcIIhi4wk-wildtype-cell A67 2627012 2463997 
SRR1542802 mhcIIhi4wk-wildtype-cell A68 2201901 2079166 
SRR1542803 mhcIIhi4wk-wildtype-cell A69 2162449 2035132 
SRR1542804 mhcIIhi4wk-wildtype-cell A70 1373387 1271708 
SRR1542805 mhcIIhi4wk-wildtype-cell A71 1516196 1402614 
SRR1542806 mhcIIhi4wk-wildtype-cell A72 1665330 1534745 
SRR1542807 mhcIIhi4wk-wildtype-cell A73 1993668 1829438 
SRR1542808 mhcIIhi4wk-wildtype-cell A74 2785586 2599088 
SRR1542809 mhcIIhi4wk-wildtype-cell A75 2203441 2057767 
SRR1542810 mhcIIhi4wk-wildtype-cell A76 2196500 2024884 
SRR1542811 mhcIIhi4wk-wildtype-cell A77 2667650 2517095 
SRR1542812 mhcIIhi4wk-wildtype-cell A78 2673249 2524221 
SRR1542813 mhcIIhi4wk-wildtype-cell A79 3007234 2833574 
SRR1542814 mhcIIhi4wk-wildtype-cell A81 2319345 2177801 
SRR1542815 mhcIIhi4wk-wildtype-cell A82 1428409 1321934 
SRR1542816 mhcIIhi4wk-wildtype-cell A84 1957949 1808033 
SRR1542817 mhcIIhi4wk-wildtype-cell A85 2012125 1868062 
SRR1542818 mhcIIhi4wk-wildtype-cell A86 1645496 1503249 
SRR1542819 mhcIIhi4wk-wildtype-cell A87 1970891 1787030 
SRR1542820 mhcIIhi4wk-wildtype-cell A88 2071806 1920571 
SRR1542821 mhcIIhi4wk-wildtype-cell A89 1778200 1655760 
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SRR1542822 mhcIIhi4wk-wildtype-cell A91 2220091 2059227 
SRR1542823 mhcIIhi4wk-wildtype-cell A92 1748471 1627264 
SRR1542824 mhcIIhi4wk-wildtype-cell A93 2484009 2307040 
SRR1542825 mhcIIhi4wk-wildtype-cell A94 1429435 1312997 
SRR1542826 mhcIIhi4wk-wildtype-cell A95 1827225 1687612 
SRR1542827 mhcIIhi4wk-wildtype-cell A96 1765705 1623068 
SRR1542828 mhcIIhi4wk-wildtype-cell B01 1737769 1557538 
SRR1542829 mhcIIhi4wk-wildtype-cell B02 1845929 1678690 
SRR1542830 mhcIIhi4wk-wildtype-cell B03 2657589 2421066 
SRR1542831 mhcIIhi4wk-wildtype-cell B04 1930590 1749246 
SRR1542832 mhcIIhi4wk-wildtype-cell B05 2029906 1843957 
SRR1542833 mhcIIhi4wk-wildtype-cell B06 1975067 1808971 
SRR1542834 mhcIIhi4wk-wildtype-cell B07 1800899 1644771 
SRR1542835 mhcIIhi4wk-wildtype-cell B08 1440521 1312093 
SRR1542836 mhcIIhi4wk-wildtype-cell B09 1275454 1169921 
SRR1542837 mhcIIhi4wk-wildtype-cell B10 1562021 1426685 
SRR1542838 mhcIIhi4wk-wildtype-cell B11 1697268 1536853 
SRR1542839 mhcIIhi4wk-wildtype-cell B12 912351 839969 
SRR1542840 mhcIIhi4wk-wildtype-cell B13 1842077 1688862 
SRR1542841 mhcIIhi4wk-wildtype-cell B14 2271292 2076699 
SRR1542842 mhcIIhi4wk-wildtype-cell B15 2006836 1818185 
SRR1542843 mhcIIhi4wk-wildtype-cell B16 2262312 2071999 
SRR1542844 mhcIIhi4wk-wildtype-cell B17 2345241 2147982 
SRR1542845 mhcIIhi4wk-wildtype-cell B18 2305365 2054650 
SRR1542846 mhcIIhi4wk-wildtype-cell B19 3175207 2897031 
SRR1542847 mhcIIhi4wk-wildtype-cell B20 1481117 1280237 
SRR1542848 mhcIIhi4wk-wildtype-cell B21 2408592 2203122 
SRR1542849 mhcIIhi4wk-wildtype-cell B22 2358315 2161228 
SRR1542850 mhcIIhi4wk-wildtype-cell B23 2020036 1847101 
SRR1542851 mhcIIhi4wk-wildtype-cell B24 2555377 2327497 
SRR1542852 mhcIIhi4wk-wildtype-cell B25 2033505 1856505 
SRR1542853 mhcIIhi4wk-wildtype-cell B26 2141794 1941688 
SRR1542854 mhcIIhi4wk-wildtype-cell B27 1561136 1421450 
SRR1542855 mhcIIhi4wk-wildtype-cell B28 1990784 1820161 
SRR1542856 mhcIIhi4wk-wildtype-cell B29 1748668 1595830 
SRR1542857 mhcIIhi4wk-wildtype-cell B30 3412433 3134875 
SRR1542858 mhcIIhi4wk-wildtype-cell B31 5260614 4863080 
SRR1542859 mhcIIhi4wk-wildtype-cell B32 6002926 5677923 
SRR1542860 mhcIIhi4wk-wildtype-cell B33 3569928 3375134 
SRR1542861 mhcIIhi4wk-wildtype-cell B34 3484320 3238480 
SRR1542862 mhcIIhi4wk-wildtype-cell B35 4577901 4212377 
SRR1542863 mhcIIhi4wk-wildtype-cell B36 2731822 2510285 
SRR1542864 mhcIIhi4wk-wildtype-cell B37 1772335 1589679 
SRR1542865 mhcIIhi4wk-wildtype-cell B38 1783566 1602971 
SRR1542866 mhcIIhi4wk-wildtype-cell B39 2149380 1931843 
SRR1542867 mhcIIhi4wk-wildtype-cell B40 1453533 1318106 
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SRR1542868 mhcIIhi4wk-wildtype-cell B41 1711860 1560735 
SRR1542869 mhcIIhi4wk-wildtype-cell B42 3764938 3487104 
SRR1542870 mhcIIhi4wk-wildtype-cell B43 10262839 9746587 
SRR1542871 mhcIIhi4wk-wildtype-cell B44 5454892 5133268 
SRR1542872 mhcIIhi4wk-wildtype-cell B45 4717493 4441788 
SRR1542873 mhcIIhi4wk-wildtype-cell B46 1948492 1781721 
SRR1542874 mhcIIhi4wk-wildtype-cell B47 1120331 978062 
SRR1542875 mhcIIhi4wk-wildtype-cell B48 3061467 2814337 
SRR1542876 mhcIIhi4wk-wildtype-cell B49 2084767 1897585 
SRR1542877 mhcIIhi4wk-wildtype-cell B50 1383368 1208667 
SRR1542878 mhcIIhi4wk-wildtype-cell B51 2258016 2065069 
SRR1542879 mhcIIhi4wk-wildtype-cell B52 1991220 1806832 
SRR1542880 mhcIIhi4wk-wildtype-cell B53 2328401 2140869 
SRR1542881 mhcIIhi4wk-wildtype-cell B54 2834632 2617439 
SRR1542882 mhcIIhi4wk-wildtype-cell B55 5242346 4925042 
SRR1542883 mhcIIhi4wk-wildtype-cell B56 5816640 5481005 
SRR1542884 mhcIIhi4wk-wildtype-cell B57 3258232 3061404 
SRR1542885 mhcIIhi4wk-wildtype-cell B59 1932990 1778487 
SRR1542886 mhcIIhi4wk-wildtype-cell B60 2454035 2243328 
SRR1542887 mhcIIhi4wk-wildtype-cell B61 1317929 1112705 
SRR1542888 mhcIIhi4wk-wildtype-cell B62 2275067 2090698 
SRR1542889 mhcIIhi4wk-wildtype-cell B63 1884353 1700783 
SRR1542890 mhcIIhi4wk-wildtype-cell B64 2117016 1944822 
SRR1542891 mhcIIhi4wk-wildtype-cell B65 1993303 1825181 
SRR1542892 mhcIIhi4wk-wildtype-cell B66 2969266 2733492 
SRR1542893 mhcIIhi4wk-wildtype-cell B67 2946348 2731487 
SRR1542894 mhcIIhi4wk-wildtype-cell B68 652261 615053 
SRR1542895 mhcIIhi4wk-wildtype-cell B69 4330632 4102467 
SRR1542896 mhcIIhi4wk-wildtype-cell B70 2375157 2181811 
SRR1542897 mhcIIhi4wk-wildtype-cell B71 1937482 1771158 
SRR1542898 mhcIIhi4wk-wildtype-cell B72 1458946 1341536 
SRR1542899 mhcIIhi4wk-wildtype-cell B73 1852558 1685611 
SRR1542900 mhcIIhi4wk-wildtype-cell B74 1564411 1389493 
SRR1542901 mhcIIhi4wk-wildtype-cell B75 1355594 1148897 
SRR1542902 mhcIIhi4wk-wildtype-cell B77 2319914 2108647 
SRR1542903 mhcIIhi4wk-wildtype-cell B78 2294981 2070484 
SRR1542904 mhcIIhi4wk-wildtype-cell B79 2905589 2650143 
SRR1542905 mhcIIhi4wk-wildtype-cell B80 2334210 2127027 
SRR1542906 mhcIIhi4wk-wildtype-cell B81 3268044 3004925 
SRR1542907 mhcIIhi4wk-wildtype-cell B82 1568249 1428700 
SRR1542908 mhcIIhi4wk-wildtype-cell B84 2187138 1995795 
SRR1542909 mhcIIhi4wk-wildtype-cell B85 1868749 1659119 
SRR1542910 mhcIIhi4wk-wildtype-cell B86 2144466 1954800 
SRR1542911 mhcIIhi4wk-wildtype-cell B87 985071 849259 
SRR1542912 mhcIIhi4wk-wildtype-cell B88 1833885 1651736 
SRR1542913 mhcIIhi4wk-wildtype-cell B89 1343039 1201335 
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SRR1542914 mhcIIhi4wk-wildtype-cell B90 1442479 1318641 
SRR1542915 mhcIIhi4wk-wildtype-cell B91 2351859 2118161 
SRR1542916 mhcIIhi4wk-wildtype-cell B92 1932581 1747751 
SRR1542917 mhcIIhi4wk-wildtype-cell B95 2071212 1871588 
SRR1542918 mhcIIhi4wk-wildtype-cell B96 1597638 1447884 

 
Table B4. Number of reads pre-quality control and post-quality control for single-cells from Shalek et 
al. 2014 

Sample Id Description 
No. of reads 
(pre-QC) 

No. of reads 
(post-QC) 

SRX324099 Unstimulated Replicate S1 42190 24873 
SRX324100 Unstimulated Replicate S2 54228 32751 
SRX324101 Unstimulated Replicate S3 1386962 1160597 
SRX324102 Unstimulated Replicate S4 1512628 1272487 
SRX324103 Unstimulated Replicate S5 1830654 1574787 
SRX324104 Unstimulated Replicate S6 1701236 1451546 
SRX324105 Unstimulated Replicate S7 396568 333430 
SRX324106 Unstimulated Replicate S8 52112 31974 
SRX324107 Unstimulated Replicate S9 810913 685438 
SRX324108 Unstimulated Replicate S10 712064 553163 
SRX324109 Unstimulated Replicate S11 401122 339135 
SRX324110 Unstimulated Replicate S12 2613330 2257241 
SRX324111 Unstimulated Replicate S13 2594312 2229002 
SRX324112 Unstimulated Replicate S14 2082910 1780139 
SRX324113 Unstimulated Replicate S15 765736 658345 
SRX324114 Unstimulated Replicate S16 1741669 1475584 
SRX324115 Unstimulated Replicate S17 2384629 2077516 
SRX324116 Unstimulated Replicate S18 2297687 1976809 
SRX324117 Unstimulated Replicate S19 2309276 1996984 
SRX324118 Unstimulated Replicate S20 2200422 1899829 
SRX324119 Unstimulated Replicate S21 2190806 1903403 
SRX324120 Unstimulated Replicate S22 2189577 1891825 
SRX324121 Unstimulated Replicate S23 2259029 1929734 
SRX324122 Unstimulated Replicate S24 1847593 1563030 
SRX324123 Unstimulated Replicate S25 1542108 1299043 
SRX324124 Unstimulated Replicate S26 1961951 1683214 
SRX324125 Unstimulated Replicate S27 62810 38099 
SRX324126 Unstimulated Replicate S28 66699 41135 
SRX324127 Unstimulated Replicate S29 414324 352360 
SRX324128 Unstimulated Replicate S30 2321778 2008291 
SRX324129 Unstimulated Replicate S31 3049187 2671531 
SRX324130 Unstimulated Replicate S32 3201822 2803270 
SRX324131 Unstimulated Replicate S33 2048039 1781912 
SRX324132 Unstimulated Replicate S34 1241150 1057064 
SRX324133 Unstimulated Replicate S35 56353 35421 
SRX324134 Unstimulated Replicate S36 1488692 1257993 
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SRX324135 Unstimulated Replicate S37 2225835 1866597 
SRX324136 Unstimulated Replicate S38 2282667 1923384 
SRX324137 Unstimulated Replicate S39 3558227 3059296 
SRX324138 Unstimulated Replicate S40 2288807 1927850 
SRX324139 Unstimulated Replicate S41 3240053 2786112 
SRX324140 Unstimulated Replicate S42 1599829 1345541 
SRX324141 Unstimulated Replicate S43 2235729 1901937 
SRX324142 Unstimulated Replicate S44 513120 428927 
SRX324143 Unstimulated Replicate S45 759660 670805 
SRX324144 Unstimulated Replicate S46 2031103 1710694 
SRX324145 Unstimulated Replicate S47 1530055 1267605 
SRX324146 Unstimulated Replicate S48 964219 843014 
SRX324147 Unstimulated Replicate S49 68703 43574 
SRX324148 Unstimulated Replicate S50 117530 89194 
SRX324149 Unstimulated Replicate S51 961482 825118 
SRX324150 Unstimulated Replicate S52 2766468 2406847 
SRX324151 Unstimulated Replicate S53 2398577 2072121 
SRX324152 Unstimulated Replicate S54 2293981 1981904 
SRX324153 Unstimulated Replicate S55 657213 568451 
SRX324154 Unstimulated Replicate S56 793524 638819 
SRX324155 Unstimulated Replicate S57 913526 809817 
SRX324156 Unstimulated Replicate S58 36821 24457 
SRX324157 Unstimulated Replicate S59 2559412 2195172 
SRX324158 Unstimulated Replicate S60 1415353 1164649 
SRX324159 Unstimulated Replicate S61 2226388 1888947 
SRX324160 Unstimulated Replicate S62 2422213 2086970 
SRX324161 Unstimulated Replicate S63 93743 61392 
SRX324162 Unstimulated Replicate S64 3259165 2841078 
SRX324163 Unstimulated Replicate S65 4177975 3690472 
SRX324164 Unstimulated Replicate S66 2141807 1832252 
SRX324165 Unstimulated Replicate S67 1729798 1474388 
SRX324166 Unstimulated Replicate S68 1539888 1309325 
SRX324167 Unstimulated Replicate S69 539302 449360 
SRX324168 Unstimulated Replicate S70 221915 178049 
SRX324169 Unstimulated Replicate S71 2029992 1714759 
SRX324170 Unstimulated Replicate S72 2066755 1743143 
SRX324171 Unstimulated Replicate S73 2810561 2425667 
SRX324172 Unstimulated Replicate S74 2202618 1883968 
SRX324173 Unstimulated Replicate S75 3175139 2718108 
SRX324174 Unstimulated Replicate S76 1337475 1090154 
SRX324175 Unstimulated Replicate S77 827983 709377 
SRX324176 Unstimulated Replicate S78 2692439 2317218 
SRX324177 Unstimulated Replicate S79 1386188 1192426 
SRX324178 Unstimulated Replicate S80 2197486 1889439 
SRX324179 Unstimulated Replicate S81 1760149 1585491 
SRX324180 Unstimulated Replicate S82 2755165 2366983 
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SRX324181 Unstimulated Replicate S83 731276 618871 
SRX324182 Unstimulated Replicate S84 2260796 1912590 
SRX324183 Unstimulated Replicate S85 683259 551425 
SRX324184 Unstimulated Replicate S86 894685 782088 
SRX324185 Unstimulated Replicate S87 2345185 1966564 
SRX324186 Unstimulated Replicate S88 3604331 3125239 
SRX324187 Unstimulated Replicate S89 2923148 2520986 
SRX324188 Unstimulated Replicate S90 2019703 1735019 
SRX324189 Unstimulated Replicate S91 967900 815584 
SRX324190 Unstimulated Replicate S92 1634280 1383986 
SRX324191 Unstimulated Replicate S93 335865 267303 
SRX324192 Unstimulated Replicate S94 54821 28557 
SRX324193 Unstimulated Replicate S95 57461 26413 
SRX324194 Unstimulated Replicate S96 2733165 2350868 
SRX324578 Unstimulated S1 8116280 5939060 
SRX324579 Unstimulated S2 9823204 7488651 
SRX324580 Unstimulated S3 10063374 7479615 
SRX324581 Unstimulated S4 5644602 3735584 
SRX324582 Unstimulated S5 6171732 4647051 
SRX324583 Unstimulated S6 8968488 6697946 
SRX324584 Unstimulated S7 6585185 4775824 
SRX324585 Unstimulated S8 7794245 5921623 
SRX324586 Unstimulated S9 375254 191224 
SRX324587 Unstimulated S10 6263963 4693127 
SRX324588 Unstimulated S11 11703829 8769207 
SRX324589 Unstimulated S12 11018499 7665025 
SRX324590 Unstimulated S13 9495766 7117487 
SRX324591 Unstimulated S14 502329 289239 
SRX324592 Unstimulated S15 6411235 4690689 
SRX324593 Unstimulated S16 10751659 7988022 
SRX324594 Unstimulated S17 6498858 4854694 
SRX324595 Unstimulated S18 8768216 6552480 
SRX324596 Unstimulated S19 13134616 9813912 
SRX324597 Unstimulated S20 7979719 5921208 
SRX324598 Unstimulated S21 231150 91290 
SRX324599 Unstimulated S22 8679611 6516117 
SRX324600 Unstimulated S23 9569090 7017301 
SRX324601 Unstimulated S24 9369612 6843677 
SRX324602 Unstimulated S25 248258 119756 
SRX324603 Unstimulated S26 1776325 1186204 
SRX324604 Unstimulated S27 10233123 7772191 
SRX324605 Unstimulated S28 2831224 1907148 
SRX324606 Unstimulated S29 6468139 4900123 
SRX324607 Unstimulated S30 7801441 5780465 
SRX324608 Unstimulated S31 8005238 6062986 
SRX324609 Unstimulated S32 7030756 5192368 
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SRX324610 Unstimulated S33 7307697 5499832 
SRX324611 Unstimulated S34 814685 531199 
SRX324612 Unstimulated S35 2086792 1447891 
SRX324613 Unstimulated S36 12894 7727 
SRX324614 Unstimulated S37 277539 152602 
SRX324615 Unstimulated S38 747982 528075 
SRX324616 Unstimulated S39 5278568 3809606 
SRX324617 Unstimulated S40 7996967 6022149 
SRX324618 Unstimulated S41 7204707 5385191 
SRX324619 Unstimulated S42 7315838 5422104 
SRX324620 Unstimulated S43 6310167 4626487 
SRX324621 Unstimulated S44 8536655 6295131 
SRX324622 Unstimulated S45 5877144 4384533 
SRX324623 Unstimulated S46 9918319 7378922 
SRX324624 Unstimulated S47 9116583 6734672 
SRX324625 Unstimulated S48 2077173 1565893 
SRX324626 Unstimulated S49 10054274 7453013 
SRX324627 Unstimulated S50 7976505 6136978 
SRX324628 Unstimulated S51 11133275 8351159 
SRX324629 Unstimulated S52 8012123 6245486 
SRX324630 Unstimulated S53 5736482 4268829 
SRX324631 Unstimulated S54 8431347 6253760 
SRX324632 Unstimulated S55 8672410 6427433 
SRX324633 Unstimulated S56 7028250 5174721 
SRX324634 Unstimulated S57 9553383 7351846 
SRX324635 Unstimulated S58 10950382 8299031 
SRX324636 Unstimulated S59 8155772 6036441 
SRX324637 Unstimulated S60 8505132 6163091 
SRX324638 Unstimulated S61 7936662 5973170 
SRX324639 Unstimulated S62 9468901 7349114 
SRX324640 Unstimulated S63 6544808 4864248 
SRX324641 Unstimulated S64 7459774 5601312 
SRX324642 Unstimulated S65 8903086 6760221 
SRX324643 Unstimulated S66 4338331 3157377 
SRX324644 Unstimulated S67 14490505 11017570 
SRX324645 Unstimulated S68 10938752 8271733 
SRX324646 Unstimulated S69 4404264 3382269 
SRX324647 Unstimulated S70 9949842 7462181 
SRX324648 Unstimulated S71 13737998 10441052 
SRX324649 Unstimulated S72 5932566 4245858 
SRX324650 Unstimulated S73 5867437 4404107 
SRX324651 Unstimulated S74 1089707 796417 
SRX324652 Unstimulated S75 8883405 6581074 
SRX324653 Unstimulated S76 4958656 3007248 
SRX324654 Unstimulated S77 3333547 2626464 
SRX324655 Unstimulated S78 5523692 4159438 
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SRX324656 Unstimulated S79 10028221 7629579 
SRX324657 Unstimulated S80 9754018 7364793 
SRX324658 Unstimulated S81 8992006 6909054 
SRX324659 Unstimulated S82 9226575 7004542 
SRX324660 Unstimulated S83 11929061 8896647 
SRX324661 Unstimulated S84 9641278 7127506 
SRX324662 Unstimulated S85 3569032 2611007 
SRX324663 Unstimulated S86 1751160 1290035 
SRX324664 Unstimulated S87 5170829 3781196 
SRX324665 Unstimulated S88 7499572 5535179 
SRX324666 Unstimulated S89 10276126 7756835 
SRX324667 Unstimulated S90 4063042 2996759 
SRX324668 Unstimulated S91 10535913 7824343 
SRX324669 Unstimulated S92 940299 473175 
SRX324670 Unstimulated S93 8135939 6270558 
SRX324671 Unstimulated S94 9039516 6834472 
SRX324672 Unstimulated S95 173708 57755 
SRX324673 Unstimulated S96 11899868 8659378 

 
Table B5. Number of reads pre-quality control and post-quality control for single-cells from Treutlein 
et al. 2014 

Sample Id Description 
No. of reads 
(pre-QC) 

No. of reads 
(post-QC) 

SRR1033853 E18.5 4605950 3626353 
SRR1033854 E18.5 3833252 2958985 
SRR1033855 E18.5 3957861 3111388 
SRR1033856 E18.5 4806647 3781554 
SRR1033857 E18.5 5168511 4089939 
SRR1033858 E18.5 3705056 2858466 
SRR1033859 E18.5 3879896 2996744 
SRR1033860 E18.5 4990037 3918206 
SRR1033861 E18.5 1148634 882443 
SRR1033862 E18.5 4596955 3663936 
SRR1033863 E18.5 2711965 2003282 
SRR1033864 E18.5 3062814 2371868 
SRR1033865 E18.5 293804 199165 
SRR1033866 E18.5 4853772 3803036 
SRR1033867 E18.5 3493103 2804049 
SRR1033868 E18.5 2958221 2261640 
SRR1033869 E18.5 3668254 2877404 
SRR1033870 E18.5 3932559 3033145 
SRR1033871 E18.5 3470812 2692991 
SRR1033872 E18.5 3396618 2662203 
SRR1033875 E18.5 2266056 787848 
SRR1033876 E18.5 1496547 483452 
SRR1033877 E18.5 2251507 730708 
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SRR1033878 E18.5 2014997 660039 
SRR1033879 E18.5 3008487 1009386 
SRR1033880 E18.5 1307300 423045 
SRR1033881 E18.5 1980696 657706 
SRR1033882 E18.5 2420846 836341 
SRR1033883 E18.5 2494246 823171 
SRR1033884 E18.5 1963299 634728 
SRR1033885 E18.5 1913315 623759 
SRR1033886 E18.5 1604219 523534 
SRR1033887 E18.5 2650785 850703 
SRR1033888 E18.5 1742528 599796 
SRR1033889 E18.5 2426060 821523 
SRR1033890 E18.5 1499454 488033 
SRR1033891 E18.5 1400666 454882 
SRR1033892 E18.5 1842694 694900 
SRR1033893 E18.5 2367344 830953 
SRR1033894 E18.5 2746469 914690 
SRR1033895 E18.5 1991357 667274 
SRR1033896 E18.5 3285416 1124472 
SRR1033897 E18.5 2644641 905006 
SRR1033898 E18.5 3123466 1084019 
SRR1033899 E18.5 2057359 670540 
SRR1033900 E18.5 2777921 894765 
SRR1033901 E18.5 1990771 666451 
SRR1033902 E18.5 1481519 489019 
SRR1033903 E18.5 1344300 440261 
SRR1033904 E18.5 3146388 1038843 
SRR1033905 E18.5 997182 360802 
SRR1033906 E18.5 2583612 870133 
SRR1033907 E18.5 1728502 581827 
SRR1033908 E18.5 2743844 905542 
SRR1033909 E18.5 136272 122326 
SRR1033910 E18.5 2577517 2266655 
SRR1033911 E18.5 2938858 2644186 
SRR1033912 E18.5 3630853 3287737 
SRR1033913 E18.5 3109449 2791016 
SRR1033914 E18.5 2791941 2506231 
SRR1033915 E18.5 3318359 2988614 
SRR1033916 E18.5 3356243 3007025 
SRR1033917 E18.5 2517029 2233509 
SRR1033918 E18.5 2466899 2221550 
SRR1033919 E18.5 2625635 2332466 
SRR1033920 E18.5 3007378 2694592 
SRR1033921 E18.5 2624973 2354540 
SRR1033922 E18.5 2833163 2533392 
SRR1033923 E18.5 2955728 2673753 
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SRR1033924 E18.5 2753322 2465582 
SRR1033925 E18.5 3112181 2778731 
SRR1033926 E18.5 2251508 1984918 
SRR1033927 E18.5 3057254 2713556 
SRR1033928 E18.5 2540763 2250205 
SRR1033929 E18.5 2877590 2573385 
SRR1033930 E18.5 3145147 2832022 
SRR1033931 E18.5 2951214 2655250 
SRR1033932 E18.5 2840332 2528393 
SRR1033933 E18.5 1531543 1415201 
SRR1033934 E18.5 2274120 2002966 
SRR1033936 E14.5 4234242 3036576 
SRR1033937 E14.5 2971114 2163284 
SRR1033938 E14.5 2403944 1716726 
SRR1033939 E14.5 3248363 2374928 
SRR1033940 E14.5 3701176 2648385 
SRR1033941 E14.5 3542619 2587425 
SRR1033942 E14.5 3526753 2574252 
SRR1033943 E14.5 3521316 2574798 
SRR1033944 E14.5 4510084 3226782 
SRR1033945 E14.5 2026163 1458889 
SRR1033946 E14.5 3524366 2461108 
SRR1033947 E14.5 4560835 3290655 
SRR1033948 E14.5 4404574 3236251 
SRR1033949 E14.5 2834009 2003075 
SRR1033950 E14.5 4145480 2945554 
SRR1033951 E14.5 3916449 2857156 
SRR1033952 E14.5 2898466 2137240 
SRR1033953 E14.5 2842755 2087423 
SRR1033954 E14.5 4699845 3434532 
SRR1033955 E14.5 3797160 2745087 
SRR1033956 E14.5 3456945 2489602 
SRR1033957 E14.5 4720463 3454999 
SRR1033958 E14.5 3623155 2614458 
SRR1033959 E14.5 3573516 2581394 
SRR1033960 E14.5 2964874 2129601 
SRR1033961 E14.5 2804778 2015860 
SRR1033962 E14.5 3244155 2362143 
SRR1033963 E14.5 3218971 2277187 
SRR1033964 E14.5 4942781 3595820 
SRR1033965 E14.5 4625138 3371582 
SRR1033966 E14.5 4058524 2869143 
SRR1033967 E14.5 4645231 3365003 
SRR1033968 E14.5 3357950 2396226 
SRR1033969 E14.5 4454724 3241646 
SRR1033970 E14.5 4960677 3662021 
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SRR1033971 E14.5 4675272 3410299 
SRR1033972 E14.5 4365985 3160536 
SRR1033973 E14.5 3566576 2578486 
SRR1033974 E14.5 4434354 3313242 
SRR1033975 E14.5 1951338 1433666 
SRR1033976 E14.5 3986383 2921279 
SRR1033977 E14.5 3404894 2504092 
SRR1033978 E14.5 768 235 
SRR1033979 E14.5 3643232 2564908 
SRR1033980 E14.5 2635421 1859762 
SRR1033981 adult 2360805 1505243 
SRR1033982 adult 2239891 1516386 
SRR1033983 adult 2370508 1610117 
SRR1033984 adult 1631541 1099685 
SRR1033985 adult 2027367 1284827 
SRR1033986 adult 2297032 1522280 
SRR1033987 adult 2072807 1374318 
SRR1033988 adult 3347635 2261843 
SRR1033989 adult 1675420 1092703 
SRR1033990 adult 2337555 1400000 
SRR1033991 adult 1489203 966068 
SRR1033992 adult 1911081 1242296 
SRR1033993 adult 1634671 1066502 
SRR1033994 adult 1856323 1177214 
SRR1033995 adult 2388124 1506690 
SRR1033996 adult 2452397 1597150 
SRR1033997 adult 1737640 1115160 
SRR1033998 adult 2687769 1706967 
SRR1033999 adult 1722266 1246044 
SRR1034000 adult 1777719 1144422 
SRR1034001 adult 2518380 1623428 
SRR1034002 adult 2489039 1661230 
SRR1034003 adult 266402 184092 
SRR1034004 adult 2015509 1374239 
SRR1034005 adult 1529047 1036260 
SRR1034006 adult 2316556 1495752 
SRR1034007 adult 1922145 1274981 
SRR1034008 adult 2520800 1631272 
SRR1034009 adult 2593071 1654455 
SRR1034010 adult 2253065 1484433 
SRR1034011 adult 1882542 1176959 
SRR1034012 adult 2464539 1536500 
SRR1034013 adult 2000361 1292840 
SRR1034014 adult 1044249 647200 
SRR1034015 adult 1193168 768100 
SRR1034016 adult 1110218 714684 
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SRR1034017 adult 2873723 1794796 
SRR1034018 adult 1475918 967238 
SRR1034019 adult 1642421 1106108 
SRR1034020 adult 2199548 1450190 
SRR1034021 adult 2563164 1647080 
SRR1034022 adult 3032246 2001162 
SRR1034023 adult 1566130 1067258 
SRR1034024 adult 2446348 1635958 
SRR1034025 adult 169036 117357 
SRR1034026 adult 1542856 1083926 

 
Table B6. Number of reads pre-quality control and post-quality control for single-cells from 
Brennecke et al. 2015 

Sample Id Description 
No. of reads 
(pre-QC) 

No. of reads 
(post-QC) 

ERR765238 mTEC 6506491 5973558 
ERR765239 mTEC 6849913 6270282 
ERR765240 mTEC 6334689 5898534 
ERR765242 mTEC 11216478 10145355 
ERR765243 mTEC 7257327 6538672 
ERR765244 mTEC 12495644 11346614 
ERR765247 mTEC 8817010 8349883 
ERR765248 mTEC 6899359 6399096 
ERR765249 mTEC 6693193 6263665 
ERR765251 mTEC 7750898 7039175 
ERR765252 mTEC 12730910 11315076 
ERR765253 mTEC 7230796 6575324 
ERR765255 mTEC 12516784 10796579 
ERR765256 mTEC 9256834 8247783 
ERR765258 mTEC 5220357 4752204 
ERR765259 mTEC 13151580 11273498 
ERR765260 mTEC 5335892 4484992 
ERR765261 mTEC 12832596 11528819 
ERR765262 mTEC 6702455 6207137 
ERR765263 mTEC 8001299 7403526 
ERR765264 mTEC 12197264 10906749 
ERR765265 mTEC 6947830 6429665 
ERR765266 mTEC 11755466 10057951 
ERR765267 mTEC 10708904 9898438 
ERR765268 mTEC 13575322 12663997 
ERR765269 mTEC 13258240 11196929 
ERR765270 mTEC 12432246 11257370 
ERR765271 mTEC 12843876 11177189 
ERR765272 mTEC 12719992 11485982 
ERR765273 mTEC 7258503 6650040 
ERR765274 mTEC 10969974 9822941 
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ERR765276 mTEC 10358850 9493456 
ERR765278 mTEC 7097011 6603949 
ERR765279 mTEC 11254922 9971432 
ERR765280 mTEC 14867962 12792923 
ERR765281 mTEC 7386117 6603277 
ERR765282 mTEC 10064564 8913289 
ERR765284 mTEC 13344460 11688715 
ERR765285 mTEC 16151764 14879200 
ERR765286 mTEC 17543982 15575500 
ERR765287 mTEC 15103042 13901191 
ERR765289 mTEC 13601354 11537859 
ERR765292 mTEC 14477100 13058541 
ERR765293 mTEC 10137324 8965341 
ERR765294 mTEC 7160448 6638806 
ERR765295 mTEC 7751566 7062946 
ERR765296 mTEC 14203804 12755784 
ERR765297 mTEC 6100651 5445805 
ERR765298 mTEC 9925570 8665288 
ERR765299 mTEC 10438160 9428844 
ERR765300 mTEC 15807118 13916956 
ERR765301 mTEC 12979210 11250489 
ERR765302 mTEC 11753928 10137113 
ERR765304 mTEC 13261482 12440014 
ERR765305 mTEC 7631562 7135714 
ERR765307 mTEC 15168600 13840409 
ERR765308 mTEC 8492802 7843653 
ERR765309 mTEC 8575597 7962457 
ERR765310 mTEC 7479708 6968997 
ERR765312 mTEC 5840146 5028950 
ERR765313 mTEC 11503916 9919792 
ERR765314 mTEC 13023276 11686645 
ERR765315 mTEC 10742110 9417736 
ERR765316 mTEC 10958392 9497624 
ERR765317 mTEC 12203456 10310155 
ERR765318 mTEC 10444106 9467517 
ERR765320 mTEC 15896722 14749187 
ERR765321 mTEC 12209882 11201349 
ERR765323 mTEC 20005242 16264033 
ERR765324 mTEC 7019674 6422780 
ERR765325 mTEC 8001033 7349106 
ERR765327 mTEC 6667920 6104129 
ERR765328 mTEC 10369176 9464653 
ERR765329 mTEC 7346311 6684613 
ERR765330 mTEC 15020530 13499715 
ERR765331 mTEC 10847566 9576328 
ERR765332 mTEC 10558662 9148437 
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ERR765333 mTEC 13230130 11821969 
ERR765334 mTEC 14390310 12448604 
ERR765335 mTEC 19952534 17808942 
ERR765336 mTEC 6553955 6009346 
ERR765338 mTEC 9241244 8423564 
ERR765339 mTEC 12660572 11298823 
ERR765340 mTEC 12611510 10727306 
ERR765342 mTEC 12390110 10747943 
ERR765343 mTEC 11974250 10499450 
ERR765344 mTEC 14784226 13493143 
ERR765345 mTEC 19046444 16178377 
ERR765347 mTEC 6349249 5734264 
ERR765348 mTEC 13240566 11520320 
ERR765349 mTEC 7979865 7488439 
ERR765350 mTEC 17992110 15359072 
ERR765353 mTEC 13215698 11949357 
ERR765354 mTEC 15594778 14518268 
ERR765355 mTEC 12214068 10405219 
ERR765357 mTEC 10445534 9477534 
ERR765358 mTEC 6607931 6028850 
ERR765359 mTEC 11006516 10126952 
ERR765361 mTEC 9998084 8892044 
ERR765363 mTEC 8063378 7322047 
ERR765368 mTEC 12416402 11183468 
ERR765369 mTEC 13940832 12879842 
ERR765370 mTEC 10080600 9058435 
ERR765371 mTEC 12710828 11440955 
ERR765372 mTEC 6859015 6281694 
ERR765373 mTEC 5190402 4341114 
ERR765374 mTEC 7667004 7107642 
ERR765375 mTEC 6543674 6028406 
ERR765376 mTEC 6941206 6284737 
ERR765379 mTEC 8028772 7279476 
ERR765380 mTEC 8165547 7451984 
ERR765382 mTEC 13532984 12008937 
ERR765383 mTEC 6833944 5908114 
ERR765385 mTEC 12510982 11392554 
ERR765386 mTEC 13740944 12271965 
ERR765387 mTEC 10467748 9090874 
ERR765388 mTEC 9451970 8340600 
ERR765389 mTEC 9574852 8531747 
ERR765391 mTEC 12294814 10199138 
ERR765392 mTEC 13101640 12223757 
ERR765393 mTEC 6904944 6338667 
ERR765395 mTEC 10405718 9146158 
ERR765396 mTEC 8026788 7265267 
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ERR765397 mTEC 16704550 15228634 
ERR765398 mTEC 12011454 10238795 
ERR765399 mTEC 11770508 9999435 
ERR765400 mTEC 11712924 9874416 
ERR765401 mTEC 13043990 11983586 
ERR765402 mTEC 9351456 8361547 
ERR765403 mTEC 7367097 6700532 
ERR765404 mTEC 9607982 8616862 
ERR765405 mTEC 6752733 6328355 
ERR765406 mTEC 13904246 11972996 
ERR765407 mTEC 14703864 13696780 
ERR765408 mTEC 9763390 8992809 
ERR765409 mTEC 21093212 19379176 
ERR765410 mTEC 7742887 7011427 
ERR765411 mTEC 11117998 10150214 
ERR765412 mTEC 16223100 14548611 
ERR765414 mTEC 12621198 11555207 
ERR765415 mTEC 6214482 5696410 
ERR765417 mTEC 5754329 5116887 
ERR765419 mTEC 10275234 9483645 
ERR765420 mTEC 23070270 21426027 
ERR765421 mTEC 7089925 6465194 
ERR765422 mTEC 7469542 6823348 
ERR765423 mTEC 8787526 7692088 
ERR765425 mTEC 8143545 7428929 
ERR765426 mTEC 15441800 14004570 
ERR765427 mTEC 11385726 9552090 
ERR765428 mTEC 16662104 15473649 
ERR765429 mTEC 17374404 15781842 
ERR765430 mTEC 13331090 12172812 
ERR765431 mTEC 5945731 5354476 
ERR765432 mTEC 10290782 9331515 
ERR765434 mTEC 6002758 5583660 
ERR765435 mTEC 7420636 6770296 
ERR765436 mTEC 6550779 5981356 
ERR765437 mTEC 13377284 11915525 
ERR765438 mTEC 6882362 5873571 
ERR765439 mTEC 9903114 8739001 
ERR765440 mTEC 12491598 11502193 
ERR765441 mTEC 13308190 11543908 
ERR765442 mTEC 6140277 5665763 
ERR765443 mTEC 7219820 6713307 
ERR765444 mTEC 6678019 5864966 
ERR765445 mTEC 10887346 9144165 
ERR765446 mTEC 6864256 6244116 
ERR765447 mTEC 7346125 6597978 
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ERR765448 mTEC 13601234 11811122 
ERR765449 mTEC 6660199 6090210 
ERR765450 mTEC 11138626 9741570 
ERR765451 mTEC 9824024 8429035 
ERR765452 mTEC 11341434 10069048 
ERR765453 mTEC 15358830 14132766 
ERR765454 mTEC 15522562 14321419 
ERR765455 mTEC 6339841 5839314 
ERR765456 mTEC 5507564 4619262 
ERR765458 mTEC 14108048 12751474 
ERR765459 mTEC 19654176 18099169 
ERR765460 mTEC 18056376 16102519 
ERR765461 mTEC 7422984 6913393 
ERR765462 mTEC 7209888 6500959 
ERR765463 mTEC 18661260 16134744 
ERR765465 mTEC 7985433 7459200 
ERR765466 mTEC 15095022 13381360 
ERR765467 mTEC 19450644 16975914 
ERR765468 mTEC 11335232 10271003 
ERR765470 mTEC 11809076 10169512 
ERR765471 mTEC 13787656 11573000 
ERR765472 mTEC 13649666 11890821 
ERR765473 mTEC 10319276 9063399 
ERR765474 mTEC 11757674 10186770 
ERR765475 mTEC 16955828 15234758 
ERR765476 mTEC 12567600 10516046 
ERR765477 mTEC 7041747 6504971 
ERR765478 mTEC 11038360 10213440 
ERR765479 mTEC 7640413 7145096 
ERR765480 mTEC 14439356 13152636 
ERR765481 mTEC 12315534 10612090 
ERR765482 mTEC 14448744 13453058 
ERR765483 mTEC 12427056 11136848 
ERR765484 mTEC 12489792 10719102 
ERR765485 mTEC 6963618 6328092 
ERR765486 mTEC 16754146 15645159 
ERR765487 mTEC 7764003 7024611 
ERR765488 mTEC 13237376 12140614 
ERR765489 mTEC 20834426 19188036 
ERR765490 mTEC 9889334 7981643 
ERR765491 mTEC 13167024 11505216 
ERR765492 mTEC 7381578 6752516 
ERR765493 mTEC 10735498 8748900 
ERR765494 mTEC 16281896 15024533 
ERR765497 mTEC 9339990 7886685 
ERR765498 mTEC 10686630 9337431 
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ERR765500 mTEC 14195052 12167532 
ERR765501 mTEC 11745124 10095364 
ERR765503 mTEC 6999096 6421297 
ERR765504 mTEC 10649940 9769735 
ERR765505 mTEC 6456679 5971994 
ERR765506 mTEC 16746416 15506603 
ERR765508 mTEC 12320900 11112330 
ERR765509 mTEC 6077020 5456217 
ERR765510 mTEC 9167416 8205763 
ERR765511 mTEC 12447806 10823415 
ERR765512 mTEC 10024504 8984922 
ERR765513 mTEC 10285394 9366869 
ERR765514 mTEC 7804532 7072803 
ERR765515 mTEC 6124885 5541381 
ERR765516 mTEC 9274218 7650888 
ERR765517 mTEC 9972348 8402105 
ERR765518 mTEC 20529530 18038633 
ERR765519 mTEC 7053372 6139040 
ERR765520 mTEC 10383028 8630826 
ERR765521 mTEC 10269046 8524020 
ERR765522 mTEC 11743319 10658836 
ERR765524 mTEC 8130445 7334491 
ERR765525 mTEC 10467738 9532605 
ERR765527 mTEC 7780780 6998569 
ERR765528 mTEC 16612396 15599469 
ERR765529 mTEC 12362198 11055477 
ERR765531 mTEC 7924068 7262235 
ERR765532 mTEC 9864070 8873485 
ERR765533 mTEC 9334178 8585591 
ERR765534 mTEC 9720624 8783436 
ERR765535 mTEC 19670952 17596606 
ERR765536 mTEC 10107974 9106319 
ERR765537 mTEC 6891706 6341969 
ERR765539 mTEC 10898018 9628101 
ERR765541 mTEC 12165308 10663252 
ERR765542 mTEC 6371218 5304178 
ERR765543 mTEC 11425346 10489814 
ERR765544 mTEC 8389444 7918479 
ERR765545 mTEC 22130606 20413324 
ERR765546 mTEC 7506646 6740685 
ERR765547 mTEC 6960671 6199880 
ERR765548 mTEC 7980168 7602579 
ERR765549 mTEC 6015515 5229160 
ERR765550 mTEC 6800603 6262293 
ERR765551 mTEC 12281706 11059308 
ERR765552 mTEC 7465406 6719262 
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ERR765553 mTEC 14162710 12640611 
ERR765554 mTEC 7021801 6451487 
ERR765555 mTEC 10213870 9165325 
ERR765556 mTEC 7104683 6379801 
ERR765557 mTEC 19834934 17871726 
ERR765559 mTEC 11394404 10206369 
ERR765561 mTEC 14193622 12363517 
ERR765562 mTEC 14318992 13219006 
ERR765563 mTEC 16865096 14361518 
ERR765565 mTEC 12079384 10402879 
ERR765567 mTEC 7936907 7322474 
ERR765568 mTEC 10698878 8657769 
ERR765569 mTEC 13040720 11894851 
ERR765570 mTEC 13225286 11440588 
ERR765571 mTEC 11333132 10349008 
ERR765572 mTEC 7020908 6315256 
ERR765573 mTEC 13459752 11603856 
ERR765574 mTEC 12608924 11109729 
ERR765575 mTEC 12367916 10412564 
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Appendix C - Intron length coevolution across 

mammalian genomes 
 

 
Figure C1. Heatmaps of hierarchical clustering of the Simpson coefficient evaluated at different partial 
Pearson correlation thresholds. These are (A) 0.1, (B) 0.2, (C) 0.3, (D) 0.4, (E) 0.5, (F) 0.6, (G) 0.8 and 
(H) 0.9. Colors along the x and y-axis correspond to gene coevolution modules shown in figure 4.2. 
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Figure C2. Phylogenetic trees of the functionally enriched coevolution modules. (A) module 1 (B) 
module 2 (C) module 3 and (D) module 4. The colors of the branches represent the mean value of the 
residuals in each module (see materials and methods 4.4), with yellow colors representing low values 
and red representing high values. Branch lengths correspond to genetic distance (obtained from 
Ensembl Compara). 
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Figure C3. Heatmap showing the results of hierarchical clustering of the Simpson coefficient 
calculated using partial Spearman correlations (threshold r > 0.5). 16 modules were identified, 4 of 
which were functionally enriched. These are denoted along the x and y-axis by colored bars. Modules 
that were tested, but not enriched are shown in grey. 
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Figure C4. Heatmap showing the results of hierarchical clustering of the adjacency matrix for the 
GTEx co-expression network. Clusters that were found to be significantly coevolving are highlighted 
by colored bars. 
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Table C1. Enriched GO biological processes in intron coevolution modules. GO terms are ordered by 
the lower bound of the 95% confidence interval of the log odds ratio 

Module 1. Size = 2355 

GO term Description Expected 
count Count Size of 

term 
Log odds 

ratio 
CI 

lower 
CI 

upper FDR 

GO:0010107 potassium ion import 0.58 5 6 3.84 2 6.79 0.026 

GO:0097305 response to alcohol 30.13 51 272 0.64 0.31 0.95 0.03 

GO:0007417 central nervous system development 114.4 163 794 0.5 0.3 0.69 0.007 

GO:0007420 brain development 86.01 122 606 0.49 0.27 0.71 0.049 

GO:0022610 biological adhesion 159.79 217 1056 0.44 0.27 0.61 0.02 

GO:0048513 organ development 324.79 417 2601 0.39 0.27 0.51 3.29E-05 

GO:0050793 regulation of developmental process 223.74 295 1745 0.41 0.26 0.55 2.63E-04 

GO:0022603 regulation of anatomical structure 
morphogenesis 94.87 133 719 0.47 0.26 0.67 0.039 

GO:0007155 cell adhesion 159.39 215 1052 0.43 0.25 0.6 0.026 

GO:0060284 regulation of cell development 85.05 121 595 0.48 0.25 0.7 0.047 

GO:0045944 positive regulation of transcription from RNA 
polymerase II promoter 90.37 127 768 0.45 0.25 0.65 0.039 

GO:0010628 positive regulation of gene expression 141.33 191 1185 0.41 0.24 0.58 0.02 

GO:0045597 positive regulation of cell differentiation 78.49 110 593 0.47 0.24 0.69 0.049 

GO:0007268 synaptic transmission 106.42 150 703 0.45 0.24 0.65 0.047 

GO:0051094 positive regulation of developmental process 106.92 146 819 0.44 0.24 0.63 0.021 

GO:0048731 system development 483.73 590 3710 0.34 0.23 0.45 1.23E-04 

GO:0042325 regulation of phosphorylation 136.38 182 1098 0.41 0.23 0.58 0.039 

GO:0045893 positive regulation of transcription, DNA-
templated 129.49 173 1085 0.4 0.22 0.57 0.047 

GO:0033993 response to lipid 69.69 102 661 0.44 0.22 0.66 0.02 

GO:0009653 anatomical structure morphogenesis 303.11 378 2303 0.34 0.21 0.47 0.017 

GO:0048869 cellular developmental process 432.95 527 3371 0.32 0.21 0.43 3.20E-04 

GO:0030154 cell differentiation 406.78 496 3169 0.32 0.2 0.43 3.29E-04 

GO:0007267 cell-cell signaling 145.6 194 1055 0.38 0.2 0.55 0.02 

GO:0044707 single-multicellular organism process 747.24 861 5912 0.29 0.19 0.38 1.79E-04 

GO:0044767 single-organism developmental process 656.49 764 5132 0.29 0.19 0.39 3.20E-04 

GO:0007275 multicellular organismal development 579.88 681 4514 0.29 0.19 0.39 0.001 

GO:0051239 regulation of multicellular organismal process 266.81 333 2127 0.32 0.19 0.45 0.003 

GO:2000026 regulation of multicellular organismal 
development 172.09 221 1316 0.35 0.19 0.51 0.025 

GO:0045595 regulation of cell differentiation 162.67 209 1261 0.35 0.19 0.52 0.029 

GO:0032502 developmental process 662.62 767 5190 0.28 0.18 0.38 0.001 

GO:0010604 positive regulation of macromolecule 
metabolic process 251.55 312 2132 0.31 0.18 0.45 0.038 

GO:0009893 positive regulation of metabolic process 278.35 343 2350 0.31 0.18 0.44 0.026 

GO:0032501 multicellular organismal process 773.07 881 6138 0.27 0.18 0.37 3.20E-04 

GO:0044699 single-organism process 1556.04 1643 12788 0.27 0.17 0.38 0.047 

GO:0048856 anatomical structure development 566.12 652 4374 0.26 0.15 0.36 0.024 

Module 2. Size = 661 

GO term Description Expected 
count Count Size of 

term 
Log odds 

ratio 
CI 

lower 
CI 

upper FDR 

GO:0014065 phosphatidylinositol 3-kinase signaling 2.92 12 87 1.55 0.88 2.12 0.04 

GO:0048015 phosphatidylinositol-mediated signaling 6.93 20 207 1.15 0.65 1.6 0.045 

GO:0048017 inositol lipid-mediated signaling 6.93 20 207 1.15 0.65 1.6 0.045 

GO:0030036 actin cytoskeleton organization 16.57 38 492 0.91 0.55 1.23 0.016 
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GO:0048699 generation of neurons 41.38 79 1214 0.73 0.48 0.97 0.001 

GO:0030182 neuron differentiation 38.31 74 1124 0.74 0.48 0.98 0.001 

GO:0043065 positive regulation of apoptotic process 13.61 30 410 0.87 0.46 1.23 0.02 

GO:0030029 actin filament-based process 18.36 39 544 0.81 0.46 1.14 0.04 

GO:1902589 single-organism organelle organization 59.63 104 1794 0.67 0.45 0.89 0.001 

GO:0097285 cell-type specific apoptotic process 13.16 29 397 0.86 0.45 1.23 0.029 

GO:0022008 neurogenesis 43.68 81 1282 0.7 0.45 0.94 0.001 

GO:0043068 positive regulation of programmed cell death 13.83 30 417 0.85 0.45 1.21 0.025 

GO:0010942 positive regulation of cell death 14.49 30 438 0.8 0.4 1.16 0.04 

GO:0070727 cellular macromolecule localization 37.41 65 1125 0.63 0.35 0.88 0.011 

GO:0006468 protein phosphorylation 41.83 71 1251 0.61 0.35 0.86 0.026 

GO:0034613 cellular protein localization 37.25 64 1120 0.61 0.34 0.87 0.016 

GO:0006996 organelle organization 89.61 135 2698 0.53 0.33 0.72 0.011 

GO:0048468 cell development 58.03 93 1710 0.55 0.32 0.77 0.016 

GO:0048856 anatomical structure development 147.4 205 4374 0.48 0.31 0.65 0.001 

GO:0048869 cellular developmental process 113.27 161 3371 0.47 0.28 0.65 0.003 

GO:0030154 cell differentiation 106.45 152 3169 0.47 0.28 0.65 0.003 

GO:0007399 nervous system development 66.45 101 1944 0.5 0.27 0.71 0.047 

GO:0044763 single-organism cellular process 382.88 439 11463 0.44 0.27 0.62 0.01 

GO:0048731 system development 125.11 171 3710 0.43 0.25 0.61 0.01 

GO:0044767 single-organism developmental process 172.61 225 5132 0.41 0.24 0.58 0.006 

GO:0032502 developmental process 174.49 227 5190 0.41 0.24 0.58 0.006 

GO:0032501 multicellular organismal process 205.82 261 6138 0.4 0.24 0.56 0.003 

GO:0007275 multicellular organismal development 151.88 201 4514 0.41 0.24 0.58 0.01 

GO:0044707 single-multicellular organism process 198.39 250 5912 0.38 0.22 0.55 0.01 

Module 3, Size =  264 

GO term Description Expected 
count Count Size of 

term 
Log odds 

ratio 
CI 

lower 
CI 

upper FDR 

GO:0006396 RNA processing 9.9 27 762 1.09 0.66 1.48 0.035 

Module 4, Size = 251 

GO term Description Expected 
count Count Size of 

term 
Log odds 

ratio 
CI 

lower 
CI 

upper FDR 

GO:0032879 regulation of localization 20.73 46 1721 0.95 0.61 1.27 0.003 

GO:0051049 regulation of transport 15.16 35 1257 0.96 0.57 1.31 0.024 
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Table C2. Enriched GO biological processes in Spearman correlation modules. GO terms are ordered 
by the lower bound of the 95% confidence interval of the log odds ratio 

Module S1, Size = 895 

GO term Description Expected 
count Count Size of 

term 
Log odds 

ratio 
CI 

lower 
CI 

upper FDR 

GO:0034502 protein localization to chromosome 1.2 7 27 2.03 1.09 2.85 0.043 

GO:0044257 cellular protein catabolic process 19.7 45 442 0.92 0.59 1.23 0.002 

GO:0006511 ubiquitin-dependent protein catabolic process 20.23 46 449 0.92 0.59 1.22 0.002 

GO:0019941 modification-dependent protein catabolic 
process 20.49 46 455 0.9 0.58 1.21 0.002 

GO:0043632 modification-dependent macromolecule 
catabolic process 20.68 46 459 0.89 0.57 1.19 0.002 

GO:0051603 proteolysis involved in cellular protein 
catabolic process 21.63 46 481 0.84 0.52 1.14 0.006 

GO:0006464 cellular protein modification process 127.65 203 2830 0.61 0.45 0.77 3.00E-06 

GO:0036211 protein modification process 127.65 203 2830 0.61 0.45 0.77 3.00E-06 

GO:0044265 cellular macromolecule catabolic process 37.41 69 847 0.69 0.42 0.94 3.69E-04 

GO:0043412 macromolecule modification 132.59 206 2942 0.58 0.42 0.75 7.13E-06 

GO:0044267 cellular protein metabolic process 165.75 248 3694 0.56 0.41 0.72 9.34E-07 

GO:0030163 protein catabolic process 28.71 54 640 0.71 0.41 0.99 0.017 

GO:1902589 single-organism organelle organization 80.77 131 1794 0.59 0.39 0.78 0.002 

GO:0034613 cellular protein localization 50.44 87 1120 0.63 0.39 0.85 3.58E-04 

GO:0033365 protein localization to organelle 27.88 52 632 0.69 0.39 0.97 0.001 

GO:0070727 cellular macromolecule localization 50.66 87 1125 0.62 0.39 0.85 3.69E-04 

GO:0033554 cellular response to stress 64.93 107 1466 0.59 0.37 0.79 2.17E-04 

GO:0051276 chromosome organization 35.64 63 796 0.65 0.37 0.91 0.045 

GO:0022402 cell cycle process 55 90 1230 0.57 0.34 0.8 0.021 

GO:0033036 macromolecule localization 99.66 152 2213 0.52 0.34 0.7 2.85E-04 

GO:0006974 cellular response to DNA damage stimulus 34.67 60 785 0.61 0.33 0.88 0.015 

GO:0006259 DNA metabolic process 42.29 71 959 0.58 0.32 0.83 0.015 

GO:0006996 organelle organization 121.39 178 2698 0.49 0.32 0.66 0.006 

GO:0009057 macromolecule catabolic process 48.15 78 1084 0.55 0.3 0.78 0.009 

GO:0019538 protein metabolic process 199.26 271 4445 0.45 0.3 0.6 7.84E-05 

GO:0044260 cellular macromolecule metabolic process 324.89 410 7297 0.44 0.3 0.58 3.00E-06 

GO:0008104 protein localization 88.03 132 1953 0.49 0.3 0.68 0.004 

GO:0006886 intracellular protein transport 38 63 855 0.57 0.29 0.83 0.023 

GO:0044248 cellular catabolic process 97.47 140 2175 0.45 0.26 0.63 0.015 

GO:0043170 macromolecule metabolic process 360.22 434 8088 0.37 0.23 0.51 1.18E-04 

GO:0046907 intracellular transport 69.02 101 1543 0.45 0.23 0.66 0.043 

GO:0044237 cellular metabolic process 429.08 501 9626 0.37 0.23 0.51 3.58E-04 

GO:0071840 cellular component organization or biogenesis 232.74 292 5146 0.35 0.2 0.5 0.05 

GO:0044238 primary metabolic process 432.98 500 9717 0.34 0.2 0.49 0.005 

GO:0071704 organic substance metabolic process 447.7 514 10044 0.34 0.2 0.49 0.006 

GO:0008152 metabolic process 476.23 536 10680 0.32 0.17 0.46 0.026 

Module S2, Size = 710 

GO term Description Expected 
count Count Size of 

term 
Log odds 

ratio 
CI 

lower 
CI 

upper FDR 

GO:0071312 cellular response to alkaloid 1.41 9 35 2.17 1.34 2.91 0.031 

GO:0044708 single-organism behavior 14.53 38 345 1.09 0.72 1.43 0.012 

GO:0007610 behavior 24.94 52 599 0.84 0.52 1.13 0.022 
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GO:0030001 metal ion transport 25.56 50 654 0.78 0.47 1.08 0.04 

GO:0048731 system development 144.05 194 3710 0.44 0.27 0.62 0.031 

GO:0048513 organ development 97.57 138 2601 0.45 0.25 0.64 0.039 

GO:0048856 anatomical structure development 168.95 219 4374 0.41 0.24 0.58 0.04 

GO:0044767 single-organism developmental process 196.48 248 5132 0.39 0.23 0.55 0.04 

GO:0032501 multicellular organismal process 232.17 285 6138 0.37 0.21 0.53 0.04 

Module S3, Size = 698 

GO term Description Expected 
count Count Size of 

term 
Log odds 

ratio 
CI 

lower 
CI 

upper FDR 

GO:0048546 digestive tract morphogenesis 1.81 10 52 1.92 1.17 2.58 0.016 

GO:0008589 regulation of smoothened signaling pathway 2 10 56 1.81 1.07 2.46 0.045 

GO:0048562 embryonic organ morphogenesis 8.82 25 259 1.15 0.7 1.55 0.005 

GO:0030155 regulation of cell adhesion 11.99 28 321 0.94 0.51 1.32 0.048 

GO:0007417 central nervous system development 30.11 60 794 0.78 0.49 1.06 0.003 

GO:0007420 brain development 22.8 47 606 0.8 0.48 1.11 0.007 

GO:0009887 organ morphogenesis 29.16 56 827 0.75 0.45 1.02 0.005 

GO:0007010 cytoskeleton organization 33.15 61 919 0.71 0.43 0.98 0.02 

GO:0007399 nervous system development 73.74 115 1944 0.57 0.35 0.77 0.005 

GO:0009653 anatomical structure morphogenesis 83.63 127 2303 0.54 0.33 0.73 0.005 

GO:0048731 system development 134.15 186 3710 0.47 0.29 0.64 0.003 

GO:0007275 multicellular organismal development 162.08 216 4514 0.44 0.27 0.61 0.005 

GO:0048856 anatomical structure development 157.62 207 4374 0.41 0.24 0.58 0.012 

GO:0044707 single-multicellular organism process 210.66 266 5912 0.4 0.24 0.56 0.005 

GO:0032502 developmental process 185.82 235 5190 0.38 0.21 0.54 0.022 

GO:0032501 multicellular organismal process 218.35 270 6138 0.37 0.21 0.53 0.016 

GO:0044767 single-organism developmental process 183.91 232 5132 0.37 0.2 0.54 0.03 

Module S4, Size = 644 

GO term Description Expected 
count Count Size of 

term 
Log odds 

ratio 
CI 

lower 
CI 

upper FDR 

GO:0045415 negative regulation of interleukin-8 
biosynthetic process 0.13 3 4 4.52 2.46 7.53 0.022 

GO:0051276 chromosome organization 25.47 50 796 0.77 0.46 1.05 0.029 

GO:0043412 macromolecule modification 95.47 146 2942 0.56 0.37 0.75 0.009 

GO:0044265 cellular macromolecule catabolic process 26.4 49 847 0.68 0.36 0.97 0.018 

GO:0006996 organelle organization 87.24 133 2698 0.55 0.35 0.74 0.023 

GO:0010629 negative regulation of gene expression 32.9 57 1041 0.62 0.33 0.9 0.017 

GO:0045944 positive regulation of transcription from RNA 
polymerase II promoter 24.55 44 768 0.65 0.32 0.96 0.039 

GO:0006464 cellular protein modification process 92.01 137 2830 0.52 0.32 0.71 0.026 

GO:0036211 protein modification process 92.01 137 2830 0.52 0.32 0.71 0.026 

GO:0044260 cellular macromolecule metabolic process 230.97 299 7297 0.48 0.32 0.64 5.19E-05 

GO:0010628 positive regulation of gene expression 38.08 63 1185 0.58 0.31 0.84 0.033 

GO:0051254 positive regulation of RNA metabolic process 37.41 62 1169 0.58 0.3 0.84 0.03 

GO:0009057 macromolecule catabolic process 34.16 58 1084 0.59 0.3 0.86 0.023 

GO:0045893 positive regulation of transcription, DNA-
templated 34.87 58 1085 0.58 0.3 0.85 0.047 

GO:0006357 regulation of transcription from RNA 
polymerase II promoter 45.43 73 1429 0.55 0.3 0.8 0.022 

GO:0043170 macromolecule metabolic process 256.15 322 8088 0.46 0.3 0.62 9.43E-05 

GO:0010467 gene expression 177.22 238 5665 0.46 0.29 0.63 5.19E-05 

GO:0044267 cellular protein metabolic process 118.76 167 3694 0.47 0.28 0.65 0.016 
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GO:0044238 primary metabolic process 308.02 371 9717 0.45 0.28 0.62 0.001 

GO:0060255 regulation of macromolecule metabolic process 149.95 204 4740 0.45 0.28 0.63 4.38E-04 

GO:0032268 regulation of cellular protein metabolic process 48.87 77 1527 0.53 0.28 0.77 0.035 

GO:0071840 cellular component organization or biogenesis 168.19 223 5146 0.44 0.27 0.61 0.018 

GO:0016070 RNA metabolic process 134.53 186 4326 0.45 0.27 0.62 9.43E-05 

GO:0006366 transcription from RNA polymerase II promoter 51.1 79 1620 0.51 0.26 0.75 0.026 

GO:0071704 organic substance metabolic process 318.61 378 10044 0.43 0.26 0.6 0.006 

GO:0090304 nucleic acid metabolic process 150.91 204 4863 0.43 0.26 0.6 1.16E-04 

GO:0016043 cellular component organization 165 216 5039 0.42 0.25 0.59 0.037 

GO:0008152 metabolic process 339.02 395 10680 0.41 0.24 0.59 0.013 

GO:0051252 regulation of RNA metabolic process 103.57 144 3276 0.43 0.23 0.62 0.01 

GO:0044237 cellular metabolic process 305.36 362 9626 0.4 0.23 0.57 0.009 

GO:0010468 regulation of gene expression 122.2 166 3873 0.42 0.23 0.6 0.009 

GO:0006355 regulation of transcription, DNA-templated 99.27 138 3139 0.42 0.23 0.62 0.016 

GO:2001141 regulation of RNA biosynthetic process 100.58 139 3185 0.42 0.22 0.61 0.016 

GO:0048523 negative regulation of cellular process 110.18 150 3409 0.41 0.22 0.6 0.018 

GO:2000112 regulation of cellular macromolecule 
biosynthetic process 108.61 148 3443 0.41 0.21 0.59 0.018 

GO:0010605 negative regulation of macromolecule 
metabolic process 52.36 78 1649 0.46 0.21 0.7 0.031 

GO:0010556 regulation of macromolecule biosynthetic 
process 112.01 151 3560 0.39 0.2 0.58 0.02 

GO:0080090 regulation of primary metabolic process 159.98 205 5015 0.37 0.2 0.55 0.022 

GO:0019222 regulation of metabolic process 182.24 229 5695 0.36 0.2 0.53 0.022 

GO:0048519 negative regulation of biological process 120.92 160 3737 0.38 0.19 0.56 0.023 

GO:0006351 transcription, DNA-templated 109.55 146 3487 0.37 0.18 0.56 0.022 

GO:0006139 nucleobase-containing compound metabolic 
process 185.06 230 5856 0.34 0.17 0.51 0.016 

GO:0031323 regulation of cellular metabolic process 163.99 206 5122 0.35 0.17 0.52 0.043 

GO:0006807 nitrogen compound metabolic process 210.88 256 6666 0.33 0.16 0.49 0.022 

GO:1901576 organic substance biosynthetic process 177.04 220 5649 0.33 0.16 0.5 0.022 

GO:0034641 cellular nitrogen compound metabolic process 198.04 242 6275 0.32 0.16 0.49 0.022 

GO:0009059 macromolecule biosynthetic process 146.44 186 4674 0.34 0.16 0.51 0.022 

GO:0046483 heterocycle metabolic process 190.67 234 6034 0.33 0.16 0.49 0.022 

GO:0032774 RNA biosynthetic process 112.84 147 3609 0.34 0.15 0.53 0.022 

GO:0006725 cellular aromatic compound metabolic process 190.96 233 6043 0.32 0.15 0.48 0.025 

GO:0009058 biosynthetic process 179.6 221 5733 0.32 0.15 0.49 0.029 

GO:0044249 cellular biosynthetic process 173.81 214 5551 0.31 0.14 0.48 0.037 

GO:1901360 organic cyclic compound metabolic process 197.81 239 6265 0.31 0.14 0.47 0.033 

GO:0034645 cellular macromolecule biosynthetic process 142.26 178 4547 0.31 0.13 0.49 0.047 

GO:0044271 cellular nitrogen compound biosynthetic 
process 127.31 160 4062 0.3 0.12 0.49 0.043 
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Table C3. Odds ratios for the overlap between Pearson and Spearman modules. Sigificantly overlaping 
values (p < 0.05) are shown in bold. 

Pe
ar

so
n 

M
od

ul
es

 1 0.04 1.5 1.92 0.74 

2 0.59 2.84 0.95 2.5 

3 2.35 0.62 0.38 1.99 

4 0.72 1.82 1.32 0.64 

 

  S1 S2 S3 S4 

	  

Spearman Modules 
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Table C4. Significantly correlated CORUM protein complexes 

CORUM 
ID CORUM description 

No. of 
genes in 
complex 

No. of 
genes 
analyzed 

Mean 
correlation p-value q-value 

1413 NCOR1 complex 10 8 0.43 1 × 10-4 0.04 

2446 ITGA9-ITGB1-FIGF complex 3 3 0.77 6 × 10-4 0.12 

5589 LINC complex, S-phase 7 6 0.42 0.001 0.16 

799 DMAP1-associated complex 10 8 0.32 0.002 0.16 

1179 CENP-A NAC-CAD complex 13 6 0.42 0.002 0.16 

657 
Retromer complex (SNX1, SNX2, VPS35, 
VPS29, VPS26A) 5 3 0.66 0.004 0.23 

570 p300-CBP-p270-SWI/SNF complex 7 6 0.36 0.01 0.26 

781 
URI complex (Unconventional prefoldin 
RPB5 Interactor) 9 6 0.35 0.01 0.26 

351 Spliceosome 143 69 0.04 0.01 0.28 

1332 Large Drosha complex 20 10 0.19 0.01 0.28 

955 LLGL2-PAR-6B-PRKCI complex 3 3 0.57 0.01 0.29 

974 EED-EZH2 complex 5 4 0.46 0.01 0.29 

162 Conserved oligomeric Golgi (COG) complex 8 4 0.45 0.01 0.29 

739 SIN3-ING1b complex II 16 11 0.17 0.01 0.29 

5544 CDC2-PCNA-CCNB1-GADD45A complex 4 3 0.53 0.01 0.29 

2356 ITGB3-ITGAV-CD47 complex 3 3 0.55 0.01 0.29 

5230 

CHUK-NFKB2-REL-IKBKG-SPAG9-
NFKB1-NFKBIE-COPB2-TNIP1-NFKBIA-
RELA-TNIP2 complex 12 7 0.24 0.01 0.29 

2355 ITGAV-ITGB3-CD47-FCER2 complex 4 3 0.55 0.01 0.29 

2815 
BRCA1-BARD1-BACH1-DNA damage 
complex II 8 4 0.41 0.02 0.29 

5614 Emerin complex 32 22 12 0.14 0.02 0.29 

1178 BCOR complex 8 4 0.41 0.02 0.29 

529 NuA4/Tip60 HAT complex 16 10 0.15 0.02 0.38 

302 INO80 chromatin remodeling complex 13 9 0.16 0.02 0.38 

3055 Nop56p-associated pre-rRNA complex 104 32 0.05 0.02 0.38 

1737 SF3b complex 8 5 0.28 0.03 0.38 

306 Ribosome, cytoplasmic 79 22 0.07 0.03 0.38 

1166 p400-associated complex 5 3 0.49 0.03 0.38 

1176 
CRM1-RAN-PHAX-CBC complex (cap 
binding complex) 5 4 0.33 0.03 0.38 

652 AP3-BLOC1 complex 15 5 0.26 0.03 0.38 

2191 
Ubiquitin E3 ligase (FBXO18, SKP1A, 
CUL1, RBX1) 4 3 0.46 0.03 0.38 

1052 
Ubiquitin E3 ligase (FBXW11, SKP1A, 
CUL1, RBX1) 4 3 0.45 0.03 0.38 

713 BRG1-SIN3A complex 14 11 0.13 0.03 0.38 

2858 HBO1 complex 7 6 0.22 0.03 0.38 

743 SIN3-SAP25 complex 10 8 0.16 0.03 0.38 

3082 DGCR8 multiprotein complex 11 6 0.2 0.04 0.39 

470 
TFTC complex (TATA-binding protein-free 
TAF-II-containing complex) 17 11 0.12 0.04 0.39 

2590 FOXO1-FHL2-SIRT1 complex 3 3 0.44 0.04 0.39 

3070 CTF18-cohesion-RFC-POLH complex 8 3 0.42 0.04 0.4 

3064 
RNA polymerase II complex, chromatin 
structure modifying 15 7 0.18 0.04 0.42 

1252 EBAFa complex 10 8 0.15 0.04 0.42 
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1227 H2AX complex II 10 3 0.39 0.04 0.42 

2850 ITGA5-ITGB1-FN-1-NOV complex 4 4 0.3 0.05 0.42 

2364 ITGAV-ITGB3-ADAM23 complex 3 3 0.43 0.05 0.43 

5593 LINC core complex 5 4 0.29 0.05 0.43 

 

 

Table C5. Can be found as supplementary table S5 in the online supplementary material at 
http://maths.nuigalway.ie/biocluster/wp-content/uploads/2016/01/Supplementary_tables.xlsx 
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