Available online at www.sciencedirect.com

GENOMICS
' ScienceDirect PROTEOMICS &
) . BIOINFORMATICS

ELSEVIER www.sciencedirect.com/science/journal/16720229

Article

The Transcript-centric Mutations in Human Genomes
Peng Cui”, Qiang Lin", Feng Ding®, Songnian Hu", and Jun Yu"
CAS Key Laboratory of Genome Sciences and Information, Beijing Institute of
Genomics, Chinese Academy of Sciences, Beijing 100029, China.
Genomics Proteomics Bioinformatics 2012 Feb; 10(1): 11-22  DOI: 10.1016/S1672-0229(11)60029-6
Received: Jan 06, 2012;  Accepted: Feb 15, 2012
Abstract

Since the human genome is mostly transcribed, genetic variations must exhibit sequence signatures reflecting the
relationship between transcription processes and chromosomal structures as we have observed in unicellular or-
ganisms. In this study, a set of 646 ubiquitous expression-invariable genes (EIGs) which are present in germline
cells were defined and examined based on RNA-sequencing data from multiple high-throughput transcriptomic
data. We demonstrated a relationship between gene expression level and transcript-centric mutations in the human
genome based on single nucleotide polymorphism (SNP) data. A significant positive correlation was shown be-
tween gene expression and mutation, where highly-expressed genes accumulate more mutations than low-
ly-expressed genes. Furthermore, we found four major types of transcript-centric mutations: C—T, A—G, C—G,
and G—T in human genomes and identified a negative gradient of the sequence variations aligning from the 5'
end to the 3' end of the transcription units (TUs). The periodical occurrence of these genetic variations across TUs
is associated with nucleosome phasing. We propose that transcript-centric mutations are one of the major driving
forces for gene and genome evolution along with creation of new genes, gene/genome duplication, and horizontal
gene transfer.
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Introduction cancers (6, 7). Therefore, it is critical to understand
how genetic variations arise and what these dis-
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supported our previous finding that a mutation gradi-
ent exists in a transcript-centric manner. Furthermore,
we noticed a periodicity along the gradient, which was
associated with nucleosome occupancy. Our study pro-
vides novel insights into the very basic set of laws of
genetic mutations in the human genome.

Results

Defining invariable housekeeping genes

There are several important points that we must ad-
dress when assessing correlations between gene ex-
pression levels and genetic variations. First, gene ex-
pression is precisely compartmentalized at the cellular
level and can be both tissue-specific and condi-
tion-associated. Second, gene expression levels are
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highly regulated and vary between different tissues
and under different conditions. Third, genetic varia-
tions are inherited through germline cells and relevant
genes must be expressed in such tissues or cells. We
started our analysis with publicly-available RNA-Seq
data from 10 human tissues, including testis, brain,
adipose, breast, colon, heart, kidney, liver, lymph-
node and muscle (8-/0). We estimated gene expres-
sion levels by calculating read densities of the last
exons using Refseq-annotated genes (//), using a
background threshold RPKM (Reads Per Kilobase of
exon model per Million mapped reads) value of 0.3
(8). The number of genes expressed among the 10
tissues varied from 11,891 to 16,708 (Table S1).
Among these genes, expression of 9,732 genes was
found in all tissues. These genes therefore are defined
as ubiquitous or housekeeping (HK) (Figure 1A and
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Figure 1 Genes with invariable expression in 10 human tissues. A. Expression breadth analysis of genes expressed in 10 human
tissues. Gene expression was examined in testis, brain, adipose, breast, colon, heart, kidney, liver, lymph-node and muscle. There are
9,732 genes categorized and shared by all 10 tissues. B. Hierarchical clustering analysis of 9,732 genes from 10 human tissues. Rela-
tive gene expression levels were indicated by RPKM (see details in Methods) to define expression intensity and 646 expres-
sion-invariable genes (EIGs) in all tissues were chosen. The EIGs were partitioned into lowly- (green) and highly-expressed (red)
genes. C. Distribution of variation coefficients for genes expressed in 10 human tissues. 646 EIGs selected using clustering analysis

in panel B are highlighted in green.
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Table S2). Although the expression levels of these HK
genes differed significantly among tissues, we man-
aged to identify a set of 646 expression-invariable
genes (EIGs) (Table S3), using hierarchical clustering
analysis (Figure 1B). In addition, after estimating the
variation coefficients (CVs) for gene expression levels
in all 10 tissues, we noticed that the CVs in this data-
set deviated very narrowly (Figure 1C). Gene ontol-
ogy analysis indicated that most of these EIGs are
involved in important HK functions, such as forming
cell skeletons, processing RNA, translating proteins,
or participating in metabolic pathways (Table S4).
This definition of EIGs is consistent with previous
studies based on data from microarray and EST ex-
periments (/2, 13). An excellent example of an EIG is
the gene encoding GAPDH, which is known to be
constantly expressed in all tissues and is often used
for sample normalization in quantitative PCR assays.

Correlating expression level with genetic vari-
ation

To investigate the effects of transcription-associated

biological processes on genetic variations, we
re-examined the relationship between gene expression
level and genetic variation in human genomes using
our defined EIGs. Since only germline mutations are
passed on to the next generation, we believe that gene
expression in germline cells should have a direct in-
fluence on genetic variations. We thus used EIGs that
are expected to have a consistent expression pattern in
germline cells to perform this correlation analysis. We
took advantage of the public dbSNP data (Build

128)(14) to calculate SNP counts per basepair for

each gene, and correlated gene expression level to the
distribution of SNPs. We found a highly significant
Pearson coefficient between gene expression level and
SNP density (Figure 2). Our result showed that this
correlation was transcript-centric, i.e., it was equally
significant for exonic and intronic sequences as well
as for sequences that were a sum of the two. In fact,
this correlation became weaker when all 9,732 HK
genes, consisting of mostly expression-variable genes
(EVGs), were used for calculating the correlation
(Figure S1). This may be caused by heterogeneous
expressions of EVGs between germline and somatic
cells, and therefore this poor correlation does not va-
lidate the relationship between transcription and ge-
netic variations.

Transcription-associated mutations

We further examined correlations between the density
of each type of nucleotide substitution and gene ex-
pression level. Although each type of substitution was
significantly correlated with gene expression level
(Figure S2), the relative mutation rates of the four
major types (C—T > A—»G = C—»G > G—T) in-
creased significantly when gene expression level was
elevated (Figure 3A). This was also observed in in-
tronic regions. Therefore, we speculated that these
four mutations were mainly accumulated as a result of
frequent gene transcription. Moreover, we estimated
the average mutation rate for each mutation type in
non-transcribed and transcribed strands of EIGs (Fig-
ure 3B) and identified significant asymmetries of
mutation rates of C—T, A—G, C—G and G—T be
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Figure 2 Correlations between the expression intensity of EIGs and the density of SNPs. Gene expression levels were indicated by
the average value of RPKM from all 10 tissues shown in Figure 1. The density of SNPs is measured by SNP counts per bp within
each transcript or gene. The values are displayed in logarithmic scales. This correlation can be seen in exons (A), whole genes in-

cluding both exons and introns (B) and introns (C) (all P<0.0001).
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Figure 3 Comparative analyses of mutation rates of EIGs. A. EIGs were equally classified into highly-, moderately- and
lowly-expressed genes based on their expression levels (RPKM values). This classification scheme was also applied for the following
figures. The mutation rates vary among genes expressed at different levels. The mutation rates of C—T, A—G, C—G and G—T ex-
hibited remarkable increases when expression levels are elevated. B. The frequencies of the four major mutation types including
C—T, A—»G C—G and G—T showed asymmetry between transcribed DNA strands and the non-transcribed counterparts.

tween the two strands. We found that C—T occurrence
on the non-transcribed strand was about seven times
higher than that on the transcribed strand ( )(zldf
=158, P<0.0001). Similar trend was observed for the
other three major mutation types including A—G,
C—G and G—T, where their non-transcribed strands
had about four times (;(zldf =34, P<0.0001), five
times ( %, =40, P<0.0001) and four times ( x°,, =

30, P<0.0001) more mutations than the transcribed
strand, respectively. These mutational asymmetries
were also revealed in the intronic sequences, which
reflects a neutral mutation rather than selection. In
fact, mutational asymmetries of C—T and A—G in
mammalian genes were reported by Green et al in
2003 (5) and they suggested that these asymmetries
could be caused by transcription-coupled repair (TCR)
process. However, they failed to mention the asym-
metries of C—G and G—T mutations, perhaps due to
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the weaker effects. Nonetheless, in our results, we
clearly observed all four major mutations including
C—-T, A—G, C—>G and G—T.

Here, we propose an explanation as to why there is
a correlation between gene expression level and ge-
netic variation. Transcription-associated DNA muta-
tions, caused mainly by the low fidelity of TCR po-
lymerase (/, 15-20), are also observed in other eu-
karyotic genomes even those of prokaryotes since
TCR is actually universal. If a gene is frequently tran-
scribed, its template (or non-transcribed) strand is
repaired more often and thus accumulates more
TCR-associated high-
ly-expressed genes, compared to lowly-expressed

mutations. Therefore,
genes, should harbor more mutations and exhibit
higher genetic diversity in human populations.

SNP gradient

We also investigated the distribution of SNPs within
the length of transcripts and found that SNPs were
more abundant near transcription start sites (TSS),
tapering off toward the 3' end (Figure 4A). This gra-
dient was more evident in highly-expressed genes.
Furthermore, we examined the gradient for each type
of mutations around the TSS and found that the muta-
tions C—T, A—G, C—G and G—T had stronger gra-
dients than other mutational types (Figure 4B). As for
why SNPs are significantly enriched toward the 5' end
of EIGs, we believe that this phenomenon is also
relevant to TCR mechanisms. According to our cur-
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rent understanding of TCR, DNA repair is triggered
by the DNA damage-induced stalling of RNA poly-
merase II (RNAPII). Subsequently, the TCR complex
displaces RNAPII at the site of DNA damage and re-
moves the lesion. When the transcription process is
disrupted by DNA damage and stalled RNAPII, genes
have to be transcribed again from the start. As a result,
this gives the 5' end of a gene more opportunities to
be repaired, i.e., when new damage occurs after the
RNAPII and TCR complex have already passed by.
Whenever mismatches occur after the completion of
the repair process, variations become inherited fol-
lowing DNA replication. Since the mutations C—T,
A—G, C—>G and G—T are mainly caused by the
TCR process, they are more prevalent at TSS. We had
previously proposed this explanation for the existence
of a compositional gradient observed in Gramineae
genes (/) and similar explanations were proposed for
mammalian genomic data as well (5). However, we
can not rule out other possible mechanisms, such as
the effect of CpG islands (27), which may enhance
such a gradient effect when situated at the 5' end of
TUs.

SNP periodicity

Periodicity of SNPs was found around TSSs in human
genomes (22). We plotted the frequency for each of
the 12 mutation types (measured as SNP counts) over
aligned EIGs at coding sequences (CDS)-start in a
100 bp window and 1 bp step (Figure S3) and found
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Figure 4 The SNP gradients at the 5' end of EIGs. A. The expression levels of different classes of genes are color-coded. The inten-

sity of the gradients is correlated to gene expression levels. B. The mutation types are color-coded. C—T, A—G, C—G and G—T

exhibited stronger gradient effects. TSS: transcription start site.
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that C—T, A—G, C—G and G—T displayed significant
periodicities (Figure SA). The C—T periodicity ap-
pears to be the strongest. We further performed power
spectrum analysis for each mutation type for the gene
sets, demonstrating that the length range for the major
peaks was 170-250 nt (Figure S4). We curve-fitted the
periodical changes to show that the periodicities from
mutation types C—T, A—G, and G—T fitted better to
the 176 nt periodicity, but C—G preferred the 233 nt
periodicity. Other mutation types, such as A—T and
A—C, also exhibit weaker periodicities (Figure S5).
However, we noticed that the mutations appeared to
have irregular periodicities or multiple periodicities.
We speculate that this irregular pattern may reflect the
result of selection that often eliminates deleterious
mutations and renders the periodicity obscure. Fur-
thermore, when correlating the periodicity to gene
expression level, we found that these mutation peri-
became  more

odicities pronounced

highly-expressed EIGs (Figure 5B), indicating that

among

transcription-associated mutations contribute signifi-
cantly to the formation of genetic variation peri-
odicities.

Genetic variation periodicities (170-250 nt) have
been reported to be associated with nucleosome posi-
tioning in killifish (23) and yeast (24-26) genomes.
We therefore further investigated the relationship be-
tween this periodicity and nucleosome positioning.
Mutation rates of the major mutation types were
aligned along nucleosome arrays of TUs, determined
by plotting nucleosome positioning information using
the publicly-available MNase-digested chromatin se-
quences (27). We observed that the linker DNA
showed higher mutation rates than nucleosome-pro-
tected DNA, and the local mutation rates varied ac-
cording to a periodicity corresponding to the nu-
cleosome-protected length (Figure 6). However, we
noticed that there was some inconsistency between
SNP periodicity and nucleosome positioning, espe-
cially for the last several nucleosomes. The effect is
more obvious in the C—G mutation type. Here, we
proposed that there are two reasons responsible for it.
On the one hand, as mentioned above, SNP peri-
odicities and the underlying SNPs have been dis-
turbed by selection, and thus it cannot match perfectly
to nucleosome positioning. On the other hand, nu-
cleosome positioning shows variability along TUs,

especially for highly-expressed TUs. Nucleosomes are
generally aligned around transcription starts at a sig-
nificant positioning periodicity of ~185 bp in the
human genome (27, 28). However, the distances be-
tween the two adjacent nucleosomes are rather vari-
able among different TUs. Among the highly-tran-
scribed genes, nucleosomes often display a reduction
in content and a sharp increase in fuzziness, which
often leads to a larger gap between two nucleosomes.
In addition, nucleosome positioning in our case was
based on data from human T cells, and thus there was
a possibility that some of the nucleosome positioning
data may be different from data obtained from germ-
line cells where SNP periodicities were expected to
better match nucleosome positioning.

This result suggests a common molecular mecha-
nism that explains the causes of mutation periodicities.
Histones and the DNA double helix are packaged into
compact forms to prevent DNA from damage in con-
trast to the linker region between nucleosome folds,
which is exposed to the ionic environment more often
than the protected fractions, and thus is vulnerable to
Therefore, the
gen-susceptible linker DNA is believed to be damaged

mutagenesis (29, 30). muta-
more frequently, repaired more often, and leaves more
mutations caused by low-fidelity of the DNA poly-
merases of TCR (4, 37). Since nucleosomes are not
randomly positioned along DNA sequences and their
regularity appears to coincide with transcriptional
units, the different damage-repair frequency between
linker DNA and wrapper DNA finally causes oscilla-
tion of TCR-associated mutations along nucleosome
arrays (Figure 7A). Moreover, highly-expressed EIGs
are transcribed more frequently and repaired more
often, thus leading to more pronounced periodicity.

Discussion

In this study, we characterized transcript-centric
mutations in human genomes. Although the gradient
and periodicity indeed exist in the human genome, we
cannot rule out the possibility that natural selection
also contributes to both because a significant fraction
of mutations are believed to be random (32, 33).
There are several lines of evidence supporting the
idea that the mutation-defined periodicity should

16 Genomics Proteomics Bioinformatics 2012 Feb; 10(1): 11-22
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Figure 5 The periodicities of SNPs and its relationship with gene expression. A. Average mutation frequencies in a 100 bp window
and 1 bp step plotted as a function of transcript length (from CDS-start) for EIGs. The periodical changes of mutations C—T (upper
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observed SNP density. The periodicities were curve-fitted (marked by blue line) using a nonlinear regression equation as described in
Methods. All the parameters and statistical tests were listed in Table S5. B. The relationship between SNP periodicity and gene ex-
pression level. The highly-expressed EIGs show stronger periodicity. The parameters and statistical tests for fitting were listed in
Table S5.
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G—T, while the size difference between purine and pyrimidine may explain why the frequency of A—G is much lower than C—T.
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reflect the intrinsic mutation process in the human
genome rather than the result of natural selection.
First, the gradient and periodicity extend from CDS to
introns (Figure S6). Since most introns are thought to
be non-functional, this pattern should reflect a neutral
mutation process. Second, most mutations (60%) oc-
curred often in the most upstream 1.5 kb regions
among the studied TUs and associated with, by and
large, minor alleles (<0.1) (Figure S7), which were
not subjected to strong population-based selection yet,
as they were at most neutral or weakly deleterious.
Third, the fact that the genetic variations, gradient and
periodicity correlate strongly with gene expression
levels suggests a possibly neutral accumulation of
mutations that are not yet strongly selected for as
proposed previously by many other authors (/, 3, 5,
31, 34). In the mean time, this biased mutational
process provides an excellent explanation for the
non-random distribution of SNPs in human genomes
(6, 35-39).

Although TCR has been thought as the causative
reason of transcript-centric mutations (/, 5, 16), al-
ternative hypotheses exist. For instance, the deamina-
tion of cytosine and adenine in the exposed single
DNA strand when a gene is transcribed can be used to
explain the gradient formation (/, 3, 5, 40, 41). At
present, although it is difficult to distinguish between
the two contributing factors as to which one is the
major or minor, we argue that TCR makes the deci-
sive contribution to this mutation asymmetry for at
least highly-expressed genes. There are three reasons.
First, the higher rates of C/G—T and A/C—G are
consistent with the error spectrum of DNA poly-
merase y involved in the DNA repair process, show-
ing an error-prone outcome in adding A and C to the
target DNA (Figure 7B). Second, deaminations (cy-
tosine and adenine) alone do not explain the mutation
asymmetry for C—G and G—T. We nevertheless
demonstrated that they are also transcript-centric and
strand-biased albeit weaker than the other two types,
C—HT and A—G, which are transitions rather than
transversions. Third, TCR is the only transcript-cen-
tric mechanism that allows us to explain why the pe-
riodicity of genetic mutations is correlated with the
expression level of genes. If the deamination of cyto-
sine and adenine in the linker of nucleosome spaces

was a major contributing factor, we should be able to
observe the periodicity over a much longer range in
entire genes.

In conclusion, the possibility of a transcript-centric
mechanism which causes a distinct pattern of genetic
mutations is intriguing. If most of the human ge-
nome—as well as all animal genomes—are tran-
scribed (42), then most genetic variations should re-
veal sequence signatures that reflect gene expression
levels as well as the mechanisms that regulate expres-
sion. Our results indicate that gene expression levels
are strongly correlated with the density of SNPs in
TUs, and the gradient of genetic variations is found at
the 5' end of TUs. These observations have strong
implications for our understanding of natural selection
and evolution. That is, mutations may not actually be
generated randomly, but rather tend to accumulate
more in genes that are expressed more often, or at
higher levels, in germline cells to be inheritable. Such
mutations may also be prevalent in somatic cells, es-
pecially stem or progenitor cells, resulting in a rapid
accumulation of mutations in the differentiated cell
lineages when they are not terminally differentiated.
This also implies that mutation pressure can be re-
duced if exons are away from the 5' end of transcripts,
or gene expression level is reduced. In addition, one
can imagine that a gene, either functional or
non-functional, is able to mutate faster just by being
highly expressed in germline cells and that gene vari-
ants are certainly selected at different levels, including
cell, tissue, organ, individual and even population,
where gene actually plays functional role. A Pandora’s
Box is now open.

Materials and Methods

Data source

We collected RNA-sequencing data from 10 human
tissues (9) and mapped them onto the human genome
sequence (hgl8) using MAQ (43). Uniquely-mapped
sequence reads were annotated according to Refseq
defined genes (44). To analyze mRNA expression
quantitatively, we calculated RPKM (8) as the expres-
sion parameter. Since the 5' portion of mRNAs is fre-
quently truncated in the process of RNA-seq library
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construction (&), the RPKM value of the last exon is

often preferred as a measure of gene expression levels.

When there are no reads mapped to the last exon, ex-
pression levels are defined by averaging RPKM val-
ues from the entire gene. A RPKM threshold value of
0.3 was used to filter out background noise.

In order to identify and select expression-invariable
genes, we first isolated 9,732 shared or ubiqui-
tously-expressed genes from 10 human tissues and
divided them into 1,001 groups according to their ex-
pression levels to estimate the relative expression lev-
els. We subsequently performed a hierarchical clus-
tering analysis based on the relative expression levels.
Data on human genetic variations were obtained from
NCBI dbSNP database (snpl28) (/4), and the se-
quences for nucleosome occupancy mapping were
obtained from SRA (SRA 000234) database (45).

Power spectrum analysis

Power spectrum analysis (3/) was used for detecting
mutational periodicity along coding sequences. To
accelerate calculation, we used the Fast Fourier
Transform algorithm to compute power spectrum. For
a sequence ¥ of length N (NV is a positive integer), its

power spectrum is expressed as:
N
S(f;) = 25 exp(-2ikf ;) [
k=1

Where i*=-1,and f, = j/N(j=0,1,2..,N -1).

To identify periodicities that are in phase from
CDS-start, we aligned the begining of CDS and cal-
culated the mutation rate for each nucleotide position
in a 100 bp window to generate a binary sequence

X, (k=0,1,2...,1400) . We also applied power spec-

trum analysis to mutational frequencies.

Regression analyses

The third order polynomial equation, coupled with a
sine wave, was used for fitting the curve for periodi-
cal changes of mutational rates. The equation is:

Y =ax® +bx* + x+d +esin2z(x—h)/ f

Where Y represents average mutation rate at a 100 bp
window in a 1 bp step, and x represents position

away from CDS-start. The right side of this equation
can be split into two parts: the first

ax® +bx* +x+d
describes a baseline for mutational rate, and the sec-
ond

esin2z(x—h)/ f
yields a sine undulation with a period length esti-
mated by power spectrum analysis. The parameters
used for the curve-fitting are listed in Table S5.
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