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Abstract

Codon usage bias is due to a combination of biased mutation and selection effects.
Isochore-related GC mutational bias has been shown to be the dominant cause of
tissue-specific codon bias in adult human tissues and limited evidence for translational
selection has been shown. This thesis is a comprehensive evaluation of the relative
contribution of selection and mutation to variation in codon usage among different
mouse embryonic tissues.

Through a detailed analysis of tissue-specific codon usage in relation to gene ex-
pression and gene location of mouse embryonic tissue-specific genes, I found that
translational selection is partially responsible for some differences in codon usage
among tissue-specific genes. This observation indicates profound impact of selection
favouring codon-anticodon adaptation. The characteristic GC biases of tissue-specific
gene sets are shown not to be caused by their clustering on the same isochore. Tissue-
specific genes are no more clustered on the genome than randomly selected genes.

In mouse, the usage of some G-ending codons decreases with increasing GC bias,
while all other G and C-ending codons increase. To understand this counterintu-
itive observation, we generate a continuous-time Markov chain model of GC-biased
synonymous substitution which explains qualitative usage patterns of all codons, in-
cluding non-linear and sometimes non-monotone codon usage in isoleucine, arginine
and leucine. This effect is universal, extending to mouse and human genes as well as
plant and prokaryotic genomes.

This work enriched our understanding of the codon-anticodon adaptation theory

and extended it to the level of tissue-specific genes. The result suggests the possibility
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of tissue-specific tRNA pools mediating tissue-specific codon-anticodon adaptation.
The methods developed in the thesis can be easily extended to characterize this

previously little explored facet of codon-anticodon adaptation.
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Résumé

Le biais d’usage des codons est dii & une combinaison de mutation biaisée et
d’effets de sélection. L’isochore lié au biais mutationnel GC a été démontré comme
étant la cause principale de biais des codons spécifiques aux tissus dans les tissus
humains adultes et peu de preuves d’appui pour la sélection de translation ont été
observées. Cette theése est une évaluation compréhensive de la contribution relative
de la sélection et de la mutation a la variation de I'usage des codons chez les différents
tissus de souris embryonnaires.

Grace a une analyse détaillée de 'usage des codons spécifiques aux tissus par rap-
port a l'expression des genes et a la localisation des genes embryonnaires spécifiques
aux tissus de la souris, j’ai trouvé que la sélection translationnelle est en partie respon-
sable pour certaines différences dans 1'usage des codons parmi les geénes spécifiques
aux tissus.

Cette observation montre I'impact significatif de la sélection favorisant I’adaptation
codon-anticodon. Les caractéristiques des biais GC des ensembles de genes spécifiques
aux tissus ne semblent pas étre causés par leur regroupement sur le méme isochore.
Les genes spécifiques aux tissus ne sont pas plus regroupés sur le génome que des
geénes choisis au hasard.

Chez la souris, 1'utilisation de certains codons se terminant en G diminue avec
I’augmentation des biais GC, alors que tous les autres codons se terminant en G et
en C augmentent. Pour comprendre cette observation paradoxale, nous générons un
modele de chaine de Markov a temps continu de la substitution synonyme des CG

biaisés qui explique les patrons d’utilisation qualitative de tous les codons, y compris

v



Pusage des codons non-linéaires et parfois non-monotones dans la isoleucine, la leucine
et I'arginine. Cet effet est universel, s’étendant aux genes de la souris et I’homme ainsi
qu’a ceux des plantes et des génomes procaryotes.

Ce travail a enrichi notre compréhension de la théorie d’adaptation codon-anticodon
et 'a étendue au niveau de genes spécifiques aux tissus. Les résultats suggerent la pos-
sibilité que les regroupements spécifiques aux tissus d’ARNt modeérent ’adaptation
des codon-anticodon spécifiques aux tissus. Les méthodes développées dans la thése
peuvent facilement étre amplifiées afin de caractériser cette facette jusque-la peu ex-

plorée de ’adaptation codon-anticodon.
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Chapter 1

Introduction

1.1 Codon bias

In the genetic code most amino acids are encoded by multiple codons, and the use of
synonymous codons with unequal frequencies is termed codon bias. Different species
exhibit different codon usage bias with the degree and type of bias varying among
species (Grantham et al., 1980, 1981; Moriyama & Hartl, 1993; Xia, 1996), among
genes of a single species’ genome (Gouy & Gautier, 1982; Ikemura, 1985; Sharp & Li,
1986) and even among sets of genes with tissue-specific expression in a single species’
genome (Vinogradov, 2003; Plotkin et al., 2004; Semon et al., 2006).

Codon usage bias has been attributed to tRNA-mediated selection to maximize
translational rate (Tkemura, 1981, 1982; Gouy & Gautier, 1982; Sharp et al., 1986;
Bulmer, 1991; Xia, 1998) and accuracy (Akashi, 1994; Stoletzki & Eyre-Walker, 2007)
as well as biased mutational effects (Muto & Osawa, 1987; Sueoka, 1988). These effects

are not mutually exclusive, and observed codon bias is a balance between selection



and mutational effects as reviewed by Hershberg & Petrov (2008).
This study focuses on determining the causes of codon bias between tissue-specific
sets of genes in M. musculus by testing for both selection and mutational effects and

investigating apparent anomalies in codon usage.

1.1.1 Codon bias due to tRNA-mediated selection

Translation rate depends on the coding sequence of a protein and the cellular environ-
ment in which the translation occurs. The time required for any given codon being
translated to receive a cognate tRNA is stochastic, though on average, codons cor-
responding to more abundant tRNA charged with an amino acid will be translated
more rapidly (Garel, 1974). Thus proteins that use codons corresponding to more
abundant charged tRNA species will generally be translated more quickly. There
have been claims that codons cognate to rare tRNA may be selected to reduce trans-
lation rates (Zhang et al., 1991; Saier, 1995; Lavner & Kotlar, 2005), however these
claims are poorly reasoned and have never received any substantial support (Bulmer,
1991).

Codon optimization for translational efficiency has been observed in many species
and is most visible in highly expressed and ubiquitously expressed genes. The degree
of translation-related codon bias tends to decrease as organismal complexity increases.
More complex organisms generally have reduced population size and reproduce more
slowly, subjecting genes to weaker selection effects (Subramanian, 2008). Strong
translation-related codon bias effects have been identified in unicellular organisms

such as prokaryotes (Ikemura, 1981; Gouy & Gautier, 1982) and yeast (Ikemura,



1982; Sharp et al., 1986) The effect has also been reported in simpler metazoans such
as C. elegans (Duret, 2000), D. melanogaster (Moriyama & Powell, 1997), but is
much weaker than that for unicellular organisms.

Just as codon bias may be selected to optimize for tRNA abundance, tRNA abun-
dance may be selected to adapt to codon bias. This mutual selection is called coadap-
tation and has been reported in yeast (Percudani et al., 1997) and C. elegans (Duret,
2000).

In vertebrates the existence of tRNA-mediated selection has been reported for
a number of organisms, though the effect is weak. tRNA-mediated selection has
been claimed for Xenopus laevis (Musto et al., 2001) by the identification of the
use of preferred codons in highly expressed genes. In Homo sapiens a weak positive
correlation has been claimed between gene expression levels for broadly and ubiqui-
tously expressed genes and cellular tRNA abundance as estimated from gene copy
numbers (Comeron, 2004; Lavner & Kotlar, 2005). Yang & Nielsen (2000) analyzed
several mammalian species and found that they could reject the null hypothesis of
codon usage bias solely due to mutation for most genes. Despite these results, claims
of tRNA-mediated selection in vertebrates are disputed due to the weakness of the
effect and the difficulty in distinguishing between selection and other confounding

effects such as biased gene conversion (Duret, 2002).

1.1.2 Codon bias due to GC mutational bias

GC mutational bias is a major influence on codon bias both in vertebrate (Bernardi

et al., 1985) and prokaryotic genomes (Muto & Osawa, 1987), resulting in a close



association between GC% at the third codon position, also called GC3 (Sueoka, 1988)
and GC-bias (as measured by GC% in prokaryotes or intergenic isochoric GC% in
mammals). GC3 is most strongly affected by mutational bias as most mutations
in this position are synonymous and will not affect the resulting coding sequence
(Comeron, 2004).

As a result of this, there is a common belief that use of synonymous A/T-ending
codons should decrease, and C/G-ending codons increase in frequency with increasing
GC mutational bias. Despite widespread use of GC3 as a measure of the effect of GC
mutational bias on coding sequences, an explicit model of the relationship between
GC mutational bias and codon bias does not appear to have been published. Closely
related work has been done; Knight et al. (2001) modelled codon and amino acid
usage as a function of GC mutational bias in prokaryotes and eukaryotes showing
that GC content drives codon and amino acid usage and provided a model of usage
by compositional class, but did not directly address codon bias. In the absence of
a null model for comparison, claims such as those of Kliman & Bernal (2005) that
deviation from expected correlations between codon usage and GC-bias is evidence
for selection are questionable. There is a clear relationship between the GC content
of coding sequences and gene expression in mammals; highly expressed genes tend
to be more common in GC rich isochores (Bernardi, 2000), thus genes with GC rich

coding sequences tend to be more highly expressed.

1.1.2.1 Isochores as a form of mutational bias

Vertebrate genomes contain isochores: large regions (up to megabases in length) with

relatively uniform GC content that can range from 30% to 60% in Mus musculus



(Cuny et al., 1981).

The GC3 of coding sequences is correlated to GC% of the isochore in which they
are contained, as are intronic, 5’ and 3’ UTR GC values (Bernardi, 2000). Though
individual isochores were initially believed to be of relatively uniform GC content
(Cuny et al., 1981), analysis of full genomic sequences showed that the identification of
a characteristic isochoric GC content can be problematic due to large local variations
within isochores (Nekrutenko & Li, 2000).

Isochores of low GC content are more abundant than those of high GC content.
The rarer GC rich regions contain the majority of genes while more common AT-rich
regions contain few genes (Bernardi, 2000).

In mammals there is a strong relationship between breadth of gene expression
and isochores; ubiquitously expressed so-called housekeeping genes are more likely to
reside in the higher-GC isochores, while tissue-specific genes are more likely to be
present in the lower GC range isochores (Vinogradov, 2003). Rodent genomes (M.
musculus and Rattus norvegicus) have the weakest isochoric structure and narrowest
GC range of the placental mammals (amniotes) for which full genomes are currently
available; the human genome, in contrast, has one of the strongest isochoric structures
and broadest GC ranges (Romiguier et al., 2010).

The mechanism behind the formation and maintenance of isochores has not been
conclusively determined: it is not clear to what degree they are due to mutational
or selection effects. It was initially hypothesized that isochores were due to regional
mutational biases in affected genomes (Bernardi, 1993). A later study showed a
general AT bias and no isochore specific mutational biases to more recent mutations

(Alvarez-Valin et al., 2002). Though there is a possibility that isochores may be due
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to a biased mutational effect that is not currently operating, it seems an unlikely
explanation given the ubiquity of ischores in mammalian genomes (Romiguier et al.,
2010).

Bernardi, who originally described isochores (Cuny et al., 1981), has proposed a
so-called “neo-selectionist” model for isochore formation and maintenance (Bernardi,
2007) based on a combination of selection and biased mutational effects. In this
model, regions of the genome stochastically accumulate AT-biased mutations, grad-
ually becoming GC poor. Once a lower GC threshold is passed, the chromatin in
that region will shift to a more closed conformation, inhibiting local gene expression.
The changed chromatin conformation can spread and affect adjoining regions (Tal-
bert & Henikoff, 2006) leading to inhibition of transcription in the affected regions.
This effect will cause harmful suppression of gene expression and will be selected
against, leading to conserved isochoric patterns in mammalian genomes. Bernardi
(2007) claims this model explains the formation and maintenance of isochores and
why isochoric GC ranges are more pronounced in mammals than in cold blooded ver-
tebrates; the higher mammalian body temperature raises the lower GC threshold at
which the deleterious chromatin effects occur, and raises the minimum GC for coding
regions leading to more extreme isochoric ranges. They do not, however, provide any
empirical evidence to support the claims of this model.

Biased gene conversion has been proposed as a mechanism to explain the forma-
tion and maintenance of isochores in mammalian genomes (Duret et al., 2006; Duret
& Galtier, 2009). Biased gene conversion, reviewed in Marais (2003), is a consequence
of the repair of double strand breaks by recombination where GC base pairs appear

to be favoured. In mammalian cells the DNA repair mechanism for mismatches is



GC-biased (Brown & Jiricny, 1988); if this mechanism is part of the repair process
during recombination, then the biased gene conversion resulting should itself be GC-
biased. Supporting this hypothesis, it has been shown that recombination rates in
the H. sapiens genome are positively correlated with GC content in the same region
(Fullerton et al., 2001). Duret & Arndt (2008) used the biased genome conversion
model to predict nucleotide substitution patterns in the H. sapiens genome and claim
that their results allow them to reject selectionist models of isochore evolution. This
study was limited to the human genome however, a recent study of 33 placental mam-
mal genomes showed that, using the biased gene conversion model, species’ genomic
size and body mass can be used to predict the isochoric properties of their genome
(Romiguier et al., 2010).

Isochores have, to date, not been definitively shown to be caused by mutation,
selection or some combination thereof. It is outside of the scope of this work to
determine the cause of this observed bias, though the balance of evidence seems
to support the model of biased gene conversion (Duret & Galtier, 2009). For the
purposes of this study we will treat this effect as mutational as the observed effect is
very similar to that which is seen with GC mutational bias, with strong correlations
between 5 and 3’ UTRs as well as GC3, introns and flanking non-coding sequences
(Bernardi, 2000).

Given the strong effect of isochoric bias on the content of codon sequence, it is
possible that it may have an influence on tissue-specific codon bias if tissue-specific
genes tend to be located on the same isochore or on isochores of characteristic GC

content.



1.2 Tissue-specific codon bias

Two hypotheses have been put forward to explain observed tissue-specific codon bias.

The mutation hypothesis (Semon et al., 2006) argues that the large regional GC
content variability (isochores) of vertebrate genomes affects the GC3 of the contained
genes’ coding regions. If genes specific to particular tissues tend to be from the same
isochore class, this will lead to the observed tissue-specific codon bias. It predicts a
correlation between the GC3 of coding sequences and the GC background content of
neighbouring non-coding regions.

The selectionist hypothesis (Plotkin et al., 2004; Dittmar et al., 2006; Kotlar
& Lavner, 2006) argues that codon usage in highly expressed tissue-specific genes
has evolved to increase translation rates by using tissue-specific tRNA pools. This
selection results in the observed differences in codon usage. This hypothesis predicts
that highly expressed genes will show a higher codon usage bias than those with low
expression levels. These more commonly used codons in the highly expressed genes
will correspond to the most abundant charged tRNA in the corresponding tissue
if they are subject to strong selection. The low expression genes, presumably less
subject to selection, should show less difference in codon usage.

In the analyses of Lavner and Kotlar (Lavner & Kotlar, 2005; Kotlar & Lavner,
2006), the copy numbers of tRNA genes are used as an estimate of the average relative
cellular abundance of tRNA in H. sapiens. This has been shown to be a reasonable
assumption for unicellular species (Ikemura, 1981; Gouy & Gautier, 1982) and yeast
(Ikemura, 1982; Sharp et al., 1986), and even simple multi-cellular eukaryotes such

as Caenorhabditis elegans (Duret, 2000) and Drosophila melanogaster (Moriyama &



Powell, 1997). In more complex eukaryotes such as mammals tRNA levels can vary
widely by tissue (Dittmar et al., 2006). Genomic tRNA gene counts may not therefore
provide a reliable estimate of abundance under all conditions. It is notable that even
with high tissue-specific variability of tRNA abundance in human, highly expressed
genes have been shown to preferentially use codons that correspond to tRNA with the
highest gene copy number in the genome (Comeron, 2004). Note that the analysis
of Comeron (2004) was not restricted to tissue-specific genes; the genes analyzed
were broadly or ubiquitously expressed. The results, therefore, describe the effect of
selection on tRNA abundance averaged across many tissues.

There have been relatively few published studies of tissue-specific codon usage in
mammals, and even fewer have analyzed differences in codon usage between tissue-
specific genes. An early paper on this topic by Urrutia & Hurst (2001) noted that
tissue-specific genes in H. sapiens showed weaker bias than ubiquitously expressed
genes, but did not analyze differences between tissue-specific genes. Vinogradov
(2003) demonstrated that the codon bias of tissue-specific genes in both M. mus-
culus and H. sapiens is largely attributable to their isochoric association, and that
tissue-specific genes tend to have a characteristic GC content for each tissue. This
effect was later noted again by Semon et al. (2006), and remains unexplained, though
it has been proposed that the isochoric association of tissue-specific genes may be a
mechanism for controlling expression of those genes (Vinogradov, 2003, 2005). This
would be consistent with tissue-specific co-adaptation of tRNA abundance and codon
bias.

One study claimed to have observed tissue-specific codon bias not attributable to

isochoric effects in H. sapiens (Plotkin et al., 2004). This result was convincingly
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refuted as being an artifact of their analysis method by Semon et al. (2006) who used
correspondence analysis to demonstrate that the majority of between-tissue codon
bias is attributable to tissue-specific GC-bias. While the results of Semon et al. (2006)
are credible, their analysis is a broad statistical description of all codons. Despite the
majority of bias being explicable by isochoric bias in their analysis, it is possible
that some codons may show differences in usage not correlated with isochoric bias
which may be due to selection or other as-yet unidentified effects. Additionally, their
analysis cannot distinguish between translational selection and mutational effects in
cases where the mutational bias corresponds to translational selection; for example
a G-ending codon experiencing translational selection in a tissue with a strong GC
mutational bias. Due to the much weaker isochoric structure in M. musculus the
relationship between the tissue specific bias and isochores may have differences from
H. sapiens.

More recently Waldman et al. (2010) used the tRNA Adaptation Index (tAl)
(Dos Reis et al., 2003) as an estimate of translation efficiency in H. sapiens and M.
musculus and found it to be correlated with both tissue-specific and global expression
levels, with high expression genes showing a high tAl This is evidence of selection for
translational efficiency. The effect in mouse was found to be weaker than in human; in

addition adult tissues were found to show higher correlation than embryonic tissues.

1.3 Research Motivation

This thesis explores the relationship between codon usage and tissue-specific gene

expression in M. musculus using genomic sequence and microarray data to test the
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mutation and selection hypotheses.

This thesis identifies whether there are significant codon usage differences between
tissue-specific gene sets, and whether those differences are attributable to selection
or mutation effects. The genomic proximity of tissue-specific genes is investigated to
determine to what extent it affects their GC-bias. Notable anomalies in codon usage
with respect to GC-bias, particularly for the AGG and TTG codons, are identified

and explained.

1.4 Overview of Subsequent Chapters

This chapter (Chapter 1) provides an overview of translation and mutation related
codon bias, its relationship to tissue-specific codon bias, and explains the motivation
for this study.

Chapter 2 is an analysis of between-tissue and between-lineage difference of codon
usage in M. musculus based on microarray expression data from embryonic tissues.

Chapter 3 is an exploration of isochores and tissue-specific genes, testing the
hypothesis that the characteristic GC3 observed in tissue-specific genes is due to
those genes tending to be in close proximity to each other and thus being subject to
similar isochoric GC-bias.

Chapter 4 provides an explanation of an apparent codon usage anomaly noted in
M. musculus tissue-specific genes. To explain these observations, a continuous-time
Markov chain model of GC-biased synonymous substitution is generated. This model
correctly predicts the qualitative usage patterns of all codons, including non-linear

codon usage in isoleucine, arginine and leucine. The model is shown to be applicable
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to M. musculus, H. sapiens prokaryotic and plant sequences.
Chapter 5 contains a general discussion of the results contained in this thesis and

some concluding remarks.
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Chapter 2

Testing for tissue-specific codon

usage

2.1 Abstract

In this chapter, significant differences in codon usage between sets of tissue-specific M.
musculus genes are demonstrated. These differences are shown to be between tissues
with genes having opposite isochoric GC mutational bias (GC rich versus AT rich)
and the type of difference is found to match the GC-biases. Mutational effects on
codon bias are distinguished from selection effects by splitting the genes into high and
low expression sets and re-analyzing each individually; high expression genes exhibit
significant differences in codon usage between tissues while low expression genes do
not. This is evidence for translational selection to match tissue-specific tRNA pools,
however in all cases codons showing differences between tissues correspond to the

GC-biases of the tissues.
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Tissue-specific genes clustered by major lineage groupings (mesoderm, external ec-
toderm and neuroectoderm) show significant differences between tissue-specific genes
as a whole as well as for high and low expression subsets; as the high expression
subset shows less difference than the low expression subset, there is no evidence for

translational selection to match lineage tissue-specific tRNA pools.

2.2 Introduction

The mutational hypothesis (Semon et al., 2006) predicts that tissue-specific codon
biases will be due to the GC mutational biases of the isochores in which the tissue-
specific genes are resident. The observed codon bias is predicted to be correlated with
the GC level of the host isochores as measured by GC3; in GC rich isochores G or C
ending codons will be favoured and in AT rich isochores A or T ending codons will
be favoured. Purely mutational bias will be unaffected by expression level and will
be similar for both high and low expression genes.

The selection hypothesis predicts that tissue-specific biases are due to selection
for translation efficiency and should be stronger for high expression genes than for
low expression genes due to selective pressures (Plotkin et al., 2004).

Codon biases which are correlated with the GC mutational bias of the host iso-
chores are suggestive of mutational effects but do not exclude the possibility that
they are due to selection which corresponds to mutational bias. If, however, there are
codon biases which are present in highly expressed genes and absent in low expression
genes, the observation supports the hypothesis of codon selection for transcriptional

efficiency.
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Codons which appear to be subject to selection for transcriptional efficiency as
described above may also be subject to matching mutational bias. The interaction
between translational selection of codon bias, isochoric mutational bias and selection
of tRNA specific pools may lead to the presence of tissue specific genes in certain
isochoric ranges, as previously described in human tissues (Semon et al., 2006; Vino-

gradov, 2003).

Interpretation
Codon'!  Isochore? tRNA -2 Mutation?® tRNA sel.’
Pe > P4 GC rich Pe > Py X X
Pe < Py X
AT rich Pec > Py X
Pe < Py
Pg < Pa GC rich Pe > Py X
Pe < Py X X
AT rich P¢g > Py
Pe < Py X

Table 2.1: Mutation and tRNA pool selection hypotheses predictions for NNR Codon
families

(MProportion of G and A ending codons (P and P4 respectively)

@Isochore type

®)Proportion of nucleotide in tRNA anticodon wobble position (mouse NNR codons
have only G and A)

Hypotheses in reference to the empirical evidence. X indicates that the observations
are consistent with the hypothesis.

4) Mutational hypothesis that codon usage will match host isochore bias.

(5) tRNA selection hypothesis that tRNA abundance will be selected to match codon
bias (and hence mutational bias).

Predictions of the mutational and tRNA abundance selection hypothesis are sum-
marized in Table 2.1, taking into account potential non-Watson-Crick wobble pairing

between the 3rd codon position and the first tRNA anticodon position. Consider a
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tissue with a tRNA pool having more wobble U than wobble C tRNA for codons from
an NNR family amino acid (2 codon families ending in A or G, e.g. phenylanyline
(TTR)).

This would favour the usage of A-ending codons for that amino acid in that
tissue. If the genes expressed in the tissue tend to be located in GC-rich regions with
GC-biased mutations, then selection to increase A-ending codons and mutation to
increase G-ending codons would work in opposition. If the genes expressed in this
tissue tend to be located in AT-rich regions, then selection and mutation are in the
same direction. This also implies a benefit for genes expressed in this tissue to be
located in AT-rich regions and a cost for genes expressed in this tissue to be located in
GC-regions. Analogous arguments can be made for codons from NNY family amino
acids (2 codon families ending in T or C, e.g. asparagine (GAY)) and NNN family
amino acids (those ending in A, C, G or T, e.g. proline (CCN)).

By this coadaptation mechanism, over time, tissue-specific tRNA pools would
favour tissue-specific genes present in AT-rich or GC-rich regions with the combina-
tion of mutation and selection effects leading to isochore related tissue-specific codon
usage. Thus, finding differential usage corresponding to isochoric bias is not against
the hypothesis of selection mediated by tissue-specific tRNA pools, and if observed,
provides some support for the existence of the above mechanism. Ideally, tissue spe-
cific tRNA abundance data would be used to test tRNA selection hypothesis as well,
but no such data is available for these tissues.

To test the mutational and selection hypotheses, tissue gene expression data are
required. StemBase (Sandie et al., 2009) is a source of curated data containing M.

musculus Affymetrix GeneChip microarray data from samples with a high proportion
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of stem cells, embryonic tissues and differentiation time series data. By using data
from a single source it is hoped that lab specific variability will be reduced (Irizarry,
et al., 2005). Though StemBase contains multiple chip types, the gene expression
data used in the analysis is based solely on data from the Mouse Expression Set
430 (MOE430) GeneChip consisting of a matched pair of chips, MOE430A and B.
Using data from only one chip set avoids complications associated with combining
expression values across chip types (Hwang et al., 2004).

Gene expression microarrays provide measurements of the concentration of poly-
adenylated mRNA in samples. These do not directly describe protein translation
rates or transcription levels due to the complexity of post-transcriptional regulatory
mechanisms. GeneChip expression values may be considered as a proxy for protein
expression levels in the absence of direct protein translation rate data. It has been
estimated that a maximum of 40% of protein expression variation in mammalian cells
is described by mRNA expression measurements with more highly expressed genes
showing a better correlation between mRNA and protein abundance (Tian et al.,
2004). As we are primarily concerned with the presence or absence of a given gene
transcript, and whether it is of high or low expression, microarray data should be
sufficiently accurate for the purposes of this analysis.

Ideally, tissue-specific analyses would use cell type specific gene expression data.
In practice, however, it is usually impractical to extract and hybridize data from
only a single cell type. Though some samples in StemBase are highly enriched in
a single cell type (e.g. haematopoietic stem cells) most sample hybridizations were
performed on the heterogenous cell populations which make up M. musculus tissues.

Mammalian brain tissue, for example, consists primarily of neural and glial cells,
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but also contains a small percentage of other cell types such as leukocytes and the
endothelial cells of blood vessels. A microarray hybridization of mRNA extracted
from such a tissue sample is therefore a measure of expression from an heterogenous
populations of cell types, though is usually dominated by cells of a single or small set
of lineage-related types.

Despite the limitations of microarray data in measuring protein expression levels
and capturing cell type specific data, a number of tissue-specific gene expression
analyses have been performed based on tissue samples hybridized to microarrays
similar to those used in this study (Vinogradov, 2003; Lavner & Kotlar, 2005; Semon
et al., 2006).

In this chapter we first determine whether differences in tissue-specific codon us-
age can be detected in our M. musculus data. The specific tissues and codons which
exhibit differences are then examined in more detail. To distinguish between selection
and mutational bias effects we split the tissue-specific data into high and low expres-
sion genes based on microarray expression data and determine whether it is possible
to identify significant codon usage differences within each set.

The tissues being analyzed have developmental lineage relationships. If tRNAs
show tissue-specific differences in abundance, it may also be the case that there are
tRNA pools common to developmentally related tissues. To test for this, we group
the experimentally determined tissue-specific genes by major lineage group (exter-
nal ectoderm, mesoderm and neuroectoderm, see Figure 2.1 for hierarchic lineage
relationships) and determine whether there are significant differences in codon usage
between these.

The analysis shows significant differences in codon usage between tissue-specific M.

18



Blastocyst

ES cells

Embryoid body (0-12 hr)

Embryoid body (5d)

v

Mesoderm

i Bone marrow i
1 Mast cells t

! Hematopoeitic stem cells k
! Myospheres '

Neuroectodern
[
r Brain embryonic stratia
i Connective tissue t

Figure 2.1: Lineage relationship of tissue samples used in analysis. Arrows in-
dicate parent-child tissue relationship, boxes indicate major tissue class groupings
(mesoderm, ectoderm, external ectoderm, neuroectoderm), nesting of boxes indicates
parent-child relationship of lineage.

musculus gene sets, with these differences being between tissues with genes having op-
posite isochoric mutational bias. Though there is evidence for translational selection,

in all cases this selection also matches the isochoric mutational bias. Tissue-specific

genes grouped by lineage show significant differences in codon usage between lineages,
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with most of these differences matching isochoric bias between gene sets. There is no

evidence for translational selection by lineage.

2.3 Materials and Methods

2.3.1 Computing environments and data sources

The Ensembl (Hubbard et al., 2009) M. musculus genome version 52 based on the
NCBI m37 assembly was used as the source of genomic sequences and annotation
accessed via the Ensembl Perl API (Stabenau et al., 2004). Nucleotide and peptide
sequences and genomic location of all introns and coding sequences for each of the
22,754 known protein-coding genes in Ensembl were extracted. The transcript with
the longest coding sequence for each gene was selected when more than one splice
variant was documented to maximize the number of codons available for analysis.
Ideally the most frequently used splice variant would be selected but this informa-
tion is not available. Nucleotide composition for background coding sequence was
estimated by extracting sequence 5000 bases up and downstream from the start and
end of the gene respectively. The start of the gene is defined as the beginning of the
longest 5° UTR and the end of the gene is defined as the end of the longest 3° UTR
associated with that gene. Other known gene exons identified within the background
sequences were removed, truncating the sequence. The minimum sequence length
used to calculate background resulting from this method is 2452 nucleotides. Codon
usage, GC3 (GC content for the third codon position) intronic GC, GCg (GC content

for the entire CDS) was calculated for each gene.
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Manipulation of data and statistical calculations were performed in the R language
Version 2.10.0 (R Development Core Team, 2010) using the Bioconductor library
(Gentleman et al., 2004), and Perl using the Bioperl library version 1.5.1 (Stajich

et al., 2002).

2.3.2 Codon Usage Measures

In this study, two types of codon usage measures are used: direct counts of codons
usage and Relative Synonymous Codon Usage (RSCU). RSCU is a measure of non-
uniform usage of synonymous codons (Sharp et al., 1986).

The RSCU value for the i codon of an amino acid with n codons is the ratio
of observed codon count z; to the expected codon count assuming no bias. More

formally:

(2.1)

The codons AUG and UGG corresponding to methionine and tryptophan respec-
tively are excluded from this analysis as both amino acids have only one codon, thus

their RSCU value will always be 1.

2.3.3 Tissues

The full set of samples in the StemBase database was reviewed and grouped based
on tissue annotations. The samples were then organized into a developmental hierar-

chy based on the known embryonic developmental patterns in M. musculus (Gilbert,
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2003); the developmental relationship between the samples used are shown in Figure
2.1. StemBase contains samples based on a variety of M. musculus embryonic stem
cell lines; R1, J1 and V6.5 originally developed by the Jaenisch Laboratory at the
Massachusetts Institute of Technology. These cell lines are commonly used for cultur-
ing ES derived tissues; they are biologically equivalent but genetically distinct as they
are derived from different mouse strains. Though they can have differing expression
levels for a given tissue or developmental stage it is expected that patterns of gene

expression will be substantially similar for similar tissues (Sene et al., 2007).

2.3.3.1 Originating tissues

Blastocyst (BCYST) is the originating tissue, an early developmental structure of
mammals which consists of an inner cell mass and an outer layer called the trophoblast
which will form the placenta (Gilbert, 2003). The inner cell mass develops to form
the embryo.

ES cells (ES2d) are extracted from the inner cell mass of the blastocyst in early
development. When these ES cells are cultured they form aggregations of cells called
embryoid bodies which are an n wvitro model for embryo development (Kurosawa,
2007). There are two embryoid body tissue samples in the analyzed data, one at
two days development (ES2d) and one at five days development (EB5d). Later in
development, these embryonic cells differentiate into mesodermal, ectodermal and
endodermal tissues. StemBase contains no endodermal tissues and is limited to orig-

inating tissues, ectodermal and mesodermal samples.
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2.3.3.2 Mesoderm

The middle cell layer of the early embryo is the mesoderm which differentiates into
tissues such as muscle, bone marrow and connective tissue. The bone marrow (BM)
cells used in this analysis are highly enriched in stem cells. Mast cells are part of the
immune system and found in various tissues. The mast cells in this analysis (MAST)
are derived from bone marrow. Sorted from bone marrow, the population of cells in
sample (SBM) is highly enriched in haematopoeitic stem cells. Connective tissue is
collagen-rich fibrous tissue; the sample used in this analysis was extracted from day
15 embryos (ECT). Fibroblasts are the most common cells of connective tissue in
animals, the fibroblasts in the samples used in this analysis (EFB) were grown in cell

culture.

2.3.3.3 Ectoderm

The ectoderm is the outer layer of the early embryo which differentiates to tissues
including the nervous system and the epidermis. The dermal (EDT) adipose (EAT)
and brain embryonic tissues (BEelds) were derived by extracting stem cells from
skin, fat and brain stratia from 14 day old embryos and growing the cells in tissue
culture. The mammosphere tissue (MMS) consists of mammary glands extracted
from 5-8 week old mice and grown in culture. Tissue from the ganglionic eminence
(GEE13.5), a transient structure of the mammalian fetal brain (Ulfig, 2002), was
extracted from 13.5 day old embryos and cultured into neurospheres.

The tissues described can be divided into two subdivisions of the ectoderm (Gilbert,

2003). Brain embryonic and ganglionic eminence tissue are part of the neuroectoderm.
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Dermal, adipose and mammosphere tissues are part of the external ectoderm.

ID Description Sample ID Genes
BCYST* Blastocyst 164,165,166, 7
167,169,219,220
BEel4S Brain embryonic [E14] stratia 198 41
BM Bone Marrow 294,295 36
EAT Embryonic adipose tissue 199 22
EB5d Embryoid body (5 days) 127 100
EBESv6.5* Embryoid bodies and ES cells 153,154,155 15
ECT Embryonic connective tissue 180 48
EDT Embronic dermis tissue 200 23
EFB Embryonic fibroblasts 286 52
ES2d Embryonic stem cells (2 days) 128 41
GEE13.5 Ganglionic eminence E13.5 271 235
MAST Mast cells 236,237 107
MMS Mammospheres 255 173
MYS* Myospheres 205 9
SBM Hematopoietic stem cells (sorted) 233 96

Table 2.2: Details of tissue samples used in analysis

2.3.4 Microarray Analysis

M. musculus expression data sets were selected from the StemBase database (Sandie
et al., 2009) and grouped into sets of tissues of relatively homogeneous cell type. All
samples used (as identified by the StemBase Stem Cell Genomics Project Identifier or
SCGP ID) consist of 3 biological replicates and were hybridized to both the MOE430A
and MOE430B Affymetrix GeneChips, collectively referred to as the MOE430 chipset.
The MOE430A design is based on genes that were well annotated in 2002 when the

chipset was designed, while the MOE430B chip design is based on less reliable EST

cluster gene predictions (Affymetrix, 2003).
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Affymetrix gene chips use probesets to detect mRNA transcripts. For each target
transcript there are multiple probes on the chip designed to hybridize with a portion
of that transcript called Perfect Match (PM) probes. Each PM probe is paired with
a Mismatch (MM) probe identical to the PM probe except for a single nucleotide.
The MM probes are intended to detect background and non-specific hybridization. A
probeset is the set of all PM and MM probes associated with a given target transcript.
The optical intensity of each probe is proportional to the degree of hybridization, and
these values are measured and used to calculate an estimated gene expression level.

For samples in time series, data from a point prior to the onset of differentiation
(12h in the context of these data) were used to avoid complicating the analysis with
gene expression values from samples containing multiple cell types. Genetically al-
tered and cancer cell samples were excluded from the analysis due to the possibility
of abnormal gene expression levels. Data for a total of 15 tissue types were extracted
consisting of 25 sample of 3 replicates having 2 chips each, for a total of 150. Table
2.2 lists StemBase experiment identifiers, sample identifiers and descriptions for the
tissue samples used in the analysis.

Gene expression values and present/absent calls were generated using the Affy-
metrix MAS5 gene expression calculation method (Affymetrix, 2001). For each probe-
set, MASbH generates both a p-value to determine with what reliability a target tran-
script has been detected and an expression level for that transcript. The detection
p-value is calculated based on the intensity differences of the PM and MM probes, and
the expression level is calculated based on the weighted mean of the PM intensities
with the MM intensities used to correct the PM values for non-specific hybridization

and background.
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MASS5 normalization was applied to the selected chips with the default parameters
of a; = 0.04, ap = 0.06, 7 = 0.015. The alpha terms indicate p-values for probeset
detection of the target mRNA: Present if p-value < «ay, Marginal if oy < p-value < ay
and Absent if p-value > aw). T is a constant used in the Wilcoxon Signed Rank Test
of probe pairs.

For each gene, Affymetrix probeset to gene mappings were determined using En-
sembl provided annotations which directly map the individual probe sequences to
the genome. The MOE430 chipsets used for this analysis were designed before a
completed M. musculus genome was available and the reference genome information
has changed considerably from that used to the design the chips; as a result, probes
often do not map uniquely to coding sequences even when designed to do so. As the
Affymetrix provided probeset to gene mappings can be inconsistent (Perez-Iratxeta
& Andradé, 2005), mapping based on Ensembl annotations was chosen as more reli-
able. In this analysis, a probeset is considered to represent a given gene if all 11 PM
probes of the probeset map to that gene and no probes map to any other genes of
the genome. This is a stringent criterion which limits the usable probesets, however
it reduces noise in the per-probeset signal due to cross hybridization between genes,
providing higher quality, more precise expression values (Harrison et al., 2007). For
each tissue type, expression values for each probeset were calculated and averaged for
all samples and replicates, and the Affymetrix MAS5 Present call percentage for all
replicates was calculated.

Genes were identified as being expressed in a given tissue if a probeset associated
with a gene was called as Present by MAS5 in at least two out of three replicates

for a given tissue. In the case of multiple probesets mapping to a single gene, any
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probeset fulfilling the above criteria is sufficient to identify the gene as expressed in
that tissue. Both Marginal and Absent MASS calls are treated as Absent for the
purposes of this analysis. Genes are identified as tissue-specific if they are expressed
in that tissue but not in any other tissue analyzed.

For each set of tissue-specific genes, codon counts and RSCU were calculated.
Genes with representative transcripts containing less than 100 total codons were ex-
cluded from the analysis as short genes will have limited numbers of codons and the
resultant RSCU values will be highly variable due to low codon counts. Tissues with
20 or fewer tissue-specific genes (BCYST, EBESv6.5, MYS) were excluded from this
analysis as little selection pressure for biased codon usage in a tissue with so few
uniquely expressed genes. As a result of this filtering 12 tissues remain containing a
total of 974 tissue-specific genes.

Tissue-specific genes were grouped by developmental lineage into the main de-
velopmental lineage groupings (see Figure 2.1 for tissue / lineage relationships) of
mesoderm (MD), external ectoderm (EED) and neuroectoderm (NED) to determine
whether there are significant differences in lineage-specific gene expression.

Based on the gene expression levels for the tissue-specific genes, the data set used
in the ANOVA analyses is divided into quartiles, those in the top 25% considered
to be high expression and those in the bottom 25% considered to be low expression.
This provides a data set which may be used to determine whether observed effects
are due to selection. We expect high expression genes to be subject to higher levels of
selection than low expression genes; they should therefore exhibit higher codon usage
bias.

Multivariate statistical tests were performed to test the null hypothesis of no
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difference in codon usage among the tissues and developmental groups of interest
from the various data sets described above. The sum of RSCU values for any n codon
amino acid will always add up to n; thus any given codon RSCU value may be derived
from the n — 1 others. To allow multivariate test such as MANOVA, variables must
be independent so one codon was removed from each amino acid (NNT in NNY and
NNN codon families and NNG in NNR families, TTG, AGG and TCG from leucine,
arginine and serine respectively). In addition ATG and TGG were removed; as these
are the only codons for methionine and tryptophan respectively, their RSCU value is
unchanging. The resulting matrix of 41 codons with their RSCU values as variables
and tissues or developmental groups as class variables are subject to a multivariate
analysis of variance (MANOVA) using the R manova function (R Development Core
Team, 2010). For this MANOVA analysis, tissue type is the independent variable and
the the set of 41 codons above are the dependent variables.

MANOVA analyses identify whether independent variables have significant influ-
ence on dependent variables; in this case, tissues and codon RSCU values respectively.
Three multivariate test statistics are be used to determine if there are significant dif-
ferences in linear combinations of codons RSCU values between the different tissue
types. Wilks’ Lambda, Pillai’s trace and the Lawley-Hotelling trace test statistics are
applied to determine whether there are differences in average values and correlations
among dependent variables between levels of independent variables. In the majority
of cases these test statistics give similar results; Wilks’ lambda is the most commonly
used, while Pillai’s trace is the most robust (Handy, 2004).

To identify which tissues have codon usage different from others and which codons

exhibit tissue-specific or lineage specific codon usage differences we will use one way

28



ANOVA with Honest Significant Difference (HSD) as implemented in the R aov and
Tukey-HSD functions respectively (R Development Core Team, 2010). HSD is used
to control for Type 1 experiment-wise error rate, which we set at 0.05 for multiple
comparisons in our analysis. ANOVA does not have the restrictions of MANOVA
as to correlated variables; each codon is tested individually. We therefore perform
the ANOVA analysis on a data set with only ATG, TGG and stop codons removed,
with RSCU values as variables and 12 tissues as class variables. For this ANOVA
analysis, tissue type is the independent variable and the codon RSCU value for the
tissue-specific genes is the dependent variable, with the test applied sequentially to

each codon.

2.4 Results and Discussion

2.4.1 Tissue-specific GC3, intronic GC and background GC

GC3, intronic GC and background GC are properties of genes which can give some
insight into mutational or selection effects on those genes. Previous analyses of H.
sapiens tissues have shown there can be significant differences in GC3 between tissue-
specific gene sets (Semon et al., 2006; Vinogradov, 2003), though this phenomenon is
unexplained. The observation of significant differences in GC3 between tissue-specific
gene sets in the absence of significant differences in background and intronic GC is
suggestive of translational selection acting on the coding sequences.

In the M. musculus data of this analysis, tissue-specific GC3 differs between tis-

sues, with a broad distribution and large overlaps in values for all tissues (Table 2.3,
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Mean Mean Mean
tissue GC3  background GC intronic GC

EFB 0.562 0.448 0.435
ES2d 0.587 0.450 0.313
BM 0.605 0.460 0.470
SBM 0.611 0.458 0.427
EB5d 0.618 0.455 0.441
EAT 0.619 0.459 0.466
ECT 0.622 0.464 0.432
MMS 0.622 0.462 0.418
MAST 0.623 0.456 0.376
GEE13.5 0.624 0.461 0.406
BEel4S  0.638 0.448 0.451
EDT 0.650 0.455 0.261

Table 2.3: Mean values of GC3, background and intronic GC for M. musculus tissue-
specific genes
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Figure 2.2: Boxplot of tissue-specific GC3. The tissues are ordered by increasing
mean GC3, the box is the 15t to 3™ quartile, the line is the median, the whiskers are
1.5 times the inter-quartile range, and the circles are any outlier data points which
lie beyond.
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Figure 2.2). The means for tissues are significantly different from each other; ANOVA
of the tissue GC3 values shows that we can reject at the 5% level the null hypothesis
that the GC3 means for all tissues are equal with a p-value of 0.0352.

There are two pairs of tissues with significant differences between gene GC3 values
(Table 2.4): MMS — EFB and GGE13.5 — EFB. EFB is the tissue with the lowest
mean GC3 value, while MMS and GEE13.5 both have relatively high mean GC3

values (Table 2.3).

Tissues™® Diff @ Lower® Upper(4) Padj ®)
MMS-EFB 0.06 0.00 0.12 0.03
GEE13.5-EFB 0.06 0.01 0.12 0.01

Table 2.4: Tissues with significant GC3 differences (p < 0.05)

(DThe tissues being compared, the first one having the highest GC3 value

(2)(Tissue 1) - (Tissue 2) GC3 values

3).(MLower and upper bounds for the 95% confidence interval

®YHSD adjusted p-value

These descriptions apply to all subsequent ANOVA tables but are omitted for brevity.

There is a relationship between tissue-specific gene GC3, intronic GC and back-
ground GC (see Figure 2.3, Table 2.5). A linear fit of background GC to GC3 has
a slope of 0.233 with R? = (.388 while intronic GC (excluding the 31 tissue-specific
genes without an intron) has a slope of 0.399 with R? = 0.537. Not all genes have
introns and the linear fit for intronic GC to GC3 was determined using the subset of
genes which do have them (see the ANOVA degrees of freedom column in Table 2.5).

Despite the correlation between GC3, intronic and background GC and the fact
that some tissues have significant GC3 differences, intronic and background GC do

not show significant differences between tissues; an ANOVA test of background and
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Figure 2.3: Relationship of intron and background GC to GC3 for tissue-specific
genes. Lines indicate linear fits to each data set.

Linear model ANOVA

slope () R? @ p—_value® F& dF®)
intronic GC 0.399 0.537 < 2.2x1071% 1091.5 941
background GC 0.233 0.388 < 2.2x1071¢ 61694 972

Table 2.5: Correlation of intronic and background GC with GC3
Wslope of the linear model

()square of the linear model correlation coefficient

G)ANOVA p — value

WANOVA F ratio

4 ANOVA degrees of freedom

intronic GC show no significant differences between tissue distributions (p-values of
0.487 and 0.417 respectively).

This result differs from prior analysis of H. sapiens which found significant dif-
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ferences in intronic GC content between tissue specific genes (Semon et al., 2006).
This difference may be due to the narrower isochoric GC range of the M. musculus
genome and the proportionately narrower range of GC3 and associated intronic and
background GC (Romiguier et al., 2010), or differences in the tissues analyzed; Semon
et al. (2006) used mostly mature tissues, with the exception of placenta.

In this analysis, GC3, a property of coding sequences, shows significant variation
between some tissues. Intronic GC and background GC, properties of non-coding
sequences do not show significant variation. These observations are suggestive of
translational selection effects. This raises the question of whether there are significant
differences in codon usage between tissues. If the codon usage differences correspond
to the GC3 differences between tissues, this is supportive of the hypothesis that tissues

specific codon usage is caused by isochoric bias.

2.4.2 Tests of tissue-specific codon bias

There are significant differences in tissue-specific codon usage for some tissues and
codons. We can reject the null hypothesis of no difference in codon usage among
tissues with the MANOVA test giving a significant result (p < 0.05) for all three test

statistics (Table 2.6).

Value F DF, numerator DF, denominator p- value

Wilks’ Lambda 0.5584 1.23 451 9845 (.00084

Pillai’s Trace 0.5626 1.23 451 10252 0.00097
Hotelling-Lawley Trace 0.6039 1.23 451 10122 0.00072

Table 2.6: MANOVA tests of null hypothesis of no difference in codon usage among
tissues for all tissue-specific genes
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The ANOVA with HSD test identifies those codons with significant usage differ-

ences between specific pairs of tissues (Table 2.7).

Tissues GC3m™M GC3r.®® AA® Codon Diff Lower Upper pag
BEel4S-EFB 0.638 0562 GIn CAG 0.237 0.021 0.452 0.017
EB5d-EFB 0.618 0.562 GIn CAG 0.186 0.010 0.362 0.028
EFB-BEel4S 0.562 0.638 GIn CAA 0.237 0.021 0.452 0.017
EFB-BEel4S 0.562 0.638 Pro CCT 0.360 0.031 0.689 0.018
EFB-EB5d 0.562 0.618 Gln CAA 0.186 0.010 0.362 0.028
EFB-EB5d 0.562 0.618 Ala GCA 0.244 0.003 0.485 0.044
EFB-EB5d 0.562 0.618 Gly GGA 0291 0.007 0.576 0.039
EFB-ECT 0.562 0.622 Ala GCA 0.284 0.002 0.566 0.046

EFB-GEE13.5 0.562 0.624 Lys AAA 0.175 0.004 0.345 0.039
EFB-GEE13.5 0.562 0.624 Gln CAA 0.205 0.047 0.363 0.001
EFB-GEE13.5 0.562 0.624 Ala GCA 0219 0.004 0.435 0.042
EFB-GEE13.5 0.562 0624 Gly GGA 0.282 0.027 0.537 0.016

EFB-MAST 0.562 0.623 Ala GCA 0.263 0.025 0.501 0.016
EFB-MAST 0.562 0.623 Gly GGA 0.294 0.013 0.575 0.031
EFB-MMS 0.562 0.622 Lys AAA 0.176 0.001 0.352 0.048
EFB-MMS 0.562 0.622 Ala GCA 0312 0.089 0.534 0.000
EFB-MMS 0.562 0622 Gly GGA 0.290 0.027 0.553 0.016
ES2d-GEE13.5 0.587 0.624 Arg CGT 0.245 0.020 0.471 0.020
ES2d-MMS 0.587 0.622 Asn AAT 0.212 0.008 0.416 0.033
ES2d-MMS 0.587 0.622 Arg CGT 0.251 0.019 0.483 0.021
ES2d-MMS 0.587 0.622 Ala GCA 0.293 0.048 0.537 0.005
ES2d-SBM 0.587 0.611 Arg CGT 0.273 0.024 0.522 0.018

GEE13.5-EFB 0.624 0.562 Lys AAG 0.175 0.004 0.345 0.039
GEE13.5-EFB 0.624 0.562 Gln CAG 0.205 0.047 0.363 0.001
GEE13.5-EFB 0.624 0.562 Pro CCC 0.284 0.017 0.551 0.026
GEE13.5-EFB 0.624 0.562 Val GTG 0.320 0.018 0.622 0.027
MAST-BEel14S 0.623 0.638 Pro CCT 0.297 0.008 0.586 0.037

MAST-EFB 0.623 0.562 Ala GCC 0.281 0.002 0.561 0.047
MAST-EFB 0.623 0.562 Gly GGG 0.218 0.000 0.436 0.049
MMS-EFB 0.622 0.562 Lys AAG 0.176 0.001 0.352 0.048

LContinued on next page
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Continued from previous page

Tissues GC3r (Y GC37,® AA® Codon Diff Lower Upper Dadj
MMS-EFB 0.622 0.562 Ala GCC 0.304 0.042 0.565 0.008
MMS-EFB 0.622 0.562 Gly GGG 0.227 0.023 0.431 0.015
MMS-ES2d 0.622 0.587 Asn AAC 0.212 0.008 0.416 0.033
MMS-ES2d 0.622 0.5687 Ala GCC 0.312 0.024 0.599 0.020
SBM-BEel14S 0.611 0.638 Pro CCT 0.335 0.041 0.628 0.011

Table 2.7: Codons whose RSCU values differ significantly between tissues (p < 0.05).
(1) Average GC3 of the first listed tissue

(2) Average GC3 of the second listed tissue

(3) Amino acid of the codon

These annotations apply to subsequent ANOVA tables but are omitted for brevity.

There are seven codon families (Ala, Arg, Asn, Gln, Gly, Lys, Pro, Val) corre-
sponding to 14 distinct codons (AAA, AAC, AAG, AAT, CAA, CAG, CCC, CCT,
CGT, GCA, GCC, GGA, GGG, GTG) with significant difference between 9 different
tissues (BEel5S, EB5d, ECT, EFB, ES2d, GEE13.5, MAST, MMS, SBM).

The two pairs of tissue-specific genes with significant differences between GC3
values identified in section 2.4.1 (MMS - EFB and GGE13.5 - EFB) account for 14
of the 35 tissue-pair/gene found sets in Table 2.7. The fact that tissue pairs found
to have significant differences in GC3 are represented so disproportionately in the
significantly different codon sets is suggestive that the codon differences may be due
to GC-bias.

If the codons which show significant differences in usage between tissues (Table
2.7) are considered in conjunction with the average GC3 of the corresponding tissues
(Figure 2.2, Table 2.3) a clear pattern emerges. In a tissue pair, where a G or C
ending codon is found to be significantly more highly used in one tissue, that tissue

also has a higher average GC3. The opposite is also true, where an A or T ending
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codon is found to be significantly higher in one tissue, that tissue has a lower average
GC3.

This result is supportive of the mutational hypothesis in that codons used prefer-
entially in tissue-specific genes correspond to the GC mutational bias to which those
genes are subject. It is also consistent with the analysis of H. sapiens tissue specific
genes by Semon et al. (2006). This is notable as M. musculus isochoric GC-bias is
much weaker than that of H. sapiens.

These results, though supportive of the mutational hypothesis, are not incompat-
ible with the selection hypothesis if the tissue-specific tRNA pools to which the genes
are adapted correspond to the GC mutational bias as discussed in the introduction.
For example EFB and ES2d tissues may have abundant tRNA that efhiciently trans-
late G and C-ending codons, whereas EDT, BEelds and MAST tissues have abundant
tRNA that efficiently translate A and T-ending codons.

It is possible to test for selection by incorporating gene expression information into
the analysis. If the observed bias is the result of selection for translational efficiency
based on tissue-specific tRNA pools, we may expect the tissue-specific differences
to be stronger for highly expressed genes as they are more subject to selection and
weaker or non-existent for low expression genes.

To test for selection, we divided the 974 tissue-specific genes into quartiles based
on expression levels, assigning the highest 25% to the high expression category and
the lowest 25% to the low expression category. MANOVA analyses were performed
separately on the RSCU values of both the high expression and low expression gene
sets to test the null hypothesis of no difference in codon usage among tissues.

Only the tests of the high expression genes allow us to reject the null hypothesis
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Statistical test Value F DF,umerator DFaenominator p-value

Wilks” Lambda 0.0831 1.21 451 2079 0.00330
Pillai’s Trace 2.1390 1.19 451 2222 0.00745
Hotelling-Lawley Trace 2.9446 1.24 451 2092 0.00121

Table 2.8: MANOVA tests of null hypothesis of no difference in codon usage among
tissues for high expression genes

Value F DF, numerator DF, denominator P value

Wilks” Lambda 0.1026 1.10 451 2079 0.09232
Pillai’s Trace 2.0008 1.10 451 2222 0.10100
Hotelling-Lawley Trace 2.6206 1.11 451 2092 0.08216

Table 2.9: MANOVA tests of null hypothesis of no difference in codon usage among
tissues for low expression genes

of no differences in codon usage among tissues (Table 2.8), while the low expression
genes show no significant differences in codon usage among tissues (Table 2.9) at the
5% level. This result is supportive of the selection hypothesis as highly expressed
genes will be subject to selection pressures to increase translation rates which may
lead to codon biases.

ANOVA with HSD test identifies the codons which are found to be differentially
used between specific pairs of tissues for high expression genes (Table 2.10). Note
that the high expression gene set has different per-tissue GC3 from the full tissue
specific gene set as they are based on different sets of genes. This is also the case
with the low expression genes set which we will see in later analysis.

These results are similar to those shown in the previous section for all tissue
specific genes. where the significantly different codons match the mean GC3s of the

high-expression tissue-specific gene subsets.
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Tissue GC3r; GC3rp AA Codon Diff Lower Upper pug

BM-EFB 0.637 0.574 Lys AAG 0.580 0.074 1.086 0.010
BM-EFB 0.637 0.574 Val GTG 1.020 0.053 1.988 0.029
ECT-EFB 0.712 0.574 Lys AAG 0.729 0.165 1.293 0.002
ECT-EFB 0.712 0.574 Val GTG 1.106 0.028 2.184 0.039
ECT-ES2d 0.712 0.596 Lys AAG 0.572 0.061 1.082 0.014
ECT-ES2d 0.712 0596 Ser TCG 0.525 0.006 1.044 0.045
EDT-BEel4S 0.715 0.647 Leu CTG 1.670 0.226 3.114 0.009
EDT-EBb5d 0.715 0.629 Leu CTG 1409 0.203 2.616 0.008
EDT-EFB 0.715 0.574 Lys AAG 0.763 0.175 1.351 0.002
EDT-EFB 0.715 0.574 Pro CCG 0.702 0.004 1.400 0.047
EDT-EFB 0.715 0.574 Leu CTG 1.695 0.251 3.139 0.008
EDT-ES2d 0.715 0.596 Lys AAG 0.606 0.068 1.143 0.013
EDT-ES2d 0.715 0.596 Leu CTG 1.479 0.160 2.799 0.014
EDT-GEE13.5 0.715 0.620 Leu CTG 1492 0.342 2.642 0.002
EDT-MMS 0.715 0.648 Leu CTG 1.272 0.085 2.458 0.024
EDT-SBM 0.715 0.628 Leu CTG 1.482 0.314 2.651 0.002
EFB-BM 0.574 0.637 Lys AAA 0.580 0.074 1.086 0.010
EFB-ECT 0.574 0.712 Lys AAA 0.729 0.165 1.293 0.002
EFB-ECT 0.574 0.712 Leu CTT 0.863 0.166 1.560 0.003
EFB-EDT 0.574 0.715 Lys AAA 0.763 0.175 1.351 0.002

EFB-GEE13.5 0574 0.620 Lys AAA 0416 0.004 0.829 0.046
EFB-MAST 0.574 0.668 Lys AAA 0443 0.013 0.872 0.037

EFB-SBM 0.574 0.628 Lys AAA 0.449 0.028 0.870 0.025
ES2d-ECT 0.596 0.712 Lys AAA 0.572 0.061 1.082 0.014
ES2d-EDT 0.596 0.715 Lys AAA 0.606 0.068 1.143 0.013

ES2d-MMS 0.596 0.648 Asn AAT 0.384 0.002 0.765 0.047
GEE13.5-EFB  0.620 0.574 Lys AAG 0416 0.004 0.829 0.046
MAST-EFB 0.668 0.574 Lys AAG 0443 0.013 0.872 0.037
MAST-EFB 0.668 0.574 Val GTG 0.931 0.110 1.751 0.012

MMS-EFB 0.648 0.574 Val GTG 1.017 0.196 1.837 0.003
MMS-ES2d 0.648 0.596 Asn AAC 0.384 0.002 0.765 0.047
SBM-ECT 0.628 0.712 Leu CTT 0.568 0.017 1.118 0.037
SBM-EFB 0.628 0.574 Lys AAG 0.449 -0.028 0.870 0.025
SBM-EFB 0.628 0.574 Val GTG 0.840 0.035 1.645 0.032

Table 2.10: Codons whose RSCU values differ significantly between tissues for high
expression genes (p < 0.05).
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Significant differences in tissue-specific codon usage present only in the high ex-
pression gene subset are suggestive of selection effects. The fact that in every case,
significant differences in codon usage also match the relative tissue GC3 biases is a
novel result. This effect may be due to co-adaptation of tissue GC-bias and tissue-
specific tRNA pools as previously described with the effect being most apparent in
high expression genes.

Though this analysis was only done on M. musculus embryonic tissues, the tis-
sues show very similar properties to other mammalian tissues analyzed, for example
H. sapiens adult tissue (Semon et al., 2006). It is possible that the correspondence
between tissue-specific tRNA and tissue-specific GC3 is a general property of mam-
malian genomes. Co-adaptation of tissue specific GC3 and tRNA abundance is a po-
tential explanation for statistically significant differences in mammalian tissue-specific
gene GC3 noted in this study and previously (Semon et al., 2006; Vinogradov, 2003).

tRNA abundance data would be helpful in testing whether differences in codon
usage correspond to tRNA abundance differences between tissues. Currently how-
ever, very little such data is available and none for the tissues used in this analysis.
New sequencing technologies have shown promise in directly determining tRNA abun-
dance (Sittka et al., 2008), however the diversity of post-translational modifications
possible for tRNA (Iwata-Reuyl, 2008), and the high sequence similarity of many
tRNA gene copies (Goodenbour & Pan, 2006) creates formidable technical challenges

to accurately measuring tRNA abundance using these technologies.
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2.4.3 Tests of lineage specific codon bias

The tissue-specific samples we are analyzing are related by hierarchic developmental
relationships; as such the tRNA pools in groups related by lineage may be similar and
lead to lineage specific codon usage bias. To create lineage based tissue-specific gene
sets, we grouped the tissue-specific genes into external ectoderm (EED), mesoderm
(MD) and neuroectoderm (NED) (see Figure 2.1 for lineage groupings).

There are significant differences in tissue-specific codon usage for some lineages
and codons. We can reject the null hypothesis of no difference in codon usage among
tissues with the MANOVA test giving a significant result (p < 0.05) for all three test

statistics (Table 2.11).

Value F DF, numerator D Fdenominator D- value

Wilks’ Lambda 0.8538 1.59 82 1580 0.00087
Pillai’'s Trace 0.1515 1.58 82 1582 0.00092
Hotelling-Lawley Trace 0.1651 1.59 82 1578 0.00082

Table 2.11: MANOVA tests of null hypothesis of no difference in codon usage of
tissue-specific genes grouped by lineage

ANOVA with HSD identifies the codons found to be differentially used between
specific pairs of lineages for high expression (Table 2.12) genes.

As with the previous analysis of tissue-specific genes, all lineage specific genes
that show significant differences between lineage match the relative mean GC3 of the
lineages. The average lineage mean GC3 values have rank: mesoderm < external ec-
toderm < neuroectoderm. These results are therefore consistent with the mutational

hypothesis that they are due to GC-biased mutational effects.
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Lineage

GC311

GC31o

AA

Codon

Diff

Lower

Upper

Padj

EED-MD
EED-MD
MD-EED
MD-EED
MD-EED
MD-NED
MD-NED
MD-NED
MD-NED
MD-NED
MD-NED
NED-MD
NED-MD
NED-MD
NED-MD
NED-MD

0.625
0.625
0.608
0.608
0.608
0.608
0.608
0.608
0.608
0.608
0.608
0.626
0.626
0.626
0.626
0.626

0.608
0.608
0.625
0.625
0.625
0.626
0.626
0.626
0.626
0.626
0.626
0.608
0.608
0.608
0.608
0.608

Asn
His
Asn
His
Ala
Arg
Ser
Ile
Gln
Pro
Val
Thr
Gln
Pro
Arg
Ser

AAC
CAC
AAT
CAT
GCA
AGA
AGT
ATA
CAA
CCT
GTA
ACG
CAG
CCG
CGC
TCG

0.084
0.085
0.084
0.085
0.091
0.243
0.140
0.078
0.080
0.114
0.091
0.103
0.080
0.082
0.175
0.087

0.010
0.007
0.010
0.007
0.002
0.064
0.048
0.008
0.019
0.023
0.023
0.026
0.019
0.003
0.021
0.019

0.158
0.163
0.158
0.163
0.179
0.421
0.231
0.148
0.140
0.205
0.159
0.180
0.140
0.161
0.330
0.155

0.021
0.028
0.021
0.028
0.044
0.004
0.001
0.025
0.006
0.010
0.005
0.005
0.006
0.040
0.022
0.008

Table 2.12: Codons whose RSCU values differ significantly between

0.05)

lineages (p <

To test the selection hypothesis for differences in codon usage in a manner similar

to that done in the previous section, we split the lineage specific genes into high

expression and low expression data sets (using the top and bottom 25% of genes by

expression level respectively), separately testing for differences in codon usage in those

groups. We can reject the null hypothesis of no difference in codon usage between

lineages for both sets (Tables 2.13, 2.14).

Value '

F DF numerator DF, denominator P~ value

Wilks’ Lambda 0.5188 1.56
Pillai’s Trace 0.5580 1.57
Hotelling-Lawley Trace 0.7794 1.56

82
82
82

330 0.00345
332 0.00327
328 0.00365

Table 2.13: MANOVA tests of null hypothesis of no difference in codon usage of
tissue-specific genes grouped by lineage for low expression genes
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Value F D F numerator D F denominator P Value

Wilks’ Lambda 0.5610 1.36 82 332 0.03322
Pillai’s Trace 0.4996 1.36 82 334 0.03334
Hotelling-Lawley Trace 0.6746 1.36 82 330 0.03314

Table 2.14: MANOVA tests of null hypothesis of no difference in codon usage of
tissue-specific genes grouped by lineage for high expression genes

ANOVA with HSD test identifies codons differentially used between specific pairs

of lineages for high expression (Table 2.10) and low expression (Table 2.14) sets:

Lineage GC3r1 GC3r2 AA Codon Dift Lower Upper  pug
EED-NED 0.653 0.623 Asn AAC 0.213 0.045 0.381 0.009
EED-NED 0.653 0.623 Ala GCC 0.311 0.068 0.553 0.008
NED-EED 0.623 0.653 Asn AAT 0.213 0.045 0.381 0.009
NED-EED 0.623 0.653 Ala GCT 0.233 0.033 0.433 0.018
NED-MD 0.623 0.640 Thr ACG 0.169 0.002 0.335 0.046
NED-MD* 0.623 0.640 Leu TTA 0.153 0.026 0.279 0.013

Table 2.15: Codons whose RSCU values differ significantly between lineages in high
expression genes (p < 0.05)

In most cases, for both the high (Table 2.15) and low (Table 2.16) expression
lineage specific sets the significantly different codons between tissues correspond to
the relative tissue GC3 values. The high expression average lineage GC3 values have
rank: neuroectoderm < mesoderm < external ectoderm, while the low expression
lineage GC3 values have rank: mesoderm < external ectoderm < neuroectoderm.
The two exceptions to this tendency (marked with * in Tables 2.15 and 2.16) are
AGG in the low expression data set and TTA in the high expression data set.

AGG is particularly notable as the codon usage has a negative correlation with

GC3 over some ranges of GC3, so it may be expected to show the observed relationship
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Lineage GC3r; GC3r2 AA Codon Diff Lower Upper pgg
EED-MD 0.609 0.5673 Arg CGG 0.308 0.018 0.598 0.035
EED-MD 0.609 0.573 Ala GCC 0.228 0.026 0.429 0.023
EED-MD 0.609 0573 Gly GGG 0.208 0.047 0.369 0.007
EED-NED 0.609 0.642 Pro CCT 0.209 0.004 0.413 0.044
MD-NED 0573 0.642 Asn AAT 0.162 0.013 0.312 0.029
MD-NED 0573 0.642 Thr ACA 0.270 0.076 0.463 0.003
MD-NED* 0.573 0.642 Arg AGG 0.275 0.016 0.535 0.035
MD-NED 0573 0.642 Ser AGT 0.267 0.070 0.465 0.005
MD-NED 0573 0.642 Ile ATA 0.175 0.042 0.308 0.006
MD-NED 0.573 0.642 Gln CAA 0.187 0.053 0.320 0.003
MD-NED 0.573 0.642 Pro CCA 0.247 0.035 0.459 0.018
MD-NED  0.573 0.642 Pro CCT 0.290 0.088 0.493 0.002
MD-NED 0.573 0.642 Glu GAA 0.156 0.011 0.302 0.032
MD-NED 0.573 0.642 Ala GCA 0.194 0.013 0.374 0.032
MD-NED 0.573 0.642 Gly GGA 0.304 0.114 0.495 0.001
MD-NED 0573 0.642 Val GTA 0.140 0.017 0.263 0.022
MD-NED 0.573 0.642 Ser TCT 0.231 0.012 0.449 0.036
NED-MD 0.642 0.573 Asn AAC 0.162 0.013 0.312 0.029
NED-MD 0.642 0.573 Thr ACC 0.240 0.020 0.460 0.028
NED-MD  0.642 0.573 Ser AGC 0.259 0.019 0.499 0.031
NED-MD 0.642 0.573 Gln CAG 0.187 0.053 0.320 0.003
NED-MD 0.642 0.573 Pro CCC 0.319 0.107 0.530 0.001
NED-MD 0.642 0.573 Pro CCG 0.218 0.031 0.405 0.017
NED-MD 0.642 0.573 Arg CGG 0.313 0.041 0.584 0.019
NED-MD 0.642 0.573 Glu GAG 0.156 0.011 0.302 0.032
NED-MD 0.642 0.573 Ala GCC 0.203 0.015 0.392 0.031
NED-MD  0.642 0.573 Gly GGG 0.182 0.031 0.332 0.013
NED-MD  0.642 0.573 Val GTG 0.279 0.050 0.509 0.013

Table 2.16: Codons whose RSCU values differ significantly between lineages in low
expression genes (p < 0.05)

to lineage GC3; this effect is explored in Chapter 4.

This analysis does not support the hypothesis that there is selection on codons to
match lineage specific tRNA pools as both high and low expression sets show signif-
icant differences in codon usage between lineages. Selection related bias is expected

to be stronger for the high expression gene set, however we observe that the bias for
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high expression genes is weaker. This may be due to the absence of lineage-specific
tRNA pools, or insufficient selection on those pools to significantly alter codon usage;
the tests done here cannot distinguish between these alternatives. Given that the
tissues used are all embryonic, there may be insufficient developmental divergence in
the tissue groupings to detect translational selection on tRNA abundance; a similar
analysis of adult differentiated tissues may be more likely to show such an effect.

The hypothesis of tissue-specific translational selection is supported by the anal-
ysis of this chapter while the hypothesis of selection on lineage specific pools is not.
This is suggestive that there are tissue-specific tRNA pools but not lineage specific
ones. Given the close lineage relationship between the tissues of the lineage grouping
used here, this suggests that tRNA pool composition may change rapidly in differen-
tiating tissues, a hypothesis that could be tested experimentally.

The isochoric structure of M. musculus is weak compared to that of H. sapiens
and there are a range of isochoric intensities across mammalian genomes (Romiguier
et al., 2010). A direct comparison of analogous tissue between species may provide
insight into the contribution of isochores to the observed codon bias. This is explored
in detail in Chapter 4 where the contribution of GC mutational bias to codon bias is

quantified for mouse and human genomes.

2.5 Conclusion

We have demonstrated that there are significant tissue-specific differences in codon
usage between the M. musculus tissues. In all cases, the differences between tissue-

specific gene sets correspond to the average GC3 of the tissue-specific gene sets. Those
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tissues which show the lowest GC3 also tend to use A or T ending codons; conversely,
the tissues which show the highest GC3 tend to use G or C ending codons. The fact
that this effect is present in the highly expressed gene sets while being absent in the
low expression gene set is evidence that it may be considered both a mutational and
a selection effect. It is possible that tRNA pools in different tissues correspond to
GC-bias of those tissues, and high expression genes are particularly adapted to those
pools. Testing this hypothesis will require measurements of tissue-specific tRNA
abundance.

Tissue-specific genes grouped by lineage were found to have significant differences
in codon usage between lineages which correspond to the average GC3 of the gene
sets used, supporting the mutational hypothesis. The high and low expression subsets
were also found to have significant differences in codon usage between lineage group-
ings, most of which corresponded to average lineage GC3 values. As both high and
low expression sets show significant differences in codon usage between tissues, this
analysis does not support the selection hypothesis that there is selection on codons
to match lineage specific tRNA specific pools.

This analysis methodology is a general framework which may be applied to the
analysis of other tissues and species to investigate the relationship of translational
selection and codon bias in a broader context. Application of this method to analogous
adult tissues in mouse may identify whether the tRNA pool changes significantly
between the embryonic and adult states. A cross species analysis may be able to
determine whether divergent species show common tissue-specific codon bias as a

result of evolutionarily conserved tissue-specific tRNA pools.

45



Chapter 3

Are Tissue-Specific Genes

Clustered in the Same Isochores?

3.1 Abstract

Tissue-specific M. musculus genes show statistically significant differences in GC3
between some tissues as demonstrated in chapter 2. In this chapter we test the
hypothesis that these observed differences in tissue-specific GC3 are the result of
genes clustering on the same isochore leading to common mutational biases. The
results of the analysis show that for most tissues, the tissue-specific genes are no
more clustered than would be expected from a random selection of protein coding
genes of the M. musculus genome.

Significant clustering is noted in embryonic dermal tissue (EDT) and the host
lineage external ectoderm. In embryonic dermal tissue we note that of the three pairs

of genes found to be closer than 2MB, two of the genes Krt6b and Krt5 are members
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of a keratin gene cluster; in the associated lineage grouping of external ectoderm
which contains embryonic dermal tissue, we find four members; Krt6, Krt6b, Krt73
and Tencl.

While we observe some isolated tissue-specific and lineage-specific gene clustering,
it is insufficient to explain observed tissue and lineage specific GC3 differences. In
addition, the tissues shown to exhibit significant differences in tissue-specific gene
GC3 do not show significant levels of clustering.

The evidence does not support the hypothesis that issue-specific GC3 biases are

caused by the clustering of such genes in the same isochore.

3.2 Introduction

In Chapter 2 we have seen that tissue-specific gene sets exhibit characteristic statis-
tically significant differences in codon usage between some tissues. We found that
these codon usage differences are strongly associated with the GC3 content for each
tissue and therefore may be attributable to isochoric mutational biases.

As the observed biases are strongly associated with GC3, a hypothesis that may
be tested is that the common GC-bias observed in some tissue-specific genes is at-
tributable to the proximity of such genes to each other on the genome. If large
numbers of tissue-specific genes are clustered together on the same isochore, and
therefore subject to the same mutational GC-bias, they may have similar GC3 and
affect the tissue-specific GC3. In the M. musculus genome, isochores are usually 0.30
to 1.40 megabases wide, depending on isochore type, with few isochores larger than

2 megabases in size (Costantini et al., 2009); genes further apart than 2 megabases
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are therefore unlikely to be on the same isochore.

There has been prior analysis of tissue-specific gene clustering in mammalian
tissues, specifically in the human genome. A study using SAGE data for 14 human
tissues found that tissue-specific genes did not cluster, though statistically significant
clustering of broadly expressed housekeeping genes was found (Lercher et al., 2002).
Semon et al. (2006) claimed that there is no significant clustering of tissue-specific
genes in the human genome based on EST data from 18 tissues, though they did not
provide a description of their methods or data in the publication.

Clusters of closely spaced genes with associated functions exist in mammalian
genomes; some of these may be expected to show tissue-specific or lineage specific
expression; for example the keratin gene clusters (Hesse et al., 2004), hox gene clusters
(Krumlauf, 1994), histone gene clusters (Doenecke et al., 1997), and the osteocalcin
gene cluster (Desbois et al., 1994). Co-expression of these closely clustered genes in a
tissue-specific manner may have an influence on the GC-bias of tissue-specific genes.

Some clusters of genes are known to show lineage specific expression. For example
the M. musculus and H. sapiens globin gene clusters show developmentally sequen-
tial expression (Li et al., 2002). Due to the development stage specific sequence of
expression in such gene cluster members, the genes may not appear clustered in in-
dividual tissues, however such clustering may be visible by grouping tissue-specific
genes within lineages.

Despite prior analysis having been published on tissue-specific and tissue lineage
specific clustering in human tissues, no such analysis appears to have been published
for M. musculus tissues and none on H. sapiens or M. musculus embryonic tissues.

In addition no analysis of the effect of lineage on gene clustering appears to have been
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published.

In this chapter we test the hypothesis that tissue-specific genes and lineage-
associated tissue-specific genes are more clustered than would be expected from a
random selection of protein coding genes on the M. musculus genome and investigate

those genes which do exhibit such clustering.

3.3 Materials and Methods

We begin with a set of tissue-specific genes (see Materials and Methods section of
Chapter 2) and associated chromosomal location, consisting of 974 tissue-specific
genes from 12 tissues of the M. musculus genome. For each set of genes we will test
the hypothesis that the genes are closer to each other on the genome than would be
expected by chance.

Genes are distributed unevenly within chromosomes with a high gene density in
the GC-rich isochores and low density in the more common AT-rich “gene deserts” iso-
chores (Bernardi, 2007). Due to the complexity of gene distribution, a non-parametric
sampling approach will be used to determine whether tissue-specific and lineage
grouped tissue-specific genes are more clustered than would be expected by chance.

First, we must determine the adjacent gene distances for every tissue-specific gene
set. For each tissue-specific gene set, we measure the distances between every pair
of adjacent tissue-specific genes. The distances are measured between the closest
Ensembl annotated portion of each gene per chromosome. For each chromosome
with n genes specific to a given tissue where n > 1, there will be n —1 distances. The

number of inter-gene distances is therefore dependent on the distribution of tissue-
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specific genes across chromosomes. Chromosomes with zero or one tissue-specific
genes can yield no distance measures. The observed distribution of tissue-specific
gene properties is shown in Table 3.1 and visualized as histograms in Figure 3.1.
Tissue-specific gene pairs closer than 2MB are listed in Supplemental Table A.6.

The fact that the tissue-specific genes could be located in multiple clusters on a
single chromosome complicates the analysis. Consider a hypothetical chromosome
with four genes located at 3, 4, 50 and 51 megabases respectively. This distribution
has genes in two clusters and three adjacent distance measures; 1, 46 and 1 megabases,
with an average distance of 16 megabases. The pairwise adjacent distances of four
other hypothetical genes at 1, 17, 33, 49 megabases would give the same mean distance
despite their lack of clustering; a simple statistical measure such as mean or median
will not, therefore, capture the degree of gene clustering. To identify gene clustering,
we will determine if the tissue-specific genes are potentially on the same isochore
(nearer than 2 megabases) (Costantini et al., 2009) and whether there are more such
close gene pairs than are expected by chance.

Our null hypothesis is that the proportion of tissue-specific genes closer than 2
megabases should be no greater than that for the same number of genes randomly
selected from the M. musculus genome. To test this hypothesis we will compare our
observations of tissue-specific genes to simulated distributions of genes based on the
set of all known protein coding genes in the M. musculus genome.

For each tissue we select n genes from the set of known protein coding genes in the
M. musculus genome, where n is the number of tissue-specific genes, and determine
the number that are closer together than 2 megabases. This is repeated 10,000 times,

and the resulting distribution of numbers of gene pairs closer than 2 megabases will be
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compared with the observed number for each tissue. The proportion of the sampled
distribution which is higher than the observed count gives a sense of how likely the
degree of observed clustering is, and provides an estimate of the p-value for our
observed set. Though we have chosen p < 0.05 as the significance threshold for this
analysis, as these tests are being repeated for each of 12 tissues, we use the Bonferroni
method to adjust the significance threshold to p < 0.0042.

In addition, we will further test the hypothesis that lineage specific genes are more
likely to be on the same isochore than would be expected by chance. To do this, we
will group the tissue-specific genes based on their lineage relationship (Figure 2.1) into
mesoderm, external ectoderm and neuroectoderm, and perform a clustering analysis,
as above. Lineage grouped tissue-specific genes-pairs closer than 2 megabases are
listed in Supplemental Table A.7. As these tests are being repeated for each of 3
lineage groupings, we use the Bonferroni method to adjust the significance threshold

from p < 0.05 to p < 0.0167.

3.4 Results and Discussion

3.4.1 Tissue-specific gene proximity analysis

For the tissue-specific gene sets, with increasing numbers of genes there are decreasing
means and medians for adjacent gene distances and an increasing number of genes
closer than 2 megabases (Table 3.1), as would be expected for a random selection of
genes. The observed distribution of tissue-specific protein coding genes over chromo-

somes is shown in Table 3.2. The genes are not confined to tight clusters on each
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chromosome as can by seen in Figure 3.1.

Tissue Genes Pairs Median Average Close pairs

BEel4S 41 24 30617006 40307725 0
BM 36 20 14438986 25704825 3
EAT 22 10 33360944 34479726 1
EB5d 100 80 13530056 20965454 8
ECT 48 34 17759813 25964866 3
EDT 23 10 16423902 20719352 3
EFB 52 34 21209874 32011040 3
ES2d 41 25 13846753 24841325 4

GEE13.5 235 215 6022264 9801016 54

MAST 107 87 12007895 16372104 15
MMS 173 1563 6771963 11033274 41
SBM 96 76 9806101 17595161 15

Table 3.1: Statistical properties of pairwise gene distances (in base pairs)for each
tissue type: genes indicates the tissue-specific genes, pairs indicates the number of
adjacent, pairwise distances, median and average are for the adjacent pairwise dis-
tances, and close pairs indicates the number of gene pairs which are <2 megabases
apart.

Of the tissue-specific gene sets only EDT tissue exhibits more gene pairs closer
than 2 megabases than would be expected by chance (p-value 0.0025) (Table 3.3,
Figure 3.2).

If the 23 tissue-specific EDT genes were selected randomly from protein coding
genes of the M. musculus genome, few of these would be expected to be closer than
2 megabases to each other. There are only 3 observed gene pairs closer than 2
megabases (the full list of all tissue-specific gene pairs closer than 2 megabases can
be found in Supplemental Table A.6). Two of the pairs are on chromosome 15 which
contains 3 genes clustered within 2 megabases of each other: Krt6b, Krt5 and Gpr84.
Gpr84 is putative G-coupled receptor protein which is not well characterized (Maglott

et al., 2006). Krt6b and Krt5 are keratin genes, part of the type II keratin gene cluster
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Table 3.2: tissue-specific gene chromosomal locations: The distribution of tissue-
specific protein coding genes for the 12 tissues with 20 or more such genes whose
sequences are > 100 amino acids. The genome column indicates the total number of
protein coding genes on that chromosome for comparison. The totals row indicates
the total for each tissue-specific set and the M. musculus genome as a whole.

consisting of 26 closely spaced keratin genes having strong synteny with the equivalent

human cluster (Hesse et al., 2004). It is not surprising that embryonic dermal tissue

(EDT) expresses keratin genes, known to be highly expressed in dermal tissue (Roop

et al., 1983). The clustering of keratin genes and likely tissue and lineage related

expression of keratin genes explains the high number of closely spaced genes for this

tissue type.

53



BEel4S EB5d EFB MAST

- < <
3 o 0 -
N o
< ° - ~
o
e ] : -
o o o
o T ] ° 1 e T 111
00e400 60e407 12e408 00e400 60e407 12e408 00e+00 60407 12e408 00e400 60e407 12e+08
BM ECT ES2d MMS
o o ©
o~ o
= 3 " 2 .
(=] (o]
O o X -
(=] o o o
00e400 60e+07 12408 00e400 60e407 12e408 00e400 60e+07 12e+08 00e+00 60e07 12408
EAT EDT GEE13.5 SBM
<t
© [+¢ | 0
(=) [=] m
<
<« < ~
[=] [=]
o~ —
o (=] o o
S FrrrrTrT S rrrrri
00e400 60e407 12408 00e400 60e407 12408 00e400 60e+07 12e+08 00e400 608407 12e408
Distance (bp)

Figure 3.1: Histograms of adjacent tissue-specific gene distances, per tissue. X-axis
indicates the distance between genes, Y-axis indicates the bin count. X-axis scales
are identical, the red line indicates the median distance for each tissue.

It is notable that the tissues observed in chapter 2 to have significant differences in
tissue-specific gene GC3 (GEE13.5, EFB, MMS) do not exhibit significant clustering.
If genes clustered on the same isochores were a cause of tissue-specific GC3 differences
these tissues would expected to show such clustering.

Within the set of all tissue-specific genes closer than 2 megabases, there are few
clusters containing more than two genes. In general, we see very little clustering of
genes on the same isochore. The absence of multiple genes clustering closely enough
to inhabit the same isochore, and thus subject to the same isochoric GC-bias, does

not support the hypothesis that clustering is the cause of the observed tissue-specific
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Figure 3.2: Simulated tissue-specific genes <2 megabases apart, resampled 10,000
times. Histograms of adjacent tissue-specific gene distances, per tissue. The X-axis
indicates the number of gene pairs closer than 2 megabases for a given sampling,
Y-axis indicates the bin count over all samples. The red line indicates the number
of gene pairs closer than 2 megabases observed for each tissue. The proportion of
bootstrap counts to the right of the observed number of gene pairs is an estimate of
the p-value of the observed distribution as compared to a random selection of genes
from the genome

GC-biases.
This result is consistent with prior analysis of H. sapiens adult tissues which found

no significant clustering of tissue-specific genes (Semon et al., 2006).
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Tissue  p-value
BEel4S 0.8990
BM 0.0895
EAT 0.1286
EB5d 0.9011
ECT 0.3588
EDT 0.0025
EFB 0.4726
ES2d 0.0649
GEE13.5 0.8566
MAST  0.3519
MMS 0.0905
SBM 0.1060

Table 3.3: p-value of median distance between tissue-specific genes as estimated by
random sampling

3.4.2 Lineage specific gene proximity analysis

In the lineage grouped tissue-specific gene sets for increasing numbers of genes there
are generally decreasing means and medians for adjacent gene distances and an in-
creasing number of genes closer than 2 megabases (Table 3.4), as would be expected
from a random selection of genes.

No lineage grouped tissue-specific gene set exhibits more gene pairs closer than 2
megabases than would be expected by chance (Table 3.5). The full list of all tissue-
specific gene pairs closer than 2 megabases may be found in in Supplemental Table
AT

Figure 3.3 shows the resampled distribution relative to the observed median and
table 3.5 lists the estimated p-values for the tissue-specific genes grouped by lineage.

External ectoderm shows the lowest p-value of all the tested lineage groupings.

In the 63 external ectoderm gene pairs closer than 2 megabases there are some gene
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Tissue Genes Pairs Median Average Close pairs

External Ectoderm 218 198 5347666 9606246 63
Mesoderm 339 319 3250547 6924525 120
Neuroectoderm 276 256 5063645 8379111 73

Table 3.4: Statistical properties of pairwise gene distances for major lineage groups:
genes indicates the tissue-specific genes, pairs indicates the number of adjacent, pair-
wise distances, median and average are for the adjacent pairwise distances, and close
pairs indicates the number of gene pairs which are <2 megabases apart.
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Figure 3.3: Simulated lineage specific genes <2 megabases apart, resampled 10,000
times. Histograms of adjacent tissue-specific gene distances, per tissue. The X-axis
indicates the number of gene pairs closer than 2 megabases for a given sampling,
Y-axis indicates the bin count over all samples, the red line indicates the number
of gene pairs closer than 2 megabases observed for each lineage. The proportion of
bootstrap counts to the right of the observed number of pairs is an estimate of the
p-value of the observed distribution as compared to a random selection of genes from
the genome

clusters represented. For example Hox gene cluster members Hoxb6 and Hoxb2 are
within 2 megabases, and Krt6, Krt6b, Krt73 and Tencl are within 2 megabases;
The Krt genes are members of the keratin gene cluster and Tencl is related in being

associated with the Gene Ontology term “collagen metabolic process [GO:0082963]”
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Tissue p-value
External Ectoderm 0.0453
Mesoderm 0.2694
Neuroectoderm 0.8623

Table 3.5: p-value of median distance between lineage grouped tissue-specific genes
as estimated by random sampling.

(Blake et al., 2006).

Within the set of all tissue-specific genes grouped by lineage, there are few clusters
containing more than 2 genes within 2 megabases of each other, therefore there is
little clustering of genes on the same isochore. The rarity of multiple genes clustering
closely enough to inhabit the same isochore indicates that this is not the cause of
lineage specific GC-biases.

Of the analyzed gene sets, only EDT (embryonic dermal tissue) and the parent
external ectoderm lineage has more closely spaced genes than would be expected by
chance. This appears to be caused in part by expression of genes in clusters known
to have tissue and lineage specific expression. There are insufficient genes in these
clusters to significantly affect GC3 of the tissue and lineage specific gene sets. If genes
clustered on the same isochore were a major cause of tissue-specific GC3 differences
in general, we would expect more than one tissue-specific gene set to show significant
clustering.

This method has applications in the identification gene clusters in tissue and
lineage specific gene sets. All genomes contain many genes with unknown function
and few genes have been fully characterized. Identifying co-expressed gene clusters in
tissue and lineage specific gene sets is a useful technique for finding novel functionally

related gene. Prior work in this area has focused on co-expression (Zhang et al.,
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2004); considering the proximity of co-expressed genes may lead to the discovery of
novel functionally related gene clusters.

Though it has been shown in this chapter that tissue-specific genes are not more
clustered along chromosomes than a random selection of genes, there are other mea-
sures of proximity which may be applied. Using Chromatin Conformation Capture
(3C) techniques it has recently been established that mammalian chromosomes form
a densely packed three dimensional structure in the nucleus that can place linearly
distant portions of the genome in close proximity (Lieberman-Aiden et al., 2009).
Open and closed chromatin were found to be partitioned into separate compartments
in this structure. As open chromatin is more likely to be transcriptionally active, we
would expect the tissue-specific genes to be in the open chromatin compartment. As
they are potentially co-regulated they may also show spatial proximity in the three
dimensional structure of the chromosomes despite large linear linear separations along
chromosomes or even being on different chromosomes. The availability of 3C data for
various cell types will allow this hypothesis to be tested.

These results for M. musculus of this chapter are consistent with prior analyses of
adult H. sapiens tissue-specific genes (Lercher et al., 2002; Semon et al., 2006) which
also showed no significant clustering. Given that M. musculus and H. sapiens have
the weakest and strongest isochoric structure respectively, (Romiguier et al., 2010) it

seems likely that this may be a general property of mammalian genomes.
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3.5 Conclusions

The analysis in this chapter shows little indication of clustering either on tissue-
specific level or when the tissue-specific genes are grouped by developmental hierarchy.
The notable exception is embryonic dermal tissue (EDT) which has significantly more
tissue-specific genes pairs closer together than 2 megabases than would be expected
by chance. This result appears to have been influenced by the presence of genes of the
keratin gene cluster. No significant clustering is seen in lineage grouped tissue specific
genes. If genes clustered on the same isochore were a major cause of tissue-specific
GC3 differences in general, we would expect more than one tissue-specific gene set to
show significant clustering.

In conclusion we cannot reject our null hypotheses that tissue-specific genes and
lineage specific genes are no more clustered than those randomly selected from genes
of the genome, and there is insufficient isochore related gene clustering to cause

significant differences in tissue-specific gene GC3.
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Chapter 4

A General Model of Codon Bias

Due to GC Mutational Bias

4.1 Abstract

Because most amino acids allow synonymous GC content-changing substitutions in
the third codon position, the overall GC-bias of a genome or genomic region is highly
correlated with GC3, a measure of third codon position GC content. However, in
analyzing codon usage bias in M. musculus and H. sapiens genes as well as 897
prokaryotic and 197 plant genomes we find that two G-ending codons, AGG (argi-
nine) and TTG (leucine), unlike all other G/C-ending codons, show overall usage that
decreases with increasing GC-bias. Moreover, the usage of some codons appears non-
linear, even non-monotone, as a function of GC-bias. To explain these observations,
we propose a continuous-time Markov chain model of GC-biased synonymous substi-

tution and apply the model to 2 and 4 codon families as well as isoleucine, arginine
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and leucine. The resultant model predicts the decreasing usage of AGG and TTG
with increasing GC-bias, the nonlinearity of arginine, leucine and isoleucine codon
usage as function of GC-bias, and the fact that per-amino acid GC3 should linear
for all amino acids with the exception of isoleucine. The models accounts for 72%,
64%, 52% and 36% of the observed variability of codon usage in prokaryotes, plants,
H. sapiens and M. musculus respectively. When codons are grouped based on com-
mon GC content, 87%, 80%, 68% and 51% of the variation in usage is explained for
prokaryotes, plants, H. sapiens and M. musculus respectively. This model establishes
that GC-bias is the dominant factor in determining codon bias across a broad variety
of life and that the form of the influence admits a particularly simple explanation.
This model provides a natural null model for codon bias subject to GC mutational

bias, relative to which further studies of codon usage may be measured.

4.2 Introduction

Codon bias, the unequal usage of synonymous codons, varies widely between species
and, in some cases, between different regions of a genome in a single species(Bernardi,
1993). Factors influencing codon bias include selection for translational accuracy and
efficiency (Bulmer, 1991; Gouy & Gautier, 1982; Ikemura, 1981, 1982; Xia, 1998) and
GC-bias, oﬁ a genomic level in prokaryotes (Muto & Oséwa, 1987) and on a regional
or isochoric level in vertebrates (Bernardi, 2000).

The influence of GC-bias on codon bias results in a close association between GC%
at the third codon position, also called GC3 (Sueoka, 1988), and GC-bias (genomic

GC% in prokaryotes or isochoric GC% in mammals). This has led to a common
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belief that the use of synonymous G/C-ending codons should increase in frequency
with increasing GC-bias, while usage of A/T-ending codons should decrease (Kliman
& Bernal, 2005). Though this is a reasonable assumption for most amino acids, those
that allow GC-changing synonymous substitutions in the first as well as the third
codon positions may be expected to act differently.

The recent growth in the availability of both partial and full genomic sequences
has allowed for broad studies of codon usage subject to GC-bias across large num-
bers of species. For example Hershberg & Petrov (2009) identified favoured codons
in prokaryotes and fungi and showed that they are strongly related to the species’
intergenic GC content. Knight et al. (2001) modelled codon and amino acid usage
as a function of GC mutational bias in bacteria, prokaryotes and eukaryotes showing
that GC content drives codon and amino acid usage; they provided a model of usage
by compositional class, but did not directly address codon bias. Despite the signifi-
cant prior work in this area, a general predictive model of codon bias subject to GC

mutational bias not been published.

4.3 Materials and Methods

Codon usage frequencies for prokaryotic and plant species were downloaded from the
CUTG database (Nakamﬁra et al., 2000) based on the NCBI GenBank Flat File
Release 160.0 (Benson et al., 2008). The CUTG gbbct.spsum prokaryotic data set
containing both bacterial and archaean species codon data and the gbpln.spsum plant
codon usage data were used. These records sum the codon usage for all nuclear coding

sequences in GenBank per species. Though species records can contain duplicated
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genes, they provide a reasonable estimate of the genomic codon usage for each species,
including those for which full, annotated genomic sequences are unavailable. For the
196 plant species and 897 prokaryotic species using the standard genetic code (NCBI
genetic code 11) whose entries were based on 50 or more coding sequences (CDS),
codon usage frequency per amino acid was calculated.

The Ensembl (Hubbard et al., 2009) v54_36p H. sapiens and v54_37g M. musculus
genome databases were used as the source of genomic sequences accessed via the
Ensembl Perl API (Stabenau et al., 2004). For each amino acid, the longest CDS
for the 20884 H. sapiens and 22729 M. musculus protein-coding genes annotated
as known containing at least ten codons for that amino acid were chosen for the
respective analyses.

LOESS (locally estimated scatter plot smoothing) fits were used on the graphs
to show general trends in scattered data without imposing a global model. The R
2.10.0 (R Development Core Team, 2010) loess function was used to generate the fit
to the data (coloured lines on graphs) with default parameters (span=1.0, degree=2,
least-squares fitting).

Percent variance from the model was calculated on a per-codon or per model-class
basis by calculating one minus the variance of the difference between the model and
the observations divided by the variance of the observations. Averages were then
generated for all codons and model classes, each weighted by the number of codons
used in the calculation.

The Harvey-Collier test for functional misspecification (Harvey & Collier, 1977) as
implemented in the R 1mtest package (Zeileis & Hothorn, 2002) was used to estimate

the degree of non-linearity of codon usage as a function of GC3 in prokaryotes. The
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Harvey-Collier test provides a test statistic which indicates the degree of non-linearity
of the data; the higher the statistic the more non-linear the data, with perfectly linear

data having a value of zero.

4.4 Results

4.4.1 General patterns of codon usage

In the tissue-specific analysis of the prior chapters, a general correspondence between
imposed GC-bias, overall GC3 and codon usage is noted; G and C ending codons
are more commonly used in isochores with high GC-bias, A and T ending codons are
more commonly used in isochores with high AT bias. This trend in mammals has
been previously noted and accounts for a large proportion of the codon usage bias
observed in H. sapiens tissue-specific genes (Semon et al., 2006). Close inspection
of the relationship between the usage bias of individual codon and GC3, however,
reveals some notable deviations from the expected trend.

A principal component analysis on the first RSCU values for tissue-specific genes
(see Materials and Methods, Chapter 2) demonstrates that the first principal com-
ponent (PC1) accounts for 32% of the observed codon usage variance between genes,
with the second principal (PC2) component accounting for only 4%. PC1 is strongly
linearly correlated with GC3 (R? = 0.970). A plot of codon vectors projected onto
the first two principal components (Figure 4.1) shows most A and T ending codons
on the left side of the graph (negative PC1 values) and most G and C ending codons

on the right side of the graph (positive PC1 values). The only clear exception to this
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Figure 4.1: Codons projected onto the first two principal components of a principal
component analysis of RSCU values for tissue-specific genes
trend are the codons TTG and AGG (red, circled codons in Figure 4.1); despite being
G-ending they cluster with the A and T ending codons.

This pattern of usage was previously noted in the H. sapiens genome by Kliman
& Bernal (2005) and attributed to species-specific selection effects. The analysis of
this chapter shows that, rather than being an species specific anomaly, the negative

correlation between AGG and TTG codon usage and GC-bias (as estimated by GC3)
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appears to be ubiquitous and can be observed in the full set of protein coding genes
in the M. musculus genome and H. sapiens genome as well as plant and prokaryotic

genomes.

Prokaryotes Plants Human Mouse
- A --T -C -G --A-T -C-G --A_--T --C--G --A_--T_--C

correlatlon coeff|C|ent

-G

Figure 4.2: Heatmaps of GC3 vs codon frequency for prokaryotes, plants, H. sapiens
and M. musculus. Green indicates a negative correlation with frequency of that
codon decreasing with increasing GC3, red indicates a positive correlation with the
frequency of that codon increasing with increasing GC3. Black indicates tryptophan
and methionine (which each have only one codon) and stop codons.

Figure 4.2 displays heatmaps of the correlation coefficients between codon usage
and GC3 (across species for prokaryotes and plants, and across genes for H. sapiens
and M. musculus, see (see Supplemental Tables A.2, A.3, A.4 and A.5 for respective
per-codon correlation values). In all three analyses, the usage of nearly all G- and

C-ending codons is strongly positively correlated with GC-bias, and conversely for A-
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and T-ending codons. However AGG (arginine) and TTG (leucine), defy this trend
consistently across the four different groups of data by showing a negative correlation
between usage and GC-bias. Two other arginine codons, CGA and CGT, display the

expected negative correlation, but the correlation is very weak.

A Linear B Non-linear, monotone

Asn,Asp,Cys,GlIn, Isoleucine
Glu,His,Lys,Phe, Tyr

(;.«;‘ffiH -fm%@
Ala,Gly,Pro,Thr,Val

@

Figure 4.3: Networks of synonymous single site substitutions for all amino acids.
GC increasing substitution directions are indicated with an arrow. GC preserving
substitutions are represented by line without arrows. For amino acids with 2 and
4 codons as well as serine, G/C-ending codons are pink, and A/T-ending codons
green. For arginine and leucine, codons with G/C in both synonymous positions
(2xGC codons) are pink, those with only one G/C in a synonymous position (1xGC)
are grey, and those with A/T in both synonymous positions (0xGC) are green. (A)
Amino acids whose codons are predicted to have a linear response to codon bias. (B)
Isoleucine, whose codons are predicted to have a non-linear but monotone response to
codon bias. (C) Arginine and leucine, whose codons are predicted to have non-linear,
and in some cases non-monotone, responses to codon bias.
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Though the anomalous correlation of AGG and TTG with GC3 can clearly be
seen in H. sapiens, M. musculus, plants and prokaryotes, the following analysis will
focus primarily on prokaryotic data. The prokaryotic data consists of fewer data
points (genomes) than the M. musculus or H. sapiens data (genes), however each
prokaryotic genome value is based on at least 50 coding sequences and is therefore
less subject to stochastic effects than the H. sapiens and M. musculus genes both of
which provide much smaller sample of codon usage. This is particularly important as
the RSCU values used to represent codon bias in this analysis are ratios. In addition,
the prokaryotic genomes cover a broader range of GC3 than the M. musculus or H.
sapiens genes and plant genomes.

The Harvey-Collier test shows that a large number of codons exhibit significantly
non-linear usage (p-value < 0.01) in prokaryotes as a function of GC-bias (see Figure
4.4), though this may be influenced by violation of the constant-variance assumption
made by the test or by the large number of data points involved. However, a number
of codons, particularly those of arginine, leucine and isoleucine show very strong
deviations from linearity.

We hypothesized that the unusual responses of these isoleucine, arginine and
leucine codons may result from the structure of possible synonymous single site sub-
stitutions within these amino acids (Figure 4.3). Notably, arginine and leucine are
the only amino acids that allow GC-changing synonymous substitutions in the first as
well as the third position (Figure 4.3C). Isoleucine is the only amino acid with three
codons and unequal numbers of G/C- and A/T-ending codons (Figure 4.3B). The
remainder of the amino acids have equal numbers of A/T and G/C-ending codons

and only allow GC-changing synonymous substitutions in the 3'¢ codon position. The
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Figure 4.4: Harvey-Collier test statistic for codon bias as a function of GC3 for
prokaryotes, ordered by decreasing magnitude. x-axis is the test statistic. The higher
the test statistic value, the more non-linear the data. * and ** indicate codons that
our model predicts to be non-linear and non-linear, non-monotone respectively. The
vertical line indicates the p = 0.01 significance threshold.
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usage frequencies of these codons is in many cases linear, or at least much closer to

linear than shown by many of the leucine, isoleucine and arginine codons.

4.4.2 A model for codon usage based on synonymous muta-

tions

We propose a continuous-time Markov chain model of codon evolution under point
mutations that explains the observations above. We assume no non-synonymous
mutations, with all variation in usage due to synonymous mutations. Though there
are mechanisms by which synonymous mutation may affect protein function, they are
more likely to be effectively neutral than non-synonymous mutations are (Chamary
et al., 2006). Using this simplifying assumption, we are able to explain the major
patterns of codon used without recourse to the added complexity of including non-
synénymous mutations.

Consider the codons relating to any particular amino acid. For any two codons X
and Y that differ by a single nucleotide, we assume that the rates of mutation from
X to Y and from Y to X are the same if both codons have the same total number
of G’s and C’s (Rxy = Ryx). If, however, Y has one more G or C than X, then we
assume that mutation from X to Y happens at K times rate of mutation from Y to
X (Rxy = KRyx). Here, K is related to the GC-bias (B) as K = B/(1 — B). B
ranges from total A/T bias to total G/C bias (0 < B < 1). Finally, we assume that
the usages of the codons of each amino acid, in a set of genes or a genome, are equal
to the equilibrium frequencies of those codons under the model. Letting, [X] and [Y]

denote the usages of codons X and Y, then [X]|Rxy = [Y]Ryx.
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From the continuous time Markov-chain models for every amino acid except serine,
one can solve for the equilibrium usage of all codons, as a function of GC-bias B,
based on the set of possible synonymous single site mutations for each amino acid
(Figure 4.3). The equilibrium solutions are summarized in Table 4.1. Importantly,
the predicted equilibrium usages of every codon depend only on the GC-bias. They
are not affected, for example, by differing transition and transversion mutation rates;
as long as the rates are non-zero, the equilibrium solutions are the same.

Serine raises a small problem for our model in that it is the only amino acid
that consists of disconnected blocks of codons—one set of four codons and another of
two codons—which are not mutually accessible by any combination of synonymous
point mutations. As a consequence, the model can only explain the usages of the
TCA, TCC, TCG and TCT codons with respect to each other, and of the AGC and
AGT codons with respect to each other. The relative usages of the first four codons
compared to the last two is beyond the scope of our model. For the remainder of
this chapter, we will treat the four TC-beginning codons as if they belong to a single
amino acid, which we call serine4, and the two AG-beginning codons as if they belong
to a different amino acid, which we denote serine2. Implicitly, this means that we
redefine the usage of each TC-beginning codon as its number of occurrences divided
by the total number of occurrences of TC-beginning codons, and likewise for the

AG-beginning codons.

4.4.2.1 Linear usage predicted for all 2-codon and 4-codon amino acids.

For all the two-codon and four-codon amino acids, including the serine2 and serine4

groups, the model predicts codon usage that is linearly increasing or decreasing in
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Table 4.1: Equilibrium solutions for codon frequencies

Amino acid / class Codon Frequency
Two-codon ——Aor —-T 1-B
——Cor ——G B
Four-codon ——A and ——T =B
——C and ——G %
Isoleucine ATA and ATT %
ATC B
Arginine / Leucine AGA and TTA %%ﬁ
CGA, CGT, AGG, B(1-B)
CTA, CTT and TTG 1+B
CGG, CGC, B2
CTG and CTC 1+B

GC-bias, B, depending on whether the codon ends with an A/T or with a G/C.
Consider first the two-codon amino acids. Each has one A/T-ending codon, which we
will denote by X, and one G/C-ending codon, which we will denote by Y. Because
Y has one more G/C than X, the model asserts that the mutation rates satisfy
RX)} = K Ryyx. At equilibrium, we have flux from X to Y must match the flux from
Y to X:

[X]RXY = [Y]RYX = [Y]K_ley = K[X] = [Y]

The equilibrium frequencies must also sum to one, so we have:

[X]+[v] =1
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Figure 4.5: Codon usage frequency for asparagine and alanine based on prokaryotic
data. The x-axis is genomic GC3 as an estimate of GC-bias, The y-axis is usage
frequency. The coloured points and lines correspond to the observed codon usage
frequencies for a given GC3 and the corresponding loess fit respectively. The black
line is the model prediction. (A) Asparagine AAT codon. (B) Asparagine AAC
codon. (C) Alanine GCT and GCA codons. (D) Alanine GCC and GCG codons.
(E) The sum of the GCT + GCA alanine codons. (F) The sum of the GCC + GCG
codons.

Combining these two equalities, and recalling that K = B/(1 — B) we can solve for

the frequencies of X and Y:

X]=——=1-B Y]=B



As one would expect, usage of the A/T-ending codon decreases linearly with in-
creasing GC-bias, with 0% usage in completely GC-biased situations (B = 1) and
100% usage in completely AT-biased situations (B = 0). The opposite holds for the
G/C-ending codon.

For a four-codon amino acid, the derivation is similar. The model’s assertion about
mutation rates implies six different equalities, corresponding to the six possible pairs

among the four codons. Let us focus on three:

Rx,x, = Rx,x;, BRvivs = Rv,yi REx,v = KRy;x,

The remaining three relationships turn out to be redundant with these three. At

equilibrium, the balance of fluxes imply that:
[X1]Rx,x, = [Xo]Rxox, = [Xa] = [X3]

[Yi]Ryiy, = [Yo] Ryyy, = (V1] = [Y3]
[Xl]RX1Y1 = [le]RYle = [YI]K_lRXlYl = K[Xl] = [Y2]

Combining these with the fact that the frequencies sum to one, [X1] + [X3] + [Y1] +

[Y3] = 1, we can solve to obtain:

[Xi] = [Xp] =

B [=[=4B

N =
N —

The usages of the A /T-ending codons are predicted to be exactly half of the usage of a

single A/T-ending codon in a two-codon amino acid, and likewise for the G/C-ending
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codons.

Figure 4.5 shows example codon usages for asparagine, a two-codon amino acid,
alanine, a four-codon amino acid in the prokaryotic data. For asparagine, the model
matches the observed usages with great accuracy. For alanine the overall trends of
the A/T-ending and G/C-ending codons are well-captured, including the fact that
their usages are approximately linear and have half the slope of the two-codon usages.
However, one also observes that in the most GC-biased situations (B = 1), the two
G/C-ending codons do not receive precisely one half of the usage. In some species,
the G-ending codon receives more of the usage, while in other species the C-ending
cod(.)n receives more usage. This inequality in usage between the two G/C-ending
codons is correlated to their overall usage. A similar phenomenon occurs with the
A /T-ending codons. Interestingly, for a four-codon amino acid, if one sums the usages
of the two A /T-ending codons and of the two G/C-ending codons, one obtains usages
that very accurately match what one would expect for a two-codon amino acid. This
is most notable in glycine (Figure 4.7), where GGG shows low, non-linear usage while
GGC shows balancing high usage with the summed GGC and GGG usage being quite

linear.

4.4.2.2 Non-linear monotone usage predicted for isoleucine codons

For isoleucine, the derivation is similar, with the notable difference being the unequal
numbers of G/C- and A/T-ending codons. The synonymous mutation relationships
are shown in figure 2B. Let [X], [Y], [Z] represent the equilibrium frequencies for the
codons ATA, ATT and ATC respectively. Our assumptions regarding mutation rates

imply that Rxyy = Ryx and Rxz = KRzx. The flux balance at equilibrium then
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Figure 4.6: Codon usage frequency for isoleucine based on prokaryotic data. The
x-axis is genomic GC3 as an estimate of GC-bias, The y-axis is usage frequency. The
coloured points and lines correspond to the observed codon usage frequencies for a
given GC3 and the corresponding loess fit respectively. The black line is the model
prediction. (A) ATT and ATA codons. (B) ATC codon. (C) The sum of the ATA +
ATT codon usages.

implies:

[X]Rxy = [Y]Ryx = [X] = [Y]

[X|Rxz = [Z)Rzx = [Z)K'Rxz = K[X] = [Z]
Using [X]+[Y]+[Z] =1 and K = B/(B — 1), we obtain

1 1-B B
2+K 2-B

X]=[v]=

The usage curves are shown in Figure 4.6, along with the prokaryote data. The

77



B GGC
i GGG 4
' I e BT
o 0.4 - ey Sl
o ALY ) S
@© 0.2 - ¥ >
0 DAY
- ) 1 )
c 1
o . GGT+GGA D GGG+GGC,
808 T Ty - L
- P L YR e
4 ey AR B RV~ yalid
© o8 VUG g
04 71 s R I S <
02 1o . ™ 5 ASBEES
0 } } } } — } } }

0 02 04 06 08 10 02 04 06 08 1
GC3

Figure 4.7: Codon usage frequency for glycine based on prokaryotic data. The x-axis
is genomic GC3 as an estimate of GC-bias, the y-axis is usage frequency. The coloured
points and lines correspond to the observed codon usage frequencies for a given GC3
and the corresponding loess fit respectively. The black line is the model prediction.
(A) Glycine A/T-ending codon usage. (B) Glycine G/C-ending codon usage. (C)
Glycine A/T-ending codon usage summed. (D) Glycine G/C-ending codon usage
summed.

predicted and observed usages of ATC match very well showing positive slope and
mild convexity. For ATA and ATT, the observed usages are decreasing in GC-bias
B, particularly for B > 0.3. For that range of B, the usage curves also show the
concavity predicted by the model, particularly ATT. However, the usage of ATT is
approximately double that of ATA, in contradiction to the model prediction. In the
vicinity of B = 0.2, there is a sudden “correction” of the relative usages, so that
for the most A/T-biased species for which we have data, the usages of both ATT
and ATA are approximately as predicted by the model. Despite these complicated

patterns in ATA and ATT usage, as shown in Figure 4.6 panel C, the summed usages
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of ATA and ATT correspond well to the model’s prediction for their sum, over the
whole range of GC-bias and is notably non-linear, with the model explaining 92% of

observed variance.

4.4.2.3 Non-linear, and in some cases non-monotone, usage predicted for

arginine and leucine codons

Arginine and leucine are notable as the only amino acids which allow synonymous,
GC-changing point mutations in both the first and third codon positions as shown in
Figure 4.3C.

Let [U], [V], [W],[X], [Y] and [Z] represent the equilibrium frequencies of the argi-
nine codons AGA, CGA, CGT, AGG, CGG and CGC respectively or, equivalently, the
equilibrium frequencies of the leucine codons TTA, CTA, CTT, TTG, CTG and CTC
respectively. Our assumptions regarding mutation rates imply nine different equali-
ties, corresponding to the nine possible pairs among the six codons. Only five non-
redundant equalities must be specified: Rwv = Ryw, Ryz = Rzy, Rux = KRxv,

Rxy = KRyx, Ryv = KRyy The flux balance at equilibrium then implies:

[VIRvw = [W]Rwv = [V] = [W]

[Y]Ryz = [Z]Rzy = [Y] = [Z]
[U]RUX = [X]RXU = [X]K_IRXU = K[U] = [X]
[X]RXY = [Y]RYX = [Y]K—IRYX = K[X] = [Y]

[URyv = [V]Rvy = [VIK 'Ryy = K[U] = [V]
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Substituting the above into [X] + [Y] + [Z] + [W] + [U] + [V] = 1 and solving for U

gives:
1

Substituting K = B/(1 — B) and solving for codon frequencies gives:

_(-By
=178y
__ B(1-B)
Vl=W)=1X] = g
B2
Y1=121= g

For both arginine and leucine, three distinct usage patterns are predicted, depend-
ing on whether a codon has total of zero, one or two G’s and C’s in the first and third
positions, those that can vary synonymously. We will refer to these codon classes as
0xGC, 1xGC and 2xGC respectively, corresponding to the three solutions above.

0xGC (arginine: Figure 4.8C, leucine: figure 4.81) and 2xGC (arginine: Figure
4.8A, leucine: Figure 4.8G) usage curves are monotonic and non-linear decreasing
and increasing respectively with increasing GC3 described by (1 — B)?/(1 + B) and
B?/(1 + B) respectively. 1xGC codons (arginine: Figure 4.8B, leucine: figure 4.8H)
show a non-monotone, asymmetric, concave distribution described by B(1— B)/(1+
B) with a peak at B = /2 — 1 ~ 0.41, below neutral bias (B = 0.5).

Intuitively, the 1xGC codons show peaked usage because when GC content is
low the 0xGC codons are strongly favored, and when GC content is high the 2xGC

codons are strongly favored. The asymmetry of the peak position is due to the fact
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Figure 4 8 Codon usage frequency for arginine and leucine based on prokaryotic data
The x-axis 18 genomic GC3 as an estimate of GC-bias, the y-axis 1s usage frequency
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1xGC leucine codons (L) GC3 for leucine codons
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that there are two 2xGC codons in each of arginine and leucine but only one 0xGC
codon. The peak position is notable as the correlation of such a curve over the range
of B = [0,1] will be negative, as shown for AGG (Figure 4.8B) and TTG (Figure
4.8H). The negative correlation is stronger when the data are richer in GC sequences,
as is the case with the H. sapiens and M. musculus data. This result provides an
alternative interpretation of the results of Kliman & Bernal (2005) who reported that
AGG and TTG codons in H. sapiens are negatively correlated with GC3, intronic
GC and expression and postulated that this may be the result of selection on these
codons. AGG and TTG are the two G-ending 1xGC codons; their observed usage
frequency patterns are predicted by our model for H. sapiens and M. musculus as
well as prokaryote and plant genomes.

Our model accounts for 72% of the variation in codon usage in prokaryotic genomes
64% in plant genomes, 52% and 36% in H. sapiens and M. musculus genes respec-
tiveiy and predicts the observed decrease in usage of AGG and TTG with increas-
ing GC-bias (see Supplemental Tables A.2, A.3, A.4 and A.5 for prokaryotic, plant,
mouse and human codon data respectively) When individual codons are summed
together for a class of solutions (0xGC, 1xGC and 2xGC for arginine and leucine
(Figures 4.8D,E,J.K) and G/C- and A/T-ending for the other amino acids (Figures
4.5E,F, 4.6C, 4.7C,D) our model accounts for 87% of variability in class usage across
prokaryotic species, 80% across plant species, 68% and 51% across H. sapiens and M.
musculus genes respectively. Details of the models’ fit to observations are provided

in Supplemental Table A.1.
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4.5 Discussion

The model presented in this chapter makes a number of predictions. The most im-
portant and notable prediction is that two G-ending codons (AGG, TTG) will show
decreasing usage with increasing GC-bias as indicated by GC3. The second prediction
of our model is that some codon frequencies will be non-linear and others linear as
a function of GC-bias. The third prediction of our model is that the per-amino acid
GC3 should be linear for all amino acids with the exception of isoleucine.

Our model predictions are most accurate in the prokaryotic data due to the large
number of species in the data set, the fact that each species data point has a high
codon count (at least 50 coding sequences and usually much more) and they cover
a broad range of GC3 values. The plant data is much more limited, consisting of
fewer genomes covering a narrower range of GC3 values. The H. sapiens and M.
musculus data also has a narrower range of GC3 values than the prokaryotic data.
The M. musculus genome, in particular, has less extreme isochores than the H. sapiens
genome (Bernardi, 2000) and has a narrower range of GC3 values.

Though the H. sapiens and M. musculus data consists of many more data points,
each data point is based on the relatively small number of codons in a single gene.
As a result of this there are strong stochastic effects and the data are quite noisy
resulting in lower prediction accuracy. Despite the limitations of the data, the key
pre(iiction of our model that AGG and TTG should have negative correlation with
respect to GC3 holds true for all the data sets as clearly shown for prokaryotic, plant,
H. sapiens and M. musculus data in Figure 4.2A.

Figure 4.4, which shows the Harvey-Collier test for linearity applied to codon
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frequencies in the prokaryotic data set, shows that the 8 most non-linear codons as a
function of GC3 are in the list of 12 that our model predicts to be non-linear. While
the results for plant, H. sapiens and M. musculus data are less definitive, we attribute
this to the properties of those data sets, as described above.

For all of the model solutions except isoleucine, the usages of G/C-ending codons
sum to B, whereas the usages of A/T-ending codons sum to 1 — B. Thus, the
observed overall GC bias in the third codon position is predicted to be followed by
each amino acid individually. Indeed, this is true for arginine and leucine as well,
thoﬁgh somewhat surprising due to the nonlinearity of the individual codon class
solutions. Isoleucine, which has an odd number of codons, is the sole exception,
the nonlinear ATC codon usage B/(2 — B) somewhat lower than B (Figure 4.6C).
This property vindicates the use of K = B/(1 — B) in our model to associate the
mutational rate K with the overall GC bias as estimate by GC3.

There are a number of deviations from our model, where codons predicted to be
linear show significant non-linearity (Figure 4.4). In some cases, deviations from the
model may be indicative of biologically significant effects; for example GGC and GGG
(glycine) show usage frequencies well above and below that of the model respectively
in H. sapiens, M. musculus, prokaryotic and plant data (see Figure 4.7 for prokaryotic
results). Low usage of GGG has been previously noted in D. melanogaster and
attributed to the avoidance of guanine runs that may participate in the formation of
G-quadruplexes, stable mRNA structures which can impede translation (Kreitman
& Antezana, 1999). The presence of G-quadruplexes in H. sapiens 5 UTRs has
been shown to repress translation (Beaudoin & Perreault, 2010). It appears from

the results of this study that such an effect may have consequences to bacterial, H.
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sapiens, M. musculus and plant codon usage as well.

Many other known influences on codon bias have not been included in our model.
Selection for increased transcriptional efficiency can be particularly strong in prokary-
otes (Xia, 1998) affects codon usage, and can vary between species. GC skew which
is present in the human genome (Comeron, 2004), vertebrate mitochondria in general
(Faith & Pollock, 2003), prokaryotes (Marin & Xia, 2008) and plants (Tatarinova
et al., 2003) can effect codon bias. Context-specific mutations, where mutations are
correlated with neighbouring bases (Jia & Higgs, 2008) may play a role in some of the
observed deviations. Nearly-neutral non-synonymous mutations may also play a role:
it has been shown that first and second position base content can vary with third
position base content in metazoan mitochondria (Urbina et al., 2006). In addition,
even if the model describes equilibrium usage correctly, coding sequences may not all
be at or near the equilibrium state described by the model; genes having recently been
subject to lateral gene transfer may not yet be in equilibrium with the host genome
(Xie et al., 2003), and recently duplicated genes may not yet be in equilibrium with
the GC-bias of their host isochore. It may be possible to incorporate some of these
effects into future refinements of our model: in particular GC skew may be modelled
using an adaptation of our method, however its position dependency poses challenges.

Despite the simplicity of this model and lack of fitted parameters, it broadly
captures codon usage trends across multiple branches of life and for a wide range of
GC-bias. The influence of GC-bias on codon usage appears to be felt most strongly
at the level of codon classes rather than the level of individual codons, and a more
detailed model will be required to explain the many deviations of individual codons

from the model.
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4.6 Conclusion

Motivated by unexpected codon usage patterns in tissue-specific M. musculus genes
we have developed a general model of codon usage under GC-biased synonymous
point mutations. The model is broadly applicable to prokaryotic and plant genomes
M. musculus and H. sapiens genes.

Our model establishes that GC-bias is the dominant factor in determining codon
bias across a broad variety of life and that the form of the influence admits a partic-
ulaﬂy simple explanation. This model provides a natural null model for codon bias
subject to GC mutational bias, relative to which further studies of codon usage may

be measured.
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Chapter 5

Conclusions

Codon bias is a universal feature of protein coding genes. The specific nature of the
codon bias observed at the level of a single gene, a set of tissue-specific genes or an
entire genome can be indicative of the selection and mutation pressures to which the
coding sequences have been subjected.

This thesis explored the relationship between codon usage and tissue-specific gene
expression in M. musculus using microarray data, testing the mutation and selection
hypotheses as well as investigating and shedding light on previously unexplained
patterns of codon usage in the codon usage of tissue-specific genes that prove to be a
general property of the genetic code subject to GC-bias.

Chapter 2 tested whether there were significant codon usage differences between
tissue-specific gene sets. It was found that there are significant differences in codon
usage but in every case the observed codon bias matched the differences in average
GC3 between tissues; this is in keeping with the mutational hypothesis but does

not.exclude the possibility that at least some of the observed differences are due to
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selection effects.

To test for selection effects, the tissue-specific genes were split into high and
low .expression sets. Significant differences in codon usage were found between high-
expression tissue-specific genes for some tissues but not in the low expression category;
this supports the selection hypothesis for some tissues, however the tissue-specific
codon differences in the high expression tissue-specific gene set were found to correlate
with the GC3 of the tissue-specific genes used. This effect may be due to co-adaptation
of tissue GC-bias and tissue-specific tRNA pools with the effect being most apparent
in high expression genes.

Finally, tissue-specific genes were grouped by lineage to test for lineage specific
selection effects; though general differences in lineage specific codon usage were found,
they too correspond to the GC3 of the lineage gene groupings. The fact that high and
low expression genes show significant differences in codon usage between tissues does
not support the hypothesis that there is adaptation to lineage specific tRNA pools.

Chapter 3 studied the proximity of tissue-specific and lineage specific genes and
investigated whether groupings of such genes on the same isochore leading to similar
GC-bias and hence GC3 may explain significant differences in tissue-specific GC3.
Though some clustering of tissue-specific genes was found to be associated with gene
clusters in embryonic dermal tissue, the tissues found to show significant gene GC3
differences were not found to have significant levels of gene clustering. Coexistence
of multiple genes on the same isochore was therefore rejected as a cause of difference
in GC3 between tissue-specific genes.

The analysis of Chapter 4 was based on an unexpected feature found in tissue-

specific mouse genes. AGG and TTG were found to be the only G or C ending
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codons whose usage decreases with increasing GC3; all others increase. This effect
has previously been reported in the human genome by Kliman & Bernal (2005) who
attributed it to species specific selection, however further investigation revealed that
this property of AGG and TTG is ubiquitous, present in H. sapiens and M. musculus
genes as well as bacterial and plant genomes. We hypothesized that the unusual
responses of these codons may result from the structure of possible synonymous single
site substitutions within arginine and leucine, and built a continuous-time Markov
chain based model of codon bias subject to GC-bias for all amino acids. This model
was shown to explain the observed AGG and TTG usage for mouse, human, plant and
prokaryotes as well provide novel predictions of nonlinear and non-monotone codon
usage under GC-bias for some codons. The model accounts for 72%, 64%, 52% and
36% of the observed variability of codon usage in prokaryotes, plants, human and
mouse respectively. When codons are grouped based on common GC content, 87%,
80%, 68% and 51% of the variation in usage is explained for prokaryotes, plants,
human and mouse respectively.

There are two key findings to this work. The first key finding is that tissue-
specific codon bias due to translational selection appears to be present in mouse
and corresponds to the GC3 biases of the tissue. This leads to the hypothesis that
tRNA concentration itself corresponds to the tissue-specific GC3; this is evidence for
co-adaptation of tissue GC-bias and tissue-specific tRNA pools. Validation of this
hypothesis and further work on tissue-specific selection effects in mouse would be
aided by tRNA abundance measures as it would indicate the specific tRNA that are
being adapted to; currently however, very limited data of this type is available.

The second key finding of this work is that a simple continuous time Markov chain
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model of codon usage subject to GC mutational bias can explain a large proportion of
codon usage across all branches of life. The predictions made by this model for 2 and
4 codon family amino acids are in keeping with general expectations of codon usage
under GC-bias; linear and corresponding to the 3' codon position. Predictions for
arginine, leucine and isoleucine, however, are novel, predicting nonlinear and in some
cases non-monotone usage patterns. The predicted negative correlation of AGG and
TTG with GC-bias, in particular, is observable across all branches of life. This model
establishes that GC-bias is the dominant factor in determining codon bias across a
broad variety of life and that the form of the influence admits a particularly simple
explanation. It provides a natural null model for codon bias subject to GC mutational

bias, relative to which further studies of codon usage may be measured.
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Appendix A

Supplemental Tables

Table A.1: Model correspondence with observed codon usage variance as a function of GC3

00T

prokaryotic plant human mouse

variance variance variance variance
AA model codons explained codons explained codons explained codons explained
phe AT 10988263 0.898 2594593 0.823 173436 0.679 175479 0.528
phe GC 12013093 0.898 2905632 0.823 192286 0.679 211917 0.528
tyr AT 9201253 0.742 1870051 0.807 113688 0.652 113750 0.440
tyr  GC 12013093 0.898 2905632 0.823 166622 0.679 184539 0.520
his AT 6178184 0.706 1784746 0.818 103321 0.688 101502 0.495
his GC 6316853 0.706 1509844 0.818 136463 0.688 136838 0.495
gln AT 9051291 0.861 2540964 0.698 130992 0.601 127313 0.448
glh GC 12741003 0.861 2537456 0.698 355169 0.601 356614 0.448
asn AT 11057828 0.911 2842844 0.814 172239 0.690 159909 0.487
asn GC 10469487 0.911 2818743 0.814 178538 0.690 196444 0.487

| Continued on next page
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prokaryotic plant human ‘mouse

variance variance variance variance
AA model codons explained codons explained codons explained codons explained
lys AT 15857845 0.839 3353480 0.779 267460 0.700 246815 0.545
lus GC 12101933 0.839 4528104 0.779 330208 0.700 356853 0.545
asp AT 16215879 0.887 4314822 0.875 229567 0.716 223640 0.473
asp GC 15956872 0.887 3185110 0.875 254208 0.716 267643 0.473
glu AT 19825452 0.680 4111542 0.832 323804 0.782 306083 0.613
glu GC 15923811 0.680 4611173 0.832 425224 0.782 427625 0.613
cys AT 2211343 0.890 1115436 0.724 94049 0.610 101605 0.414
cys GC 3447583 0.900 1193908 0.710 104877 0.610 103613 0.414
ile ile. AT 18891320 0.922 4318096 0.818 242612 0.753 240336 0.611
ile ile.GC 16372164 0.879 2697546 0.689 197793 0.383 221570 0.199
val AT 14834280 0.956 4046369 0.924 193136 0.770 199274 0.616
val GC 27876359 0.956 4925598 0.924 437393 0.770 460214 0.616
pro AT 9187802 0.922 4313479 0.874 375783 0.692 391518 0.471
pro GC 17904668 0.922 2944543 0.874 293551 0.692 262431 0.471
thr AT 10969085 0.943 4021832 0.861 300077 0.748 319255 0.570
thr GC 20690712 0.943 3240293 0.861 252253 0.748 252340 0.570
ala AT 18984535 0.953 5615206 0.884 369384 0.737 393130 0.555
ala GC 40427712 0.953 4917463 0.884 380772 0.737 350838 0.555
gly AT 17368030 0.917 5150990 0.820 290784 0.748 304092 0.565
gly GC 27604982 0.917 4186564 0.820 412699 0.748 387849 0.565
arg 0xGC 3344449 0.720 1941778 0.624 128098 0.586 132926 0.444
arg 1xGC 12287867 0.395 4008656 0.436 292692 0.466 300988 0.324
arg 2xGC 20631556 0.892 2351844 0.826 231782 0.702 210099 0.566
leu 0xGC 9114156 0.920 1490706 0.476 85743 0.366 78921 0.221
leu 1xGC 18968003 0.762 6548104 0.709 364180 0.613 392758 0.460
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prokaryotic plant human mouse

variance variance variance variance
AA model codons explained codons explained codons explained codons explained
leu 2xGC 32576166 0.949 4715407 0.927 630429 0.824 648195 0.677
ser AT 14068344 0.501 6278147 0.480 441343 0.414 463796 0.330
ser GC 20994445 0.501 5188879 0.480 453625 0.414 460583 0.330
serd AT 9301232 0.639 4678203 0.626 304890 0.478 319399 0.350
serd GC 12729104 0.639 3410580 0.626 240043 0.478 243426 0.350
ser2 AT 4767112 0.916 1599944 0.851 136453 0.523 144397 0.353
ser2 GC 8265341 0.916 1778299 0.851 213582 0.523 217157 0.353




Table A.2: Prokaryote codon usage correspondence with model

codon, AA codon variance correlation Harvey-Collier

and model count explained coefficient Statistic  p-value
phe TTT (AT) 10988263 0.898 -0.951 8.298 3.87E-16
phe TTC (GC) 12013093 0.898 0.951 8.298 3.87E-16
tyr TAT (AT) 9201253 0.742 -0.880 2.278 0.023
tyr TAC (GC) 7867529 0.742 0.880 2.278 0.023
his CAT (AT) 6178184 0.706 -0.881 2.0563  0.0404
his CAC (GC) 6316853 0.706 0.881 2.0563  0.0404
gln CAA (AT) 9051291 0.861 -0.929 2.888 0.00397
gln CAG (GC) 12741003 0.861 0.929 2.888 0.00397
asn AAT (AT) 11057828 0.911 -0.956 1.544 0.123
asn AAC (GC) 10469487 0.911 0.956 1.544 0.123
lys AAA (AT) 15857845 0.839 -0.916 8.031 3.04E-15
lys AAG (GC) 12101933 0.839 0.916 8.031 3.04E-15
asp GAT (AT) 16215879 0.887 -0.945 7.500 1.54E-13
asp GAC (GC) 15956872 0.887 0.945 7.500 1.54E-13
glu GAA (AT) 19825452 0.680 -0.878 3.435 0.00062
glu GAG (GC) 15923811 0.680 0.878 3.435 0.00062
cys TGT (AT) 2211343 0.890 -0.944 1.025 0.306
cys TGC (GC) 3447583 0.900 0.950 0.757 0.449
ile ATT (AT) 13168072 0.715 -0.867 15.149 2.59E-46
ile ATA (AT) 5723248 0.408 -0.667 5.630 2.41E-08
ile ATC (GC) 16372164 0.922 0.962 9.145 3.94E-19
val GTT (AT) 8744470 0.868 -0.946 4.128 4E-05
val GTA (AT) 6089810 0.832 -0.912 7.445 2.28E-13
val GTC (GC) 12471508 0.811 0.904 1.462 0.144
val GTG (GC) 15404851 0.764 0.877 3.810 0.000148
pro CCT (AT) 4590218 0.854 -0.931 0.114 0.909
pro CCA (AT) 4597584 0.771 -0.892 0.751 0.453
pro CCC (GC) 6619106 0.670 0.828 0.499 0.618
pro CCG (GC) 11285562 0.705 0.888 0.151 0.88
thr ACT (AT) 5227150 0.852 -0.927 5.888 5.54E-09
thr ACA (AT) 5741935 0.842 -0.924 3.687 0.000241
thr ACC (GC) 12335617 0.736 0.902 2.637 0.00852
thr ACG (GC) 8355095 0.536 0.760 3.692 0.000236
ala GCT (AT) 9025169 0.858 -0.934 1.310 0.191
ala GCA (AT) 9959366 0.849 -0.922 2.999 0.00278
ala GCC (GC) 21341987 0.812 0.919 2.487  0.0131
ala GCG (GC) 19085725 0.711 0.845 0.917 0.359
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codon, AA codon variance correlation Harvey-Collier
and model count explained coefficient Statistic ~ p-value
gly GGT (AT) 10125504 0.707 -0.843 6.352 3.38E-10
gly GGA (AT) 7242526 0.614 -0.789 8.519 6.77TE-17
gly GGC (GC) 20415518 0.738 0.926 1.473 0.141
gly GGG (GC) 7189464 -2.022 0.455 6.542 1.02E-10
arg AGA (0xGC) 3344449 0.720 -0.786 17.291 5.21E-58
arg CGT (1xGC) 6181904 0.295 -0.515 12.138 1.71E-31
arg CGA (1xGC) 2530646 0.141 -0.443 9.502 1.82E-20
arg AGG (1xGC) 2328501 0.043 -0.208 4.328 1.68E-05
arg CGC (2xGC) 14023053 0.734 0.877 0.377 0.707
arg CGG (2xGC) 6608503 0.580 0.827 2.905 0.00377
leu TTA (0xGC) 9114156 0.920 -0.915 21.850 3.88E-85
leu CTT (1xGC) 7454352 0.444 -0.691 11.810 5.19E-30
leu CTA (1xGC) 3264509 0.375 -0.766 7.379 3.64E-13
leu TTG (1xGC) 8249142 0.435 -0.409 16.328 1.19E-52
leu CTC (2xGC) 11017176 0.601 0.818 3.486 0.000514
leu CTG (2xGC) 21558990 0.737 0.913 1.166 0.244
ser TCC (GC) 5747338 0.657 0.811 0.686 0.493
ser TCG (GC) 6981766 0.718 0.878 6.632 5.73E-11
ser TCT (AT) 4722792 0.839 -0.928 2.023 0.0433
ser TCA (AT) 4578440 0.824 -0.911 0.660 0.51
ser AGC (GC) 8265341 0.655 0.810 6.025 2.47E-09
ser AGT (AT) 4767112 0.856 -0.925 3.650 0.000277
serd TCC (GC) 5747338 0.702 0.838 2398  0.0167
serd TCG (GQ) 6981766 0.732 0.891 5.477 5.64E-08
ser4 TCT (AT) 4722792 0.861 -0.946 2.142  0.0325
serd TCA (AT) 4578440 0.820 -0.913 2.669 0.00774
ser2 AGC (GC) 8265341 0.916 0.960 5.257 1.83E-07
ser2 AGT (AT) 4767112 0.916 -0.960 5.257 1.83E-07
Table A.3: Plant codon usage correspondence with model
codon, AA codon variance correlation Harvey-Collier
and model count explained coefficient Statistic  p-value
phe TTT (AT) 2594593 0.823 -0.908 3.594 0.000413
phe TTC (GC) 2905632 0.823 0.908 3.594 0.000413
tyr TAT (AT) 1870051 0.807 -0.902 1.366 0.173
tyr TAC (GC) 2040582 0.807 0.902 1.366 0.173
his CAT (AT) 1784746 0.818 -0.905 0.753 0.452
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codon, AA codon variance correlation Harvey-Collier

and model count explained coefficient Statistic  p-value
his CAC (GC) 1509844 0.818 0.905 0.753 0.452
gln CAA (AT) 2540964 0.698 -0.836 1.410 0.16
gln CAG (GC) 2537456 0.698 0.836 1.410 0.16
asn AAT (AT) 2842844 0.814 -0.910 3.040  0.0027
asn AAC (GC) 2818743 0.814 0.910 3.040  0.0027
lys AAA (AT) 3353480 0.779 -0.884 0.970 0.333
lys AAG (GC) 4528104 0.779 0.884 0.970 0.333
asp GAT (AT) 4314822 0.875 -0.945 1.042 0.299
asp GAC (GC) 3185110 0.875 0.945 1.042 0.299
glu GAA (AT) 4111542 0.832 -0.912 1.070 0.286
glu GAG (GC) 4611173 0.832 0.912 1.070 0.286
cys TGT (AT) 1115436 0.724 -0.853 1.941  0.0537
cys TGC (GC) 1193908 0.710 0.845 1.428 0.155
ile ATT (AT) 2819055 0.666 -0.845 0.098 0.922
ile ATA (AT) 1499041 0.561 -0.766 0.856 0.393
ile ATC (GC) 2697546 0.818 0.921 0.627 0.5631
val GTT (AT) 2854297 0.737 -0.918 0.982 0.327
val GTA (AT) 1192072 0.374 -0.776 2.162  0.0318
val GTC (GC) 2247969 0.542 0.755 0.802 0.423
val GTG (GC) 2677629 0.319 0.570 0.661 0.509
pro CCT (AT) 2211535 0.538 -0.737 0.635 0.526
pro CCA (AT) 2101944 0.542 -0.751 2.351  0.0197
pro CCC (GC) 1405766 0.594 0.780 0.243 0.808
pro CCG (GC) 1538777 0.554 0.753 2.096 0.0374
thr ACT (AT) 2102544 0.695 -0.840 4.373 2.01E-05
thr ACA (AT) 1919288 0.725 -0.859 2.031 0.0436
thr ACC (GC) 1926505 0.663 0.830 1.979  0.0493
thr ACG (GC) 1313788 0.475 0.690 3.092 0.00228
ala GCT (AT) 3224056 0.654 -0.826 6.337 1.61E-09
ala GCA (AT) 2391150 0.703 -0.843 3.266  0.00129
ala GCC (GC) 2773712 0.721 0.870 1.401 0.163
ala GCG (GC) 2143751 0.580 0.764 4.145 5.09E-05
gly GGT (AT) 2638534 0.393 -0.627 1.019 0.31
gly GGA (AT) 2512456 0.551 -0.742 0.222 0.824
gly GGC (GC) 2494847 0.670 0.939 4.163 4.73E-05
gly GGG (GC) 1691717 -1.161 0.040 1.613 0.108
arg AGA (0xGC) 1941778 0.624 -0.803 1.230 0.22
arg CGT (1xGC) 1107243 0.001 -0.159 0.430 0.667
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codon, AA codon variance correlation Harvey-Collier

and model count explained coefficient Statistic ~ p-value
arg CGA (1xGC) 960894 -0.062 0.014 0.177 0.859
arg AGG (1xGC) 1617506 0.104 -0.350 2.639 0.00898
arg CGC (2xGC) 1297614 0.706 0.875 3.532 0.000517
arg CGG (2xGC) 1054230 -0.266 0.662 1.399 0.163
leu TTA (0xGC) 1490706 0.476 -0.779 5.638 6.04E-08
leu CTT (1xGC) 2579575 0.410 -0.713 3.318 0.00109
leu CTA (1xGC) 1264980 0.331 -0.594 3.207 0.00157
leu TTG (1xGC) 2703549 0.381 -0.769 0.930 0.353
leu CTC (2xGC) 2546375 0.602 0.792 1.315 0.19
leu CTG (2xGC) 2169032 0.670 0.822 2.087  0.0382
ser TCC (GC) 1959155 0.448 0.670 2.854 0.00479
ser TCG (GC) 1451425 0.587 0.774 2.640 0.00896
ser TCT (AT) 2603305 0.682 -0.840 0.952 0.342
ser TCA (AT) 2074898 0.732 -0.874 1.252 0.212
ser AGC (GC) 1778299 0.664 0.830 0.138 0.89
ser AGT (AT) 1599944 0.654 -0.818 0.402 0.688
serd TCC (GC) 1959155 0.632 0.796 3.027 0.00281
serd TCG (GC) 1451425 0.628 0.806 3.028 0.0028
serd TCT (AT) 2603305 0.723 -0.855 1.333 0.184
serd TCA (AT) 2074898 0.730 -0.862 0.868 0.387
ser2 AGC (GC) 1778299 0.851 0.924 1.724  0.0864
ser2 AGT (AT) 1599944 0.851 -0.924 1.724  0.0864

Table A.4: Human codon usage correspondence with model

codon, AA codon variance correlation Harvey-Collier

and model genes count explained coeflicient Statistic ~ p-value
phe TTT (AT) 14030 173436 0.679 -0.824 4.803 1.58E-06
phe TTC (GC) 14030 192286 0.679 0.824 4.803 1.58E-06
tyr TAT (AT) 11445 113688 0.652 -0.807 8.966 3.55E-19
tyr TAC (GC)  .11445 133052 0.652 0.807 8.966 3.55E-19
his CAT (AT) 10656 103321 0.688 -0.831 4.026 5.71E-05
his CAC (GC) 10656 136463 0.688 0.831 4.026 5.71E-05
gln CAA (AT) 15160 130992 0.601 -0.795 8.000 1.33E-15
gln CAG (GC) 15160 355169 0.601 0.795 8.000 1.33E-15
asn AAT (AT) 12803 172239 0.690 -0.831 6.833 8.6TE-12
asn AAC (GC) 12803 178538 0.690 0.831 6.833 8.67E-12
lys AAA (AT) 16082 267460 0.700 -0.836 5.753 8.94E-09
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codon, AA codon variance correlation Harvey-Collier

and model genes count explained coefficient Statistic p-value
lys AAG (GC) 16082 330208 0.700 0.836 5.753 8.94E-09
asp GAT (AT) 14945 229567 0.716 -0.846 7.267 3.87E-13
asp GAC (GC) 14945 254208 0.716 0.846 7.267 3.87TE-13
glu GAA (AT) 16923 323804 0.782 -0.893 5.800 6.73E-09
glu GAG (GC) 16923 425224 0.782 0.893 5.800 6.73E-09
cys TGT (AT) 9247 94049 0.610 -0.781 3.025 0.0025
cys TGC (GC) 9247 104877 0.610 0.781 3.025 0.0025
ile ATT (AT) 14420 164370 0.512 -0.748 15.424 3.01E-53
ile ATA (AT) 14420 78242 0.478 -0.703 8.382 5.68E-17
ile ATC (GC) 14420 197793 0.753 0.887 8.384 5.59E-17
val GTT (AT) 17223 117047 0.593 -0.784 4.195 2.74E-05
val GTA (AT) 17223 76089 0.486 -0.709 19.607 1.13E-84
val GTC (GC) 17223 147911 0.091 0.438 16.664 7.27FE-62
val GTG (GC) 17223 289482 0.502 0.751 0.567 0.571
pro CCT (AT) 17122 191056 0.403 -0.635 13.046 1.02E-38
pro CCA (AT) 17122 184727 0.437 -0.662 3.638 0.000275
pro CCC (GC) 17122 215796 0.484 0.718 2.320 0.0203
pro CCG (GC) 17122 77755 0.277 0.564 15.993 3.68E-57
thr ACT (AT) 16399 140788 0.461 -0.682 6.609 3.99E-11
thr ACA (AT) 16399 159289 0.431 -0.659 5.761  8.5E-09
thr ACC (GC) 16399 190611 0.503 0.746 2.539 0.0111
thr ACG (GC) 16399 61642 0.317 0.597 18.307 3.97E-74
ala GCT (AT) 18263 196875 0.442 -0.665 13.045 1.01E-38
ala GCA (AT) 18263 172509 0.486 -0.698 2.508 0.0121
ala GCC (GC) 18263 299152 0.505 0.746 1.420 0.156
ala GCG (GC) 18263 81620 0.197 0.517 12.858 1.13E-37
gly GGT (AT) 17891 113971 0.217 -0.556 4.274 1.93E-05
gly GGA (AT) 17891 176813 0.556 -0.779 3.588 0.000334
gly GGC (GC) 17891 237875 0.508 0.750 16.087 8.02E-58
gly GGG (GC) 17891 174824 0.108 0.442 17.050 1.14E-64
arg AGA (0xGC) 17232 128098 0.586 -0.796 8.542 1.43E-17
arg CGT (1xGC) 17232 47554 -0.070 -0.214 1.047 0.295
arg CGA (1xGC) 17232 64797 0.107 -0.335 10.183 2.76E-24
arg AGG (1xGC) 17232 125902 0.034 -0.113 26.824 2.62E-155
arg CGC (2xGC) 17232 109870 0.529 0.718 25.134 6.19E-137
arg CGG (2xGC) 17232 121912 0.392 0.646 3.188  0.00144
leu TTA (0xGC) 19432 85743 0.366 -0.759 35.358 1.86E-265
leu CTT (1xGC) 19432 145855 0.346 -0.715 1.029 0.303
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and model genes count explained coefficient Statistic ~ p-value
leu CTA (1xGC) 19432 77598 0.209 -0.513 3.581 0.000343
leu TTG (1xGC) 19432 140727 0.299 -0.560 18.149 5.22E-73
leu CTC (2xGC) 19432 207573 -0.012 0.519 16.304 2.28E-59
leu CTG (2xGC) 19432 422856 0.635 0.848 8.463 2.78E-17
ser TCC (GC) 18651 191285 0.307 0.555 9.142 6.72E-20
ser TCG (GC) 18651 48758 0.121 0.493 15.613 1.31E-54
ser TCT (AT) 18651 167659 0.371 -0.613 9.239 2.75E-20
ser TCA (AT) 18651 137231 0.404 -0.637 4.151 3.33E-05
ser AGC (GQC) 18651 213582 0.399 0.669 5.664  1.5E-08
ser AGT (AT) 18651 136453 0.354 -0.596 2.162 0.0306
ser4 TCC (GC) 18649 191285 0.416 0.672 4502 6.78E-06
ser4d TCG (GC) 18649 48758 0.234 0.529 18.592 1.84E-76
ser4 TCT (AT) 18649 167659 0.355 -0.597 11.431  3.7E-30
ser4 TCA (AT) 18649 137231 0.371 -0.610 1.662 0.0965
ser2 AGC (GC) 18633 213582 0.523 0.724 2.230 0.0258
ser2 AGT (AT) 18633 136453 0.523 -0.724 2.230 0.0258

Table A.5: Mouse codon usage correspondence with model

codon, AA codon variance correlation Harvey-Collier

and model genes count explained coefficient Statistic p-value
phe TTT (AT) 15071 175479 0.528 -0.728 2.382 0.0172
phe TTC (GC) 15071 211917 0.528 0.728 2.382 0.0172
tyr TAT (AT) 12370 113750 0.440 -0.664 3.462 0.000538
tyr TAC (GC) 12370 144220 0.440 0.664 3.462 0.000538
his CAT (AT) 10879 101502 0.495 -0.704 9.087 1.19E-19
his CAC (GC) 10879 136838 0.495 0.704 9.087 1.19E-19
gln CAA (AT) 15377 127313 0.448 -0.679 17.169 1.86E-65
gln CAG (GC) 15377 356614 0.448 0.679 17.169 1.86E-65
asn AAT (AT) 14002 159909 0.487 -0.698 10.347  5.3E-25
asn AAC (GC) 14002 196444 0.487 0.698 10.347  5.3E-25
lyss AAA (AT) 17426 246815 0.545 -0.739 3.992 6.57E-05
lys AAG (GC) 17426 356853 0.545 0.739 3.992 6.57E-05
asp GAT (AT) 15506 223640 0.473 -0.691 11.141 1.02E-28
asp GAC (GC) 15506 267643 0.473 0.691 11.141 1.02E-28
glu GAA (AT) 17305 306083 0.613 -0.788 15.135 2.03E-51
glu GAG (GC) 17305 427625 0.613 0.788 15.135 2.03E-51
cys TGT (AT) 9816 101605 0.414 -0.644 4.657 3.25E-06
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codon, AA codon variance correlation Harvey-Collier

and model genes count explained coefficient Statistic p-value
cys TGC (GC) 9816 103613 0.414 0.644 4.657 3.25E-06
ile ATT (AT) 15792 161555 0.326 -0.599 14.405 9.55E-47
ile ATA (AT) 15792 78781 0.353 -0.611 5.863 4.63E-09
ile ATC (GC) 15792 221570 0.611 0.809 9.548 1.51E-21
val GTT (AT) 18399 118177 0.429 -0.672 10.683 1.46E-26
val GTA (AT) 18399 81097 0.272 -0.538 18.920 4.37E-79
val GTC (GC) 18399 161901 0.017 0.300 12.312 1.06E-34
val GTG (GC) 18399 298313 0.355 0.638 6.498 8.35E-11
pro CCT (AT) 17864 201542 0.199 -0.448 14.936 3.84E-50
pro CCA (AT) 17864 189976 0.235 -0.485 20.332 7.15E-91
pro CCC (GC) 17864 194858 0.267 0.523 24.379 3.62E-129
pro CCG (GC) 17864 67573 0.178 0.446 11.900 1.58E-32
thr ACT (AT) 17609 146815 0.265 -0.515 7.597 3.18E-14
thr ACA (AT) 17609 172440 0.278 -0.531 1.857 0.0633
thr ACC (GC) 17609 193904 0.356 0.636 2.752  0.00593
thr ACG (GC) 17609 58436 0.132 0.432 8.358 6.86E-17
ala GCT (AT) 19101 217708 0.221 -0.472 22.327 5.05E-109
ala GCA (AT) 19101 175422 0.336 -0.584 3.250  0.00116
ala GCC (GC) 19101 279002 0.328 0.593 12.976  2.42E-38
alas GCG (GC) 19101 71836 0.151 0.431 13.155 2.35E-39
gly GGT (AT) 18700 122576 0.066 -0.372 10.790 4.63E-27
gly GGA (AT) 18700 181516 0.385 -0.652 2.149 0.0316
gly GGC (GC) 18700 225304 0.375 0.654 9.533 1.72E-21
gly GGG (GC) 18700 162545 -0.008 0.283 17.654  3.44E-69
arg AGA (0xGC) 18001 132926 0.444 -0.721 0.007 0.994
arg CGT (1xGC) 18001 49789 -0.106 -0.029 0.225 0.822
arg CGA (1xGC) 18001 71342 -0.023 -0.105 2.383 0.0172
arg AGG (1xGC) 18001 132693 0.046 -0.133 25.956 7.53E-146
arg CGC (2xGC) 18001 99327 0.417 0.645 24.260 5.83E-128
arg CGG (2xGC) 18001 110772 0.251 0.517 3.723  0.000197
len TTA (0xGC) 20983 78921 0.221 -0.652 2.255 0.0242
leu CTT (1xGC) 20983 152022 0.233 -0.595 3.785  0.000154
leu CTA (1xGC) 20983 90311 0.082 -0.322 6.848  7.7TE-12
leu TTG (1xGC) 20983 150425 0.148 -0.383 20.290 1.17E-90
leu CTC (2xGC) 20983 218998 -0.070 0.344 16.982 3.02E-64
lew CTG (2xGC) 20983 429197 0.496 0.753 4.377 1.21E-05
ser TCC (GC) 20080 196513 0.177 0.421 9.349 9.74E-21
ser TCG (GC) 20080 46913 0.067 0.391 10.816 3.43E-27
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ser TCT (AT) 20080 183526 0.221 -0.474 16.122 4.12E-58
ser TCA (AT) 20080 135873 0.239 -0.489 11.003 4.43E-28
ser AGC (GC) 20080 217157 0.274 0.563 7976 1.59E-15
ser AGT (AT) 20080 144397 0.208 -0.457 21.902 4.18E-105
serd TCC (GC) 20079 196513 0.274 0.544 1.076 0.282
serd TCG (GC) 20079 46913 0.142 0.423 13.055  8.6E-39
ser4 TCT (AT) 20079 183526 0.212 -0.462 1.855 0.0637
serd TCA (AT) 20079 135873 0.204 -0.452 6.809 1.01E-11
ser2 AGC (GC) 20067 217157 0.353 0.594 5.408 6.43E-08
ser2 AGT (AT) 20067 144397 0.353 -0.594 5.408 6.43E-08

Table A.6: Genes closer than 2MB by tissue

Tissue Genel Gene2 Chrom Distance
BM [l6ra Tpm3 3 159490
BM Tpm3 S100a7a 3 591730
BM Bex6 Mucl3 16 1607088
EAT Fgf23 AC123060.4 6 1357647
EB5d AI894139 2tp777 6 58900
EB5d Cblnl Zfp423 8 189216
EB5d Zip423 Nkd1 8 561799
EB5d Punc Zfp609 9 509605
EB5d Mytl1l Dus4l 12 1719213
EB5d Skiv2]2 Ndufs4 13 1361271
EB5d Clybl Tmtc4 14 516747
EB5d Htr7 Tnks2 19 777178
ECT Jph2 Wisp2 2 422906
ECT Cgrefl Fosl2 5 1190442
ECT Snx29 C530044N13Rik 16 48255
EDT BC030307 Pah 10 745088
EDT Krté6b Krtb 15 26781
EDT Krth Gpr84 15 1595348
EFB Hoxal Hoxa2 6 4198
EFB Foxf2 Serpinblb 13 1452767
EFB Gpr64 Scml?2 X 619123
ES2d Tmem79 Pklr 3 801720
ES2d Mnx1 Slchab 5 1533399
ES2d Susd2 Sle19al 10 1389279
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ES2d Kank3 Psorslc2 17 1710287
GEE13.5 Gad2 Cacnalb 2 1910017
GEE13.5 Cacnalb Bmyc 2 943678
GEE13.5 Bmyc Med22 2 1197597
GEE13.5 Abll Sle25a25 2 610261
GEE13.5 Stk39 Klhl23 2 1350205
GEE13.5 Klhi23 Gadl 2 725516
GEE13.5 9830001H06Rik Vstm?2l 2 835399
GEE13.5 Vstm2l Sle32al 2 666039
GEE13.5 Glrb Mtap9 3 1444455
GEE13.5 Tdrkh Sv2a 3 1749696
GEE13.5 Magi3 6530418L21Rik 3 1483434
GEE13.5 Srdba2l2 Ephab 5 702596
GEE13.5 Rph3a A930024E05Rik 5 1979836
GEE13.5 Slc29a4 Rnf216 5 554129
GEE13.5 Rnf216 Zfp12 5 122214
GEE13.5 Zfpl2 Zfp316 5 3779
GEE13.5 Zfp316 Tmem130 5 1465166
GEE13.5 Asb4 DIxb 6 1444783
GEE13.5 Hdacll Wnt7a 6 189301
GEE13.5 Atp2b2 Sle6all 6 89215
GEE13.5 Zfp6l Grik5 7 710533
GEE13.5 Ntrk3 Polg 7 871408
GEE13.5 Sez6]2 Zfp629 7 636425
GEE13.5 Deafl Tmem80 7 552
GEE13.5 Tmem80 Brsk2 7 612602
GEE13.5 Lig4 Ingl 8 1579766
GEE13.5 Nr2c2ap Rab3a 8 620972
GEE13.5 BC060632 Terf2ip 8 1270007
GEE13.5 Sorll Tecta 9 205334
GEE13.5 Slc38a3 Celsr3 9 1158921
GEE13.5 Ascc2 Zmiz2 11 1703770
GEE13.5 Zmiz2 Adcyl 11 657327
GEE13.5 Ntbm Mapk7 11 1612282
GEE13.5 Mapk7 3110043A19Rik 11 10190
GEE13.5 3110043A19Rik Zfp286 11 1273332
GEE13.5 Efnb3 0610025P10Rik 11 341713
GEE13.5 0610025P10Rik Wscdl 11 1836883
GEE13.5 Myol8a Sez6 11 64963
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GEE13.5 D030028A08Rik Stard3 11 1398322
GEE13.5 Stard3 Thra 11 360802
GEE13.5 Grin2c 2310004N24Rik 11 931646
GEE13.5 D11Bwg0517e  2900052L18Rik 11 1318282
GEE13.5 Galntll Smocl 12 422935
GEE13.5 Gprinl Snch 13 9192
GEE13.5 Wdr41 Crhbp 13 408057
GEE13.5 4931414P19Rik Thtpa 14 488927
GEE13.5 Triobp Sox10 15 149214
GEE13.5 Sox10 AW544981 15 1506867
GEE13.5 Centl C230021P08Rik 15 851112
GEE13.5 C230021P08Rik Accn2 15 212970
GEE13.5 Semabb Slc15a2 16 1085575
GEE13.5 Dscam Prdm15 16 621244
GEE13.5 A630033E08Rik Caskinl 17 1621657
GEE13.5 4930506MO0O7Rik Rabllfip2 19 829009
MAST  Medl12l Sucnrl 3 767115
MAST  Tnfaip8I2 Pex11b 3 1493076
MAST  Pexllb EG433632 3 1284807
MAST  Slc30a2 Npal3 4 1092705
MAST  Npal3 Cnr2 4 400872
MAST  Adam8 Pkp3 7 1085789
MAST  Cx3crl Entpd3 9 471563
MAST  Oit3 Cedc109a 10 6853
MAST  Pctk2 Ltadh 10 212570
MAST  Phosphol Abi3 11 1751
MAST  Mboatl 1700018A04Rik 13 1331464
MAST  Ltb4rl Cmal 14 172961
MAST  6330416L0O7Rik Zfp40 17 812481
MAST  Gnal4 Gentl 19 717855
MAST  Cd274 Pdcd1lg2 19 22825
MMS C030014K22Rik Lrreb2 1 354670
MMS Tmem87b Prosapipl 2 1778511
MMS Prosapipl Adam33 2 408265
MMS Adam33 Spefl 2 106447
MMS Spefl 2310035K24Rik 2 23142
MMS 2310035K24Rik Prokr2 2 1127325
MMS Hdhd3 Col27al 4 713198
MMS Hspb7 Zbtb17 4 19404
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MMS Cmklrl Usp30 5 449943
MMS Gprl133 Vkorelll 5 707509
MMS Chst12 Iqce 5 138269
MMS C630007B19Rik Mitf 6 1149860
MMS Tspanll Clecla 6 1473657
MMS Clecla Olr1l 6 33425
MMS 5430432N15Rik Hpsb 7 1114698
MMS Fbrs Orai3 7 278931
MMS Pstk Gpr26 7 626793
MMS Kcenqgl Osbplb 7 261712
MMS C230081A13Rik Stra6 9 1711021
MMS Glyctk Dusp7 9 210494
MMS Cacnalg Hoxb6 11 1824974
MMS Hoxb6 Hoxb2 11 50066
MMS Hoxb2 Stac2 11 1682608
MMS Tmem106a Meox1 11 285736
MMS Trim47 Mrpl38 11 21580
MMS Mrpl38 Cygb 11 507282
MMS Scfdl Strn3 12 159549
MMS Phactrl Gfodl 13 57035
MMS Gfod1l Rnf182 13 311809
MMS Tspanl7 Uncha 13 152664
MMS Nkd2 Cast 13 846674
MMS Faml67a Hmbox1 14 1351549
MMS Hmbox1 Scarab 14 716556
MMS Scarab Kctd9 14 1950662
MMS Mapkl11 Abcd2 15 1996279
MMS Krt73 Tencl 15 300603
MMS Hs3st6 C230078MO8Rik 17 1684861
MMS C230078MO8Rik Phfl 17 486814
MMS Phf1 Lemd2 17 251868
MMS Lemd2 Slc26a8 17 1433361
MMS Entpdl Ubtdl 19 1240161
SBM Ermap Scmhl 4 1215433
SBM Tmem120b Rsrc2 5 611106
SBM Rsrec2 Setd8 5 690518
SBM Wnk1 Mugl 6 1800762
SBM Cd79a Zfp526 7 319594
SBM Zfp689 1110007A13Rik 7 1248609
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SBM Kifl Mylk3 8 419162
SBM Cdyl2 Pkd112 8 262688
SBM Ankrd43 Slc22ad 11 502852
SBM Slc22a4 Anxab 11 951018
SBM Zp39 A230051G13Rik 11 251144
SBM Fnth Plek2 12 1968052
SBM Cecdc88c Smekl 12 10540
SBM Ctsb Gatad 14 55781
SBM Xrecb C920005C14Rik 15 301123

Table A.7: Genes closer than 2MB by lineage

Lineage Genel Gene2 Chrom Distance
" External Ectoderm AC119809.10 N1r2 1 363745
External Ectoderm C030014K22Rik Lrrc52 1 354670
External Ectoderm Disp2 Dli4 2 514523
External Ectoderm Tmem87b Prosapipl 2 1778511
External Ectoderm Prosapipl Adam33 2 408265
External Ectoderm Adam33 Spefl 2 106447
External Ectoderm Spefl 2310035K24Rik 2 23142
External Ectoderm 2310035K24Rik  Prokr2 2 1127325
External Ectoderm Fcgrl Itgall 3 351328
External Ectoderm Casq2 Syt6 3 1428721
External Ectoderm Hdhd3 Col27al 4 713198
External Ectoderm Rspol Zc3h12a 4 109370
External Ectoderm Hspb7 Zbtbl7 4 19404
External Ectoderm Cmklirl Usp30 5 449943
External Ectoderm Gprl33 Vkorclll 5 707509
External Ectoderm Chst12 Igce 5 138269
- External Ectoderm C630007B19Rik Mitf 6 1149860
External Ectoderm Atg7 Plxnd1 6 1094216
External Ectoderm Fgf23 Tspanll 6 806214
External Ectoderm Tspanll AC123060.4 6 486024
External Ectoderm AC123060.4 Clecla 6 950841
External Ectoderm Clecla Olrl 6 33425
External Ectoderm 5430432N15Rik  Hps5 7 1114698
External Ectoderm Fbrs Orai3 7 278931
- External Ectoderm Pstk Gpr26 7 626793
External Ectoderm Kengl Osbpld 7 261712
| Continued on next page ]

114



[ Continued from previous page

Lineage Genel Gene2 Chrom Distance
External Ectoderm Rab20 Gasb6 8 1986738
- External Ectoderm Nat2 Slcl8al 8 1535132
External Ectoderm C230081A13Rik Stra6 9 1711021
External Ectoderm Clstn2 Mrps22 9 555760
External Ectoderm Acpp Glyctk 9 1815139
External Ectoderm Glyctk Dusp7 9 210494
External Ectoderm BC030307 Pah 10 745088
External Ectoderm Cacnalg Hoxb6 11 1824974
External Ectoderm Hoxb6 Hoxb2 11 50066
- External Ectoderm Hoxb2 Stac2 11 1682608
External Ectoderm Aoc3 Tmem106a 11 240304
External Ectoderm Tmem106a Meox1 11 285736
External Ectoderm Trim47 Mrpl38 11 21580
External Ectoderm Mrpl38 Cygb 11 507282
External Ectoderm Scfdl Strn3 12 159549
External Ectoderm Phactrl Gfodl 13 57035
External Ectoderm Gfodl Rnf182 13 311809
External Ectoderm Tspanl7 Uncba 13 152664
External Ectoderm Nkd2 Cast 13 846674
External Ectoderm Faml167a Hmbox1 14 1351549
External Ectoderm Hmbox1 Scarab 14 716556
External Ectoderm Scarab Kctd9 14 1950662
External Ectoderm Scel Pou4fl 14 848987
External Ectoderm Clqtnf6 Sstr3 15 7397
External Ectoderm Mapkll Abcd?2 15 1996279
- External Ectoderm Krt6b Krtb 15 26781
External Ectoderm Krtb Krt73 15 80417
External Ectoderm Krt73 Tencl 15 300603
External Ectoderm Tencl Gpr&4 15 1191848
External Ectoderm Stfal Plala 16 1940727
External Ectoderm Hs3st6 C230078MO8Rik 17 1684861
External Ectoderm C230078MO8Rik Nkx2-5 17 392352
External Ectoderm Nkx2-5 Phfl 17 91562
- External Ectoderm Phfl Lemd?2 17 251868
External Ectoderm Lemd2 Slc26a8 17 1433361
External Ectoderm Fosll 0610038D11Rik 19 1528709
External Ectoderm Entpdl Ubtdl 19 1240161
Mesoderm Lincr ZapT70 1 488436
Mesoderm Dyrk3 Slc45a3 1 824733
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Mesoderm Slc45a3 Atp2b4 1 1723683
Mesoderm Oit3 Cecdcl09a 10 6853
Mesoderm Fgf22 ZbtbTa 10 1377675
Mesoderm Zbtb7a Glt8d2 10 1497438
~ Mesoderm Pctk2 Ltadh 10 212570
Mesoderm Legrb Tspan8 10 229491
Mesoderm Rel 5730522E02Rik 11 1848117
Mesoderm Ankrd43 Slc22a4 11 502852
Mesoderm Sle22a4 Anxab 11 951018
Mesoderm 4930438A08Rik  Zfp39 11 593864
Mesoderm Zip39 A230051G13Rik 11 251144
Mesoderm A230051G13Rik Nlrp3 11 377826
- Mesoderm Dnahc2 Slc2ad 11 393178
Mesoderm 1300007F04Rik  Nek8 11 627501
Mesoderm Thx4 Mpo 11 1877486
Mesoderm Phosphol Abi3 11 1751
Mesoderm Wdr68 Gm885 11 696034
Mesoderm Fn3k Metrnl 11 251055
Mesoderm Fntb Plek2 12 1968052
Mesoderm Plek2 Wdr22 12 1429739
- Mesoderm 9030617003Rik  Ccdc88c 12 15719
Mesoderm Cecdce88c Smek1 12 10540
Mesoderm Mboatl 1700018A04Rik 13 1331464
Mesoderm 1700018A04Rik  Foxf2 13 270
Mesoderm Foxf2 Mylk4 13 1077477
Mesoderm Mylk4 Serpinb9b 13 245698
Mesoderm Serpinb9b Serpinblb 13 43593
Mesoderm Ltb4rl Cmal 14 - 172961
- Mesoderm Ctsb Gatad 14 5h781
Mesoderm Clqtnf3 Slcdba2 15 20585
Mesoderm Dgatl Apol8 15 1235981
Mesoderm Apol8 Ming 15 1000634
Mesoderm Xrecb Naga 15 289448
Mesoderm Naga C920005C14Rik 15 2394
Mesoderm Socsl Snx29 16 620112
Mesoderm Snx29 (C530044N13Rik 16 48255
- Mesoderm Rtndr Tbx1 16 429307
Mesoderm Thpo Ephb3 16 470269
Mesoderm Gpb Bex6 16 1869021
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- Mesoderm Bex6 Mucl3 16 1607088
Mesoderm Popdc2 Upklb 16 395001
Mesoderm ORF63 Bachl 16 103619
Mesoderm 6330416L0O7Rik  Zfp40 17 812481
Mesoderm Prss29 Msln 17 425934
Mesoderm C920016K16Rik H2-Ea 17 1273182
Mesoderm H2-Ea Notch4 17 276495
Mesoderm 2900055J20Rik  Sh3rf2 18 1795983
- Mesoderm Ptprcap Ovoll 19 1392426
Mesoderm Ovoll Ehbpl1ll 19 147316
Mesoderm Gnal4 Gentl 19 717855
Mesoderm AC113961.14-203 Cd274 19 202377
Mesoderm Cd274 Pdcd1lg2 19 22825
Mesoderm Btre Poll 19 22262
Neuroectoderm Armc9 Efhd1 1 986079
Neuroectoderm Efhd1 Sh3bp4 1 1759577
- Neuroectoderm Sh3bp4 Rabl7 1 1804345
Neuroectoderm Rabl7 Hdac4 1 963293
Neuroectoderm Prox1 Sle30al 1 1736087
Neuroectoderm A130092J06Rik  9130404D14Rik 2 792531
Neuroectoderm 9130404D14Rik  C130021I120Rik 2 716078
Neuroectoderm Rasgrpl Fsipl 2 861891
Neuroectoderm Jph2 Wisp2 2 422906
Neuroectoderm Mc3r 2010011120Rik 2 94523
Neuroectoderm Gad2 Cacnalb 2 1910017
Neuroectoderm Cacnalb Bmyc 2 943678
Neuroectoderm Bmyc Med22 2 1197597
Neuroectoderm Abll Slc25a25 2 610261
Neuroectoderm Stk39 Klhl23 2 1350205
Neuroectoderm Ki1hl23 Gadl 2 725516
Neuroectoderm 9830001HO6Rik  Vstm2l 2 835399
Neuroectoderm Vstm?2l] Sle32al 2 666039
- Neuroectoderm Med121 Aadac 3 717060
Neuroectoderm Aadac Sucnrl 3 41717
Neuroectoderm I16ra Tpm3 3 159490
Neuroectoderm Tpm3 Dennd4b 3 165631
Neuroectoderm Dennd4b S100a7a 3 411982
Neuroectoderm Tnfaip812 Hist2h2bb 3 1127367
Neuroectoderm Hist2h2bb Pex11b 3 356429
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Neuroectoderm Pex11b EG433632 3 1284807
Neuroectoderm EG433632 Notch2 3 80709
Neuroectoderm Dennd2d Amigol 3 1683305
Neuroectoderm Dappl Adh7 3 236306
" Neuroectoderm GIrb Mtap9 3 1444455
Neuroectoderm Tdrkh Sv2a 3 1749696
Neuroectoderm Magi3 6530418L21Rik 3 1483434
Neuroectoderm Slprl A930005H10Rik 3 166534
Neuroectoderm Fkbp1b Zfp618 4 605025
Neuroectoderm 4922503N01Rik  4930522H14Rik 4 60624
Neuroectoderm Cedc24 Mpl 4 559260
Neuroectoderm Mpl Ermap 4 718107
Neuroectoderm Ermap Scmhl 4 1215433
Neuroectoderm Semhl Cited4 4 136388
Neuroectoderm Csf3r Col8a2 4 242354
Neuroectoderm Col8a2 Gjb4 4 1036756
Neuroectoderm Gjb4 C77080 4 1865497
Neuroectoderm 2300002D11Rik  Slc30a2 4 844675
Neuroectoderm Sle30a2 Npal3 4 1092705
Neuroectoderm Npal3 Cnr2 4 400872
" Neuroectoderm Dnajbb 4930500005Rik 4 709546
Neuroectoderm Cgrefl Fosl2 5 1190442
Neuroectoderm Fosl2 4933407H18Rik 5 1265261
Neuroectoderm Aldh2 Tmem120b 5 1482717
Neuroectoderm Tmem120b Rsrc2 5 611106
Neuroectoderm Rsrc2 Hiplr 5 224227
Neuroectoderm Hiplr Setd8 5 436731
Neuroectoderm Gtf2ird2 Upk3b 5 1820357
* Neuroectoderm Fl1t3 Slc46a3 5 477948
Neuroectoderm Srd5a212 Ephab 5 702596
Neuroectoderm Rph3a A930024E05Rik 5 1979836
Neuroectoderm Fzd9 Vgt 5 1779065
Neuroectoderm Slc29a4 Rnf216 5 554129
Neuroectoderm Rnf216 Zfp12 5 122214
Neuroectoderm Zfpl12 Zfp316 5 3779
Neuroectoderm Zfp316 Tmem130 5 1465166
" Neuroectoderm Hoxal Hoxa?2 6 4198
Neuroectoderm Hoxa?2 Hoxall 6 77277
Neuroectoderm Figla Mxd1l 6 627986
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Neuroectoderm Mxd1 Gata2 6 1529178
Neuroectoderm Aloxb Rassf4 6 171830
Neuroectoderm Wnk1 Igsec3 6 1335154
Neuroectoderm Igsec3 Mugl 6 364863
Neuroectoderm Asb4 DIx5 6 1444783
Neuroectoderm Hdacl1 Wnt7a 6 189301
Neuroectoderm Atp2b2 Slcball 6 89215
" Neuroectoderm Rasgefla Wntbb 6 1340985
Neuroectoderm Usp29 5730403M16Rik 7 147473
Neuroectoderm Cd79a Z1p526 7 319594
Neuroectoderm AC164564.3 Al428936 7 1157898
Neuroectoderm Kcne3 Dnajbl3 7 316851
Neuroectoderm Aqp8 4933440M0O2Rik 7 1861640
Neuroectoderm 4933440MO2Rik Itgal 7 1946488
Neuroectoderm Itgal Z{p689 7 108617
" Neuroectoderm Zfp689 Ctfl 7 263586
Neuroectoderm Ctf1 1110007A13Rik 7 979578
Neuroectoderm Adam8 Pkp3 7 1085789
Neuroectoderm Zfp61 Grik5 7 710533
Neuroectoderm Ntrk3 Polg 7 871408
Neuroectoderm Sez612 Zfp629 7 636425
Neuroectoderm Deafl Tmem80 7 552
Neuroectoderm Tmem80 Brsk2 7 612602
" Neuroectoderm Gypa Inpp4b 8 1204415
Neuroectoderm KIf1 Mylk3 8 419162
Neuroectoderm Cdyl2 Pkd1l2 8 262688
Neuroectoderm Pcp2 BC068157 8 584013
Neuroectoderm Ligd Ingl 8 1579766
Neuroectoderm Nr2c2ap Rab3a 8 620972
Neuroectoderm Plip Zfp319 8 629900
Neuroectoderm BC060632 Terf2ip 8 1270007
" Neuroectoderm Dnm2 AB124611 9 19067
Neuroectoderm AB124611 Cnnl 9 553950
Neuroectoderm Trex1 Cerl2 9 1980728
Neuroectoderm Cx3crl Sle25a38 9 42117
Neuroectoderm Slc25a38 Entpd3 9 415528
Neuroectoderm Slc6a20a Cer2 9 432439
Neuroectoderm Sorl1l Tecta 9 205334
Neuroectoderm Slc38a3 Celsr3 9 1158921
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Neuroectoderm Kif5a, Itga? 10 1670465
Neuroectoderm Ascc2 Zmiz2 11 1703770
~ Neuroectoderm Zmiz2 Adcyl 11 657327
Neuroectoderm Ntbm Mapk?7 11 1612282
Neuroectoderm Mapk?7 3110043A19Rik 11 10190
Neuroectoderm 3110043A19Rik  Zfp286 11 1273332
Neuroectoderm Efnb3 0610025P10Rik 11 341713
Neuroectoderm 0610025P10Rik  Wscedl 11 1836883
Neuroectoderm Myol8a Sez6 11 64963
Neuroectoderm D030028A08Rik Stard3 11 1398322
~ Neuroectoderm Stard3 Thra 11 360802
Neuroectoderm 1500005I02Rik Grin2c 11 453272
Neuroectoderm Grin2c 2310004N24Rik 11 931646
Neuroectoderm D11Bwg0517e 2900052L18Rik 11 1318282
Neuroectoderm Galntll Smocl 12 422935
Neuroectoderm 5033430115Rik Rnfl144b 13 1156220
Neuroectoderm Gprinl Sncb 13 9192
Neuroectoderm Jmy Wdr4l 13 1476659
~ Neuroectoderm Wdr41 Crhbp 13 408057
Neuroectoderm 4931414P19Rik  Thtpa 14 488927
Neuroectoderm Triobp Sox10 15 149214
Neuroectoderm Sox10 AW544981 15 1506867
Neuroectoderm Mlecl Shank3 15 520617
Neuroectoderm Centl C230021P08Rik 15 851112
Neuroectoderm C230021P08Rik Accn2 15 212970
Neuroectoderm Semabb Slelba2 16 1085575
 Neuroectoderm Dscam Prdm15 16 621244
Neuroectoderm A630033E08Rik Caskinl 17 1621657
Neuroectoderm Ppplrdc Lgil 19 1528129
Neuroectoderm 4930506 MO7Rik Rabllfip2 19 829009
Neuroectoderm Sle38ab Otc X 1972180
Neuroectoderm Elf4 Sle25al14 X 169409
Neuroectoderm Gpr64 Scml2 X 619123
Neuroectoderm B630019K06Rik Lancl3 X 305010
~Neuroectoderm Vsigl Col4ab X 125935
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