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de Jong TV, Moshkin YM, Guryev V. Gene expression variability: the other
dimension in transcriptome analysis. Physiol Genomics 51: 145–158, 2019. First
published March 15, 2019; doi:10.1152/physiolgenomics.00128.2018.—Transcrip-
tome sequencing is a powerful technique to study molecular changes that underlie
the differences in physiological conditions and disease progression. A typical
question that is posed in such studies is finding genes with significant changes
between sample groups. In this respect expression variability is regarded as a
nuisance factor that is primarily of technical origin and complicates the data
analysis. However, it is becoming apparent that the biological variation in gene
expression might be an important molecular phenotype that can affect physiological
parameters. In this review we explore the recent literature on technical and
biological variability in gene expression, sources of expression variability,
(epi-)genetic hallmarks, and evolutionary constraints in genes with robust and
variable gene expression. We provide an overview of recent findings on effects of
external cues, such as diet and aging, on expression variability and on other
biological phenomena that can be linked to it. We discuss metrics and tools that
were developed for quantification of expression variability and highlight the
importance of future studies in this direction. To assist the adoption of expression
variability analysis, we also provide a detailed description and computer code,
which can easily be utilized by other researchers. We also provide a reanalysis of
recently published data to highlight the value of the analysis method.
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INTRODUCTION

Affordable sequencing has greatly advanced our understand-
ing of changes in transcription programs and their relation to
diseases. One of the sequencing-enabled technologies, tran-
scriptome profiling by RNA sequencing (RNA-Seq) is becom-
ing increasingly popular for studying molecular phenotypes.
The main advantages of this method, when compared with
hybridization microarray-based approaches, include an in-
creased sensitivity and larger dynamic range, its ability to
detect unannotated transcripts and transcript isoforms, and,
importantly, it enables digital quantification (counting) of RNA
molecules. As a result, RNA-Seq has the potential to quantify
genes with low expression; to reveal subtle changes in gene
expression (115); and to discover new genes, transcript iso-
forms, and allelic variants for proteogenomics analysis (53),
and, as will be discussed later, digital quantification of RNAs
simplifies statistical analysis of gene expression and interpre-
tation of its variability.

The typical analysis of RNA-Seq data focuses on the
finding of genes that show differential expression between
groups. Such analysis can be done with tools like edgeR
(58) or DEseq2 (52). The results call attention to genes that
significantly change with respect to an average RNA copy
number between measurable factors like age, diet, the
knock-down/-out/-in of genes of interest, and so on. Unfor-
tunately, in such analysis, variability in gene expression is
often ignored as it is treated as a nuisance that only dimin-
ishes statistical power. At the same time, gene expression is
naturally a stochastic process, and in some cases its fluctu-
ation, rather than the mean RNA copy number, could be
significantly influenced by an experimental factor or a
physiological state. Thus, while variations caused by tech-
nical factors can be considered as the true nuisance factor
(80), differential variability in gene expression caused by
biological factors might represent a layer of information on
gene regulation just as important as changes in the mean
expression levels (104). In this review we discuss recent
studies exploring gene expression fluctuations, their ap-
proach to quantification of expression variability, contribu-
tion to understanding of the principles underlying physio-
logical homeostasis, and potential to uncover additional
molecular phenotypes associated with disease.
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SOURCES OF VARIABILITY IN GENE EXPRESSION: POISSON
“INTRINSIC” VS NONPOISSON “EXTRINSIC” GENE NOISE

The intersample differences among transcriptome profiles
originate from biological events as well as from experimental
procedures. The latter represents a source of technical noise
due to the collection and storage of samples, the isolation of
RNA, selection of RNA molecules, and the preparation of
library (92). Library amplification and sequencing might also
introduce differences depending on instruments, read length,
and mode of sequencing. All these factors have the potential to
complicate the analysis of biological variability in gene ex-
pression, especially for large (inter-)national and prospective
projects where data are being produced with different ver-
sions of instruments and/or kits (58). Thus, when studying
variation in gene expression, it is important to estimate
technical variability through comparison of technical repli-
cates prepared from the same starting material (111) and
compare it with the degree of variability seen among bio-
logically different samples (58).

Putting technical variability aside, gene noise originates
from the stochastic nature of chemical reactions driving RNA
synthesis (birth) and degradation (death). In a stationary state
and in the absence of upstream cellular drives, a process of
RNA “birth-death” is expected to be a stochastic Poisson
process (21, 96). This process is described by just two kinetic
parameters, namely the synthesis (�) and degradation (�) rates.
The expectation (mean) and variance of RNA copy number are
given by the Poisson rate (E[RNA] � Var[RNA] � �) repre-
sented by a constant ratio of synthesis to degradation rates:

� �
�

�
� �̂. Gene expression noise, expressed through a

squared coefficient of variation in RNA copy number, is

reciprocal to the mean of RNA copy number: cv2�RNA� �
Var�RNA�
E�RNA�2 � ��1 (96). Here, we will refer to this as Poisson

noise following (21, 66, 96). However, in reality gene synthesis
is more complex as it is regulated by so-called upstream
cellular drives (21). Because upstream cellular drives are
stochastic themselves, the RNA birth-death becomes a doubly
stochastic (mixed) Poisson process. Consequently, this in-
creases the gene expression noise to the amount that is con-
tributed by all upstream drives, which we will refer to as
non-Poisson noise following (21, 66, 96).

For example, promoter switching between active (ON) and
inactive (OFF) states acts as such a drive (Fig. 1). The prob-
ability of the promoter to be in ON state (pon) is a Beta-
distributed random variable, which depends on RNA degrada-

tion rate normalized k̂on �
kon

�
and k̂off �

koff

�
rates of promoter

switching: pon ~ Beta�k̂on, k̂off�. This, in turn, defines the distri-

bution of otherwise constant Poisson rate (� � �̂pon) as
Beta-Poisson (21, 72). A convenient property of mixed Poisson
distributed random variables is that they allow for simple deriva-
tion of their moments (expectation and variance) just from the

moments of the mixing distribution (44). That is E�RNA� � �̂E
�pon� � ��� and Var�RNA� � ��� � Var��� � ��� �
���2Var�pon�, from where cv2�RNA� �����1 � cv2��� �
����1 � cv2�pon� (Fig. 1). Thus, the total gene noise sums from
Poisson noise (����1) and non-Poisson noise caused by
upstream cellular drive, namely promoter switching [cv2(�) �
cv2(pon)].

Fig. 1. A model depicting factors influencing the gene expression variability/noise. Key equations depicting the partitioning of variance and squared coefficient
of variations into Poisson (blue, Pois.) and non-Poisson (red, non-Pois.) variability/noise are shown. Such partitioning holds true for any mixed-Poisson
distribution, where the Poisson rate � is a random variable distributed with expectation ��� and variance Var[�]. Key equations for the expectation (E[RNA]),
variance (Var[RNA]) and noise [cv2(RNA)] for two-state promoter model are expressed in terms of burst size (b) and burst frequency (fb). See text for further
details.
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Under limiting conditions of k̂off �� k̂on and k̂off��1, i.e.,
when a gene is transcribed in short bursts, the pon distribution

converges to Gamma [pon ~ Gamma�k̂on, k̂off�], and the result-
ing distribution of RNA copy number is Gamma-Poisson (also
known as Negative-Binomial) (72). The Gamma-Poisson rep-
resentation helps understanding of how Poisson and non-
Poisson noise are related to the burst size (a number of
molecules synthesized in a burst) and burst frequency, param-
eters of transcription that are often measured in single cell
experiments (93). That is because Poisson noise is equal to
����1 � (bfb)�1 and non-Poisson noise is cv2��� � cv2

�pon� � fb
�1, where b � �koff

�1 is a burst size and fb � k̂on is a
burst frequency (21, 72). Thus, non-Poisson noise is inversely
related to burst frequency, which implies that changes in burst
frequency are indicative of changes in non-Poisson noise. For
the detailed derivations of various stochastic gene expression
models under a mixed Poisson framework and further theoret-
ical insights we refer to a compelling work by Dattani and
Barahona (21).

In essence, the partitioning of the total gene noise into
Poisson and non-Poisson immediately corresponds to a concept
of “intrinsic” and “extrinsic” gene noise (26, 94). Two-color
reporter gene assays allow for the separation of within-cell
variations from cell-to-cell variation in gene expression. In this
assay two identical copies of a promoter drive the expression of
reporters: yellow fluorescent protein (YFP) and green fluores-
cent protein (GFP). The single-cell fluorescence readout will
show different expression levels of YFP and GFP due to the
intrinsically stochastic nature of gene expression. At the same
time extrinsic noise will be related to covariance between
expression levels of these two reporters. Hence, the within-cell
gene expression fluctuations have been coined as intrinsic gene
noise, while cell-to-cell variations were referred to as extrinsic
gene noise. A total gene noise sums, then, from intrinsic and
extrinsic resulting in identical partitioning of noise as Poisson
and non-Poisson.

However, defining gene noise through a combination of
intrinsic and extrinsic noise has been subjected to criticism.
First, it is not clear relative to what within biological system
gene noise is intrinsic or extrinsic (68). Second, they are
conditioned on each other (88). Indeed, intrinsic gene noise, or
Poisson noise for that matter, is reciprocal to the mean gene
expression. For the two-state promoter model, i.e., in the
presence of upstream cellular drive caused by promoter fluc-
tuation, the mean gene expression depends on the probability
of the promoter to be in the ON state. Thus, intrinsic gene noise
is coupled to upstream cellular drives. Likewise, extrinsic gene
noise depends on the RNA lifetime normalized rates of pro-
moter switching between the ON and OFF states. Thus, extrin-
sic gene noise is conditioned on the characteristic gene state
variables (21, 72).

Having this in mind and considering that RNA birth-death is
a doubly stochastic Poisson process, it makes more sense to
stay with Poisson and non-Poisson partitioning of gene expres-
sion noise (21). Accordingly, parameters affecting the gene
expression variability and thus the gene expression noise could
be classified into gene-state variables (kinetic parameters of
RNA synthesis/degradation), regulatory variables (concentra-
tion of transcription factors, chromatin accessibility, epigenetic

state, etc.), and system-state variables (aging, metabolism, or
other environmental factors acting on cells) (Fig. 1).

GENE-STATE DETERMINANTS OF EXPRESSION VARIABILITY

If the right conditions are met, RNA polymerase Pol II
(RNAP II) binds to a promoter region and initiates transcrip-
tion of the gene (81). The transcription happens in short bursts
followed by a refractory period in which no transcription takes
place (116). A simplified derivation of the two-state promoter
model shows that non-Poisson noise depends inversely on the
burst frequency, while Poisson noise is reciprocal of a product
of burst size and burst frequency (21, 72). Each gene has its
own bursting dynamics, which, in turn, determines its noise
(93). Different factors can either influence the burst frequency,
a frequency of promoter activation within the mean lifetime of
RNA, or the burst size, the amount of RNA produced per unit
of time within a burst (82). Thus, any factor interfering with
promoter fluctuation, RNA synthesis, or degradation kinetics is
expected to modulate the within-cell and cell-to-cell variability
in RNA copy number and thus gene noise.

In eukaryotes, the RNA birth-death rates are orchestrated by
a complex regulatory system. With respect to the regulation of
the synthesis rate, it is worth mentioning the RNA splicing
process. The different proteins involved in splicing and acces-
sibility of alternative donor/acceptor sites can modulate RNAP
II elongation rate and, thus, the RNA synthesis rate. For
instance, RNAP II elongation rates tend to increase throughout
introns as compared with exons (42, 46). However, splice sites
themselves, in mammals, but not in yeast, act as RNAP II
pausing sites (19, 41). Such pausing can be bypassed by the
inhibition of splicing mechanisms (65). To that, cotranscrip-
tional checkpoints associated with splicing can further modu-
late the synthesis rates (3, 16). Thus RNA splicing, being
intimately linked with RNA elongation, is expected to contrib-
ute to Poisson noise by modulating RNA “birth” rate.

The amount of RNA observed in a cell is the consequence of
equilibrium between synthesis and degradation. This means
not only fluctuations in the synthesis rate but also variations in
the degradation rate are likely to influence both the average
expression as well as the variation in expression (57, 97). The
half-life of RNA molecules depends on the length of the
3=-poly(A)-tail, which is removed through deadenylation be-
fore degradation (67, 109). As a direct consequence of the
two-state promoter model, the total gene expression noise
(Poisson and non-Poisson) is directly proportional to the RNA
degradation rate. This implies an increased noise level for
RNA species with shorter half-life and a decreased noise for
the stable RNA molecules. For example, the presence of
certain microRNAs have been shown to increase the rate of
RNA deadenylation (107), and one can predict that such a
mechanism will turn up the gene noise. Strikingly, although
RNA synthesis and degradation, at first glance, are two inde-
pendent processes, the RNA degradation rate was found to be
regulated by transcription (13, 33). In terms of gene noise, the
existence of a coupling between synthesis and degradation
rates has a profound consequence as it leads to non-Poisson
RNA birth-death process even in the absence of upstream
cellular drives (96).

Finally, it is reasonable to assume that the kinetics of
transcriptional bursts and as a result gene noise are likely to be
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determined by the promoter sequence and the surrounding
architecture. Indeed, the presence of a TATA-box within the
promoter is known to increase not only the average expression
of genes, but also its noise (11, 76, 77). TATA-box binding
protein (TBP) associates with distinct coactivator complexes,
each of which competes for the binding to the promoter, as it
also mediates reinitiation of transcription by RNAP II (77, 81).
Consequently, this promotes fluctuations in promoter activity,
i.e., increases cell-to-cell or temporal deviations in the proba-
bility of the promoter to be in ON state. This, in turn, increases
the gene expression noise, as non-Poisson noise is directly
related to the fluctuations in these upstream cellular drives
(21). Likewise, the complexity of the promoter can further
increase the competition between distinct transcription factors
and the expression noise. A simple promoter architecture, in
which the promoter region is free from secondary regulation,
tends to generate little noise (36, 87). DNA variants in the
promoter region can modulate the binding affinity of transcrip-
tion factors, consequently changing both the average gene
expression and expression noise (36). Besides competition for
transcription factor binding within a promoter, competition
between distinct promoters might also increase the gene noise
by lowering the promoter burst frequencies (77). Next to that,
the presence of a so-called “speed bumps” downstream of the
transcription start site can cause RNAP II stalling (1), which
might be detrimental for determination of bursting kinetics and
noise. Although further mechanistic insights into the impact of
gene-state variables on gene noise remain to be made, the logic
of a doubly stochastic Poisson birth-death process and the
two-state promoter model provide valuable tools for the dis-
section of gene noise determinants through the modeling of
RNA birth-death rates.

EPIGENETIC DETERMINANTS OF EXPRESSION VARIABILITY

In eukaryotes, promoter accessibility and RNA synthesis are
modulated by the epigenetic state of a gene, which sums from
the DNA methylation status, nucleosome assembly, and post-
translational histone modifications. The epigenetic landscape is
not static, as environmental cues such as diet, smoking, phys-
ical exercise, and aging can alter the epigenetic composition of
the chromatin throughout an organism’s lifetime (8, 29, 34, 95,
102). Methylation patterns have been shown to vary with
circadian rhythm (5). Methylation of CpG islands in promoter
regions can alter transcription dynamics, resulting in the re-
pression of transcription (10). In general, the presence of CpG
islands in promoters lowers gene noise (27, 60). This might
seem somewhat paradoxical, as increased CpG methylation is
associated with increased nucleosome occupancy (20), and, as
result, it is expected to elevate gene noise because of the lower
promoter accessibility for transcription factor binding. How-
ever, the occurrence of CpG islands in promoters of robustly
expressed genes, i.e., in genes with low transcriptional noise,
does not imply an increased methylation of their promoters. At
the same time, a long-standing hypothesis suggests that DNA
methylation might suppress cryptic transcription initiation
from within the body of a gene, thereby reducing transcrip-
tional noise (9, 39). Thus, it will be important to address these
factors in future research on how DNA methylation partitions
between promoter and gene body in genes with robust and
noisy expression.

Assembly of eukaryotic DNA into nucleosomes adds yet
another layer of complexity to gene regulation and is likely to
modulate gene expression noise (17). Indeed, TATA-contain-
ing promoters favoring nucleosome assembly tend to further
increase the noise due to a competition between TBP and
nucleosomes (18, 83). Furthermore, histones that constitute
nucleosomes are subjected to a wide range of posttranslational
modifications, collectively known as a histone code (4). Tran-
scription coactivator or co-repressor complexes recognize par-
ticular combinations of histone modifications tuning both gene
expression level and expression variability (27, 108, 112).
Thus, it may not be surprising that the presence of conflicting
histone marks, i.e., co-occurrence of histone modifications
associated with gene activation and repression, leads to an
increased expression variability (27). First, bivalent histone
modifications are expected to create a competitive state at the
promoter and, as a result, increase noise in the promoter
activation. Second, bivalent histone marks might interfere with
transcription initiation and elongation causing RNAP II to
pause (51). In general, increased acetylation of histones and an
overall “loose” chromatin structure at the promoter are asso-
ciated with low expression noise, whereas a “closed” chroma-
tin configuration and deficiency in active histone marks drive a
higher noise (14, 22, 63, 90, 98). In conclusion, the stochastic
nature of RNA synthesis is intimately modulated by the sto-
chastic nature of chromatin and DNA methylation states acting
as upstream cellular drives (14, 28).

SYSTEM-STATE DETERMINANTS OF EXPRESSION
VARIABILITY

In general, biological processes are affected by two time-
dependent factors: the circadian clock and aging. Interestingly,
gene expression variability is also linked to these factors. For
example, recently it has been shown that the circadian clock
modulates burst frequency rather than burst size. Conse-
quently, gene expression noise oscillates daily along with the
average gene expression (63). Aging deteriorates many phys-
iological parameters whose variability increases with time
(reviewed in 15), and a clear epigenetic drift between monozy-
gotic twins arises during aging (29). Thus, aging is expected to
have a profound effect on gene expression variability (55). In
accordance with this, the expression of housekeeping genes
was shown to be more robust in cardiomyocytes from young
mice as compared with old mice (6). To that, recent studies in
mouse models provide evidence that interindividual variability
in gene expression tends to increase with age and can be
reduced upon interventions aimed to slow aging (61, 105).
Furthermore, a lower variation in gene expression was ob-
served to correlate with the presence of H3K36me3 (27), a
histone mark that was previously associated with increased
longevity (86), although it is not known whether this epigenetic
modification is a cause or consequence of the increased vari-
ation in gene expression. A recent study of gene expression in
human skin, fat, and blood samples from twin samples showed
a general decrease of expression variability with the age of
individuals studied (101), This surprising and, perhaps, con-
tradictory observation on linking aging and expression vari-
ability warrants further investigations of expression variability
in other populations, tissue types, as well as computational
approaches for its quantification.
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VARIABILITY IN GENE EXPRESSION MIGHT EXPLAIN MANY
BIOLOGICAL PHENOMENA

Variability determines plasticity, i.e., a degree to which a
gene can change its expression in response to environmental
fluctuations as a consequence of the fluctuation-response
relationship (49, 84). Plasticity of expression can serve a
cell to adapt to a new environment (106). At the population
level, a more varied expression of certain genes can produce
individuals that are better prepared for changing conditions
at the cost of reduced metabolic efficiency (12). This was
shown on a microscopic scale in yeast, in which a high
variability in expression of yeast plasma-membrane trans-
porters enhanced their adaptive capabilities to a changing
environment (114). Selection for the yeast TDH3 enzyme
involved in the glucose metabolism was shown to have a
greater impact on expression noise rather than on the aver-
age level of expression, showing an example of selection for
higher variability as an adaptation mechanism (59). Overall,
genes involved in environmental responses show more vari-
ation in expression, which can be beneficial for nonhouse-
keeping functions such as coping with stress or reacting to
environmental queues (11, 69). Genome-wide analysis of
transcriptional and epigenetic variability across human im-
mune cell types showed that neutrophils, one of the first-
responder cells upon an infection, contained the largest
variation in both methylation and expression and suggesting
that variability might be an important factor in immune
response (24). Also interpopulation variability has shown
that genes can have similar levels of expression variability
across individuals and populations, with the largest differ-
ences observed among genes associated with immune re-
sponse and disease susceptibility such as chemokine recep-
tor CRCX4, which is important for HIV-1 infection, where
variation in expression may underlie differences in disease
susceptibility (50). In contrast, genes involved in growth
and development (85), as well as genes that provide a
universal function, such as protein synthesis or degradation
generally (e.g., translation initiation and ribosomal pro-
teins), show relatively robust expression (62). Similarly,
genes central in gene networks, like key pluripotency reg-
ulator Pou5f1 (56) or encoding products that are critical to
the survival of cells (also known as essential genes, since
their deletion is lethal) and genes that code for multiprotein
complexes have evolved to minimize their expression noise
(30, 48, 54). Finally, a recent study in humans showed that
long noncoding RNAs, such as antisense transcripts from
the genomic loci corresponding to known protein-coding
genes, display a higher interindividual expression variability
as compared with protein-coding genes (45), substantiating
their role in adaptation.

Another biological phenomenon where the expression vari-
ability might play an important role is incomplete penetrance
(71, 73). The latter study shows that in Caenorhabditis elegans
mutants with more stochastic expression of the end-1 gene, a
threshold for activating expression of elt-2, the master regula-
tor of intestinal differentiation, may or may not be reached, and
hence only some of mutant embryos will develop intestine.
Different levels of expression in individuals with a similar or
even isogenic genetic background can explain why some indi-
viduals develop severe disease while others have a mild or

even wild-type phenotype. Even individuals who are geneti-
cally identical can show phenotypic differences and even
personality traits, as recently reviewed in (25). Studying tran-
scriptomes from the viewpoint of expression variability can
provide new explanations for mechanisms of disease develop-
ment.

PREREQUISITES FOR ANALYSIS OF DIFFERENTIAL
VARIABILITY IN GENE EXPRESSION

Despite the high promises of differential variability analysis,
several important factors should be taken into consideration
when planning and performing this type of analysis.

Sufficient Number of Samples

While some of the studies investigating expression variabil-
ity used as few as three samples per group (105), technical
biases in library preparation and sequencing can have profound
effects on the differential variability estimates. For a reproduc-
ible analysis of differential variability, a larger sample size is
required in contrast to studies where a differential mean ex-
pression is tested (110). This is further exemplified below by
means of power analysis in the section showcasing the differ-
ential variability analysis for mice.

Avoiding Batch Effects

Since technical variation can mask the effects coming from
biological differences, it is important to perform all technical
procedures in a single batch or, whenever that is not possible,
randomly distribute samples from different groups among
experiment batches.

Accounting for Variability in Transcript Structure

While most current studies quantify variability by using the
number of molecules or number of sequencing reads corre-
sponding to the gene, the structure of the transcript is rarely
taken into account. Yet variability in pre-mRNA maturation is
also observed (103). At the splicing level, statistical methods
were developed to identify genes with condition-specific splic-
ing ratios (31), while variation in splicing can be defined and
quantified using a recently suggested local splicing variation
units (100). Future methods for differential variability analysis,
therefore, should consider not only quantitative, but also struc-
tural, variability of gene products.

The first two points are rather general experimental design
considerations, while the latter is more specific for RNA-Seq-
based profiling of gene expression.

STATISTICAL INFERENCE OF GENE EXPRESSION
VARIABILITY

Several metrics have been proposed to measure the variabil-
ity of gene expression, such as variance (�2), the (squared)
coefficient of variation (cv, also known as signal-to-noise
ratio), Fano factor (also known as noise strength), and their
robust counterparts median absolute deviation from the median
(MAD), (quartile) coefficient of dispersion (COD or QCOD),
etc. (74, 83, 99). (Table 1).

Applicability and interpretation of these metrics depend on how
gene expression data were obtained and processed. For example,
variance stabilizing transformations [VST, f(x)] of microarray
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hybridization intensities or normalized RNA counts [such as CPM
(counts per million) or FPKM (fragments per kilobase of tran-
script per million)] transform mean and variance as E[f(X)] �
f(�X) and Var�f�X�� � �f’��X��2�X

2, respectively, following the
1st-order Taylor expansion, where �X and �X

2 are original mean
and variance, respectively. Among commonly used VSTs are the
logarithm [log2(X)] and generalized logarithm [glog2�X� � log2

�X � 	X2�1�] functions (38). This implies that the variance of
log2 or glog2 transformed variables corresponds to the squared
coefficient of variation of the original variable (cvX

2) as Var�log2

�X�� � log�2��2
�X

2

�X
2 � log�2��2cvX

2 and Var�glog2�X�� � log

�2��2
�X

2

�X
2�1

� log�2��2cvX
2 (for �X

2 �� 1). Thus, it makes no sense

to estimate either cv or Fano factor for VST transformed variables
as their variance is already proportional to cvX

2. Similar logic
applies to robust measures of variability as MAD�log2�X�� �
median�	log2�Xi ⁄ X̃�	� and MAD�glog2�X�� � median�	log2�Xi ⁄

X̃�	� (for Xi �� 1), and additional normalization of MAD to the
median of VST transformed variable is unnecessary.

In contrast, when dealing with untransformed variables
emitted by Poisson or mixed-Poisson processes (such as RNA-
Seq counts), normalization to the mean is required because of
the presence of the mean-variance relationships. Var�X� �
�X

2 � �X for Poisson and Var�X� � �X
2 � �X � 
X�X

2 for
mixed-Poisson distributed RNA counts, where 
X � 0 is the
overdispersion parameter (44). Then, the Fano factor turns out
to be handy for the estimation of deviation from the Poisson
process, as F � �X

2 ⁄�X � 1 indicates overdispersion, while
cvX

2 � �X
�1 � 
X partitions noise into two asymptotically ort-

hogonal parameters of mixed-Poisson distributions, which we
refer to as Poisson and non-Poisson noise. In the section
showcasing the differential variability analysis for mice we
demonstrate statistical inference of both �X and 
X parameters
for genes’ RNA counts.

So far, statistical inference of expression variability is
limited to only a few tools. For instance, tools, such as
AEGS and pathVar aim to discover biological pathways, for
which the expression variability changes. AEGS is a web-
server that uses case-control data and allows one to identify
which of predefined gene sets (e.g., genes belonging to the
same gene ontology category) are more variably expressed
and ranks variability of individual genes within each set
(32). The tool is also available as standalone program and
can, in principle, be easily integrated into RNA-Seq analysis
pipelines. PathVar enables case-control pathway-based in-
terpretation of gene expression variability but can also

compare a single group of samples against a background
distribution (99). This tool is available from the Bioconduc-
tor collection of packages, provides a broad choice of
variability measures, and can also become part of routine
transcriptome analysis.

Another tool, MDseq, employs a generalized linear model
(GLM) to estimate statistically significant changes in both
expression mean and variability in response to experimental
factors (74). Although MDseq considerably expands the
standard GLM approach employed in many tools for differ-
ential gene expression analysis, its current implementation
seems to be limited to a fixed-effect negative binomial (NB)
model (74). To that, MDseq parametrization of the NB
implies a linear mean-variance relationship for RNA counts:
Var(X) � ��, while many RNA-Seq studies suggest a
quadratic relationship (58). In fact, a quadratic mean-vari-
ance relationship originates from the mixed-Poisson nature
of a stochastic process driving RNA synthesis and degrada-
tion (21, 40, 66, 72).

In brief, for a mixed-Poisson processes, the Poisson rate (�),
represented by a ratio of RNA synthesis to degradation rates, is
assumed to be a random variable with the expectation E(�) �
� and the variance defined by an underlying mixing distribu-
tion g�(�). The mixed Poisson distribution of RNA counts

takes the following general form: P�X � x� � 

0

 e���x

x!
g�

���d�, where mixing distribution g�(�) can take on any
parametric form depending on upstream cellular drives (21).
For example, promoter switching between active and inac-
tive states (bursts) leads under limiting conditions to a
gamma distribution of the Poisson rate (�). As a result, the
cell-to-cell distribution of the RNA copy number follows a
gamma-Poisson distribution (also known as a negative bi-
nomial, NB) (21, 72). Likewise, the NB distribution empir-
ically fits well to RNA-Seq counts from both tissues and cell
populations (58).

For any mixed-Poisson process, i.e., independent of a spe-
cific form of the g�(�), a total variance and noise (a squared
coefficient of variation of RNA counts) sums from the Poisson
(1st summand) and non-Poisson (2nd summand) parts as:
Var[X] � � 	 
�2, cv2(X) � ��1 	 
, respectively (44, 79).
Non-Poisson variation (
) is often referred to as the overdis-
persion parameter or the biological coefficient of variation
(
 � bcv2) (58). The Poisson and non-Poisson variation are
also assigned as intrinsic and extrinsic, respectively (68). Thus,
the goal of differential gene expression analysis is to estimate
the average RNA copy number (�), while that of differential
gene noise analysis is to estimate overdispersion (
) from a
distribution of RNA counts.

SHOWCASE FOR DIFFERENTIAL GENE EXPRESSION
VARIABILITY ANALYSIS USING GAMLSS

Here we propose to utilize GAMLSS to assess the effects of
biological factors on a gene’s Poisson (��1) and non-Poisson
(
) variation. GAMLSS stands for generalized additive model
for location, scale, and shape and offers immense flexibility for
semiparametric mixed effect modeling of up to four distribu-
tion parameters (78, 91).

The suggested analysis strategy has several advantages.
First, GAMLSS comes with an extensive list of mixed-Poisson

Table 1. Commonly used measures of variability

Coefficient of variation (signal to
noise ratio) cv � �/�

Fano factor (noise strength) F � �2/�
Median absolute deviation from

the median MAD � median(|Xi| � X̃)
Coefficient of dispersion COD � MAD/X̃)
Quartile coefficient of dispersion QCOD � (Q3 � Q1)/(Q3 	 Q1)

X̃, median; Q1 and Q3 are the 1st and 3rd quartiles, respectively.
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distributions along with their zero inflated/adjusted variants (79).
Second, GAMLSS allows for the fitting of mixed-effect models to
RNA counts. And third, smoothing terms (splines) can also be
used to model nonlinear relations of mixed-Poisson distribution
parameters with continuous experimental variables such as age.
These factors combined give it a much better control in the
modeling of differential gene expression and variability.

To demonstrate GAMLSS at work, we provide a brief reanal-
ysis of age-dependent changes in the overdispersion (non-Poisson
variation) for genes expressed in liver samples taken from young
and old C57BL/6J mice (61). All computer programs used here
and description of the analysis are available as GitHub repository
(https://github.com/Vityay/ExpVarQuant).

We modeled genes’ RNA counts using the NB(�,
) distri-
bution parametrized with respect to the mean (�) and non-
Poisson variation (
) in such a way that the quadratic mean-
variance relationship holds. The probability mass function for
independent and identically distributed RNA counts (X) for a

given gene: X ~
ind

NB��,
� is defined as:

P�X � x� �

�� 1



� x�

�� 1


���x � 1�
� 1

1 � 
��
1

� 
�

1 � 
��x

,

with expectation (mean) and variance of RNA counts: E[X] �
�, Var[X] � � 	 
�2, and cv2(X) � ��1 	 
.

Then, we specified a GAMLSS model to account for the age
(young, 5 mo; old, 20 mo old mice) effect on both the mean
RNA counts and the overdispersion:

log�Xi� ~ agej��j
� log�Ni� ,

log�
� ~ agej�
j
,

where i � 1, �,n is ith observation of gene’s mRNA counts
(Xi); j � 1, �,p is jth factor level (young, 5 wk; old, 20 wk); and
log(Ni) is offset vector represented by library sizes. The first
equation of GAMLSS specifies a model of a factor effect,
namely agej, on library size (Ni) normalized mean mRNA
counts (�j � e��j, cpmj � 106�j). Essentially, this part of the
model corresponds to a GLM model of differential gene
expression (58), however, GAMLSS allows for more flexibility
as random effects and smoothing terms can also be included
(91). The second equation of GAMLSS models a factor effect
on non-Poisson noise (
), where �
j

is a maximum-likelihood
estimation of overdispersion parameter (
j � e�
j).

Significance values of age-mediated changes in � and 

parameters of the NB(�,
) were assessed for each gene with
likelihood ratio tests (LR). For a given gene, the LR test
statistic for changes in mean RNA counts between old and
young mice was calculated as following:

D� � �2log
likelihood for reduced model

likelihood for GAMLSS model

� �2log
L��0, 
 j	Xi)

L�� j, 
 j	Xi)
,

where the reduced model omits factor effect (age) from the
model of �: log�Xi� ~ ��0

� log�Ni�, while the age effect on

non-Poisson noise was still accounted for. It can be readily
noted that the estimation of differential gene expression by
GAMLSS differs from that by classical GLM as the latter
estimates only the shared overdispersion (58). In brief, the
GLM model is specified as:

log�Xi� ~ agej��j
� log�Ni�,

log�
� ~ �
0

in GAMLSS notation, and the LR test statistic is calculated as:

D�GLM
� �2log

likelihood for null model

likelihood for GLM model

� �2log
L��0, 
0	Xi)

L�� j, 
0	Xi)
,

where null model omits factor effect on both � and 
. Finally,
LR test statistic for changes in non-Poisson noise was calcu-
lated by comparing GLM model (as reduced model for 
) with
full GAMLSS model:

D
 � �2log
likelihood for GLM model

likelihood for GAMLSS model

� �2log
L�� j, 
0	Xi)

L�� j, 
 j	Xi)

.

D�, D�GLM
, and D
 are asymptotically �2-distributed with

degrees of freedom equal to a difference between the number
of compared models’ parameters. Thus, from this example it is
clear that GAMLSS is an extension of a GLM model allowing
for the estimation of factor effects on both parameters of the
distribution of RNA counts, namely mean and overdispersion
(non-Poisson noise).

We excluded genes with zero counts in any of the samples
from the analysis as this might bias the estimation of
non-Poisson variation. In fact, an excess of zeros in RNA-
Seq data imposes a certain problem for statistical inference
of the distribution parameters for RNA counts. Indeed, in
many cases it is impossible to discriminate whether observ-
ing a zero is the result of a gene being silenced or whether
it is observed due to an insufficient sequencing depth caus-
ing dropouts of genes with low expression. In principle, the
former case corresponds to a zero-adjusted model, while the
latter to a zero-inflated model, and both could be fitted by
GAMLSS. However, neither of these assumptions alone
resolves the uncertainty that zero values introduce to tran-
scriptome analysis.

Having estimated the parameters � and 
 for liver genes
expressed in young and old mice, we noted that their
absolute values were practically uncorrelated [�(�,
) ¡ 0].
This could be attributed directly to the given parametriza-
tion of the NB(�,
), which implies an asymptotic indepen-
dence of the estimated parameters. It follows from the Fisher

information matrix as its element I�
 � � E
�2

���

log�P�X	

�,
�� � 0. To that, changes in the mean gene expression and the
non-Poisson variation occurring with age were also almost uncor-
related ([�(
�,

) ¡ 0]). Testing under the assumption that the
cellular RNA concentration (total number of RNA molecules per
cell) is the same for the samples taken from young and old mice,

151GENE EXPRESSION VARIABILITY

Physiol Genomics • doi:10.1152/physiolgenomics.00128.2018 • www.physiolgenomics.org
Downloaded from www.physiology.org/journal/physiolgenomics at Biblio der Rijksuniversiteit (192.087.023.100) on May 6, 2019.

https://github.com/Vityay/ExpVarQuant


we scored about a comparable number of genes for which the
mean RNA counts either increased or decreased significantly with
age (Figs. 2A, 3A). Estimation of the mean also yielded the
estimation of the Poisson variation as they are reciprocal to each
other (Poisson variation � ��1). In contrast to the Poisson vari-
ation, non-Poisson variation increased with age (Fig. 2B). Impor-
tantly, applying the GAMLSS model enabled for the identification
of genes for which the non-Poisson variation, but not the mean,
changed significantly with age (Figs. 2B, 3B).

However, it must be noted that the relative standard errors
of overdispersion estimates tend to be larger than that of

mean estimates. As a result, this lowers the statistical power
of the LR test for factor effects on non-Poisson variation.
This is evident from the power analysis of LR tests for fold
changes in mean and overdispersion (Fig. 2, C and D).
Although a derivation of the analytical form for the power
of LR tests for complex models is deemed impossible, this
can be circumvented by a simulation method. To this end, a
thousand pairs of samples of NB distributed random vari-
ables were generated with the given parameters �0 (counts)
and 
0 (non-Poisson noise) for reference samples and fold
changes (�) in one of the NB parameters for test samples.

Fig. 2. A generalized additive model for
location, scale, and shape (GAMLSS) anal-
ysis of age-mediated changes in gene ex-
pression and non-Poisson noise. A: boxplots
of a GAMLSS estimations of the mean
mRNA copy numbers [counts per million
mapped reads (cpm)] for genes expressed in
the liver of young (5 mo, n � 6) and old (20
mo, n � 6) C57BL/6J mice (left). Scatter
plot of genes’ mean mRNA copy number in
young and old mice (middle) and a boxplot
of log2 fold changes in expression between
old and young mice (right). Significantly up-
and downregulated genes [false discovery
rate (FDR) � 0.05] are indicated in red and
blue, respectively. In boxplots, the box spans
the interquartile range (IQR) from 25% (Q1)
to 75% (Q3) and the middle line indicates
50% (median). Whiskers span to 1.5 IQR
from the lower (Q1) and upper (Q3) quar-
tiles or are truncated to the min. or max.
values, if those are within 1.5 IQR. B:
GAMLSS estimation of non-Poisson vari-
ability in mRNA copy numbers (left). A
scatter plot of genes’ estimates of non-Pois-
son variability in young and old mice (mid-
dle) and a boxplot of log2 fold changes in
non-Poisson variability with age (right).
Genes for which the non-Poisson noise in-
creased or decreased significantly with age
are marked in red or blue respectively. C:
heat map depicting a power analysis of the
likelihood ratio (LR) test for fold changes
(�) in �0 (mean counts). For each power
analysis (1000) pairs of samples from refer-
ence NB(�0,
0) and test NB(��0,
0) distribu-
tions were simulated with �0 � {10,100,
1000}, 
0 � {0.1,0.25,0.5} and � �

1

4
,
1

3
,�,3,4�. Sample sizes were {5,10,�,

100,1000}. Null hypothesis: H0 : �0 � ��0

were rejected at significance level of 0.05 and
power was calculated as the probability of
rejecting H0. Red indicates high power, white
low. D: heat map depicting a power analysis of
the LR test for fold change (�) in 
0 (non-
Poisson noise).
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Then, LR tests were applied, comparing simulated reference
samples NB(�0, 
0) with test samples NB(��0, 
0) and
NB(�0, �
0). The power of LR tests for �0 � ��0 (Fig. 2C)
and 
0 � �
0 (Fig. 2D) was then estimated as a proportion
of true positives at a significance level of � 0.05. Obviously
for all tested configurations of NB (�0: {10, 100, 1000} and

0: {0.1, 0.25, 0.5}) the power of LR tests for mean and
overdispersion increased with an increasing sample size. To
that, the power of LR tests for fold changes in mean counts
(Fig. 2C) is higher than that of non-Poisson noise (Fig. 2D).
Unexpectedly though, the power of LR tests tends to in-
crease, especially for the tests comparing overdispersion,
with increasing �0 irrespectively of the presence or absence
of an offset parameter, which simulates library size. This
suggests that an increase of sample size and sequencing
depth (library size) will eventually increase the statistical
power of tests aimed at comparing changes in mean expres-
sion and non-Poisson noise.

EXPRESSION VARIABILITY ANALYSIS PROVIDES
ADDITIONAL INSIGHTS INTO DATASET

To identify biological pathways associated with the age-
mediated increase in non-Poisson variations, we fitted a
ridge regression model to the log2 fold change in overdis-
persion using KEGG annotations of genes as a model matrix
(Fig. 4A) (35, 43). Such an approach circumvents the prob-
lem of pathway overrepresentation analysis associated with
the necessity to select a threshold for statistical significance.
It is also well suited for the analysis of non-Poisson varia-
tion when a common trend for genes is to increase in
variability with age. As a result, the KEGG-pathway ridge
regression model revealed several pathways, such as the
complement and coagulation cascades, amino acid (Val,
Leu, Ile) degradation, chemokine signaling, and others for
which non-Poisson variation increased in aged mice (Figs.
3B, 4B).

Fig. 3. Examples of differentially expressed genes (A) and genes showing increase in non-Poisson variability with age (B). Top: boxplots of selected liver
genes’ mRNA copy numbers [expressed as log2(cpm)] for young (green, n � 6) and old (red, n � 6) C57BL/6J mice. Whiskers extend to minimum and
maximum values. Middle: boxplots of log2(cpm) residual values corrected for genes’ grand mean expression for young and old mice (~gene). Bottom:
boxplots of log2(cpm) residuals corrected for genes’ group-wise mean expression in young and old mice (~gene:age). The middle panel serves to illustrate
differential gene expression, while the bottom panel shows whether the gene expression variability is affected by age. Genes were selected based on
significance of the age-mediated changes in mean mRNA counts (A, FDRcpm � 0.05) or changes in non-Poisson variability (B, FDRnon-Pois. variability �
0.05). For B, note an increase in log2(cpm) variability for selected genes in population of 20 wk old mice due to an increase in non-Poisson variability
with age as compared with 5 wk mice. Left panel in B shows genes associated with complement and coagulation cascades according to KEGG annotation;
the right panel shows a selection of 30 genes with the highest statistically significant gain in non-Poisson variability.
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FLUCTUATION-RESPONSE RELATIONSHIP FOR RNA COUNTS

Gene expression noise is thought to drive gene expression
plasticity due to a fluctuation-response relationship (49, 84).
This implies that an absolute change in the expectation (�)
of some measurable quantity (X) in response to an influence
is proportional to its initial variance: |�1 � �0| � Var(X).
However, this relationship holds true only for Gaussian-like
distributed quantities under the assumption of a fixed vari-
ance: Var(X1) � Var(X0). Nonetheless, if log transformed
RNA counts approximate a Gaussian-like distribution, then
the fluctuation-response relationship takes on the following
form: log|�1/�0| � 
 � bcv2, as a result of the Taylor
expansions for the moments for genes expressed at large
copy number (� �� 1). We noted a modest, but significant,
positive correlation between absolute log2 fold changes in
the mean gene expression for old and young mice with
non-Poisson variation for young mice (Fig. 5A). A lack of a
stronger correlation could be due to the violation of the
fluctuation-response assumption of a fixed variance or over-
dispersion for log-transformed variables. In general, this
substantiates the fluctuation-response relationship for the
RNA copy number.

ESTIMATES OF GENE VARIATION FROM TISSUES RETAIN
INFORMATION ON GENE-STATE DETERMINANTS OF NON-
POISSON NOISE

Finally, we wondered if the estimate of non-Poisson
variation from RNA-Seq data of cell populations contains
information on gene-state determinants. To this end, we
compared the genes’ non-Poisson variation estimates with
their promoter DNA-sequence composition. First, we noted
that on average, the non-Poisson variation was higher for
genes that were regulated by TATA-containing promoters
(Fig. 5B). Second, in accordance with the fluctuation-re-

sponse relationship (Fig. 5A), aging induced more pro-
nounced changes in the mean expression of genes with
TATA-containing promoters (Fig. 5, B and C). Overall, this
result is in agreement with the TATA-mediated promoter
fluctuation caused by a competition between distinct TBP-
coactivator complexes (77, 82, 87), and it substantiates the
notion that gene-state signals are retained in cell population
estimates of non-Poisson variation.

To conclude this brief showcase of GAMLSS, we advo-
cate for the use of this framework to dissect the determi-
nants of both mean RNA counts and non-Poisson variation
as two independent parameters of gene expression network.

COMBINING OTHER -OMICS DATA WITH RNA-SEQ CAN
LEAD TO NEW DISCOVERIES

A connection between the gene expression variability
measured on different levels, cell-to-cell, interindividual,
and interpopulation, has been suggested previously (23, 25).
The rapid development of accessible and cost-efficient
methods for single-cell RNA-Seq will provide us with
improved estimates of cell-to-cell variability in gene expres-
sion (70). Flow cytometry techniques can help in the further
separation into (so-called/the suggested) macroheterogene-
ity, which is the variability that encompasses both on and off
states of genes, as well as microheterogeneity, which rep-
resents the variability in gene expression of genes in differ-
ent cells (37). Furthermore, recently generated large tran-
scriptome data sets for hundreds of individuals (31a, 47)
should increase our understanding of transcriptome variabil-
ity at the population level.

Apart from transcriptomics data, large sets of epigenetics
data will be of great value. For example, the changing land-
scape of histone modifications with age has been established
(89), as has the property of histone modifications to be asso-

Fig. 4. Pathway analysis of age-mediated changes in non-Poisson variability. A: ridge regression model predicting age-mediated changes in non-Poisson
variability based on the genes’ KEGG pathway annotations. B: top 20 KEGG pathways associated with age-mediated increase in non-Poisson variability.
Pathways were selected based on the ranking of model coefficients.
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ciated with the average gene expression and variation in gene
expression (108). Similarly, the beneficial effects of alterations
in diet have been shown to extend the lifespan of mice (7), as
has the methylation of genes and the consequent variation in
expression been shown to contribute to the pathophysiology
of mice on a high-fat diet (113). In line with these two
observations, it has been shown that the suppression of
interindividual variation has positive effects on the lifespans
of C. elegans (75).

Finally, when speaking of gene expression variability, it is
important to consider how the variability in RNA copy number
translates to variability at a protein level. Often there seems to
be a discrepancy between the amount of RNA transcribed and
the amount of the matching protein being produced within
samples (64). Yet many principles of gene noise have been
derived by quantifying reporter gene expression on the protein

level, such as two-color reporter assay (26, 94). To that,
derivations of protein fluctuations from theoretical models of
stochastic gene expression highlight the contribution of RNA-
level noise to protein-level noise (68). Thus, it is reasonable to
propose that gene expression variability might propagate from
RNA to protein, from protein to cell, from cell to tissue, and
from tissue to organism.

To conclude, the analysis of differential transcriptome
variability complements the standard analysis of differential
gene expression and reveals another dimension of expres-
sion analysis. With the further development of tools and
with a wider acceptance of these methods, we will advance
our understanding of the mechanisms underlying the regu-
lation of transcription, common physiological traits, and
disease predispositions.

Fig. 5. A: relationships between the initial non-Poisson variability in young mice and the age-mediated responses in the mean mRNAs counts. Gene
expression responses are represented as absolute log2 ratios (top) of mean mRNA counts in old and young mice. GAMLSS estimates of genes’ non-Poisson
variability in young mice are given as ranked values ranging from lowest (1) to highest (10). Spearman correlation coefficients are shown. Trend lines
were generated by LOESS local regression. B, C: TATA-box associated with increased non-Poisson variability and age-mediated response in mean
expression levels. B: boxplots show the initial non-Poisson variability in 5 mo old mice (young, top) and absolute changes in the mean gene expression
(bottom) for mouse genes classified according to all possible combinations of four promoter motifs: the TATA-box, Initiator (Inr), CCAAT-box and
GC-box. A group of genes lacking any of those is labeled as “none”. C: scatterplot of genes’ group-wise medians in the initial non-Poisson variability
at age of 5 mo and the absolute changes in mean gene expression levels between old and young mice. Genes containing a TATA-box in any of these
combinations in their promoters tend to have a higher non-Poisson variability and respond stronger to age with respect to the changes in mean expression
levels. The Pearson correlation coefficient and significance are indicated.
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long J, Rivas MA, Gonzàlez-Porta M, Kurbatova N, Griebel T,
Ferreira PG, Barann M, Wieland T, Greger L, van Iterson M,
Almlöf J, Ribeca P, Pulyakhina I, Esser D, Giger T, Tikhonov A,
Sultan M, Bertier G, MacArthur DG, Lek M, Lizano E, Buermans
HPJ, Padioleau I, Schwarzmayr T, Karlberg O, Ongen H, Kilpinen
H, Beltran S, Gut M, Kahlem K, Amstislavskiy V, Stegle O, Pirinen
M, Montgomery SB, Donnelly P, McCarthy MI, Flicek P, Strom TM,
Lehrach H, Schreiber S, Sudbrak R, Carracedo A, Antonarakis SE,
Häsler R, Syvänen A-C, van Ommen G-J, Brazma A, Meitinger T,
Rosenstiel P, Guigó R, Gut IG, Estivill X, Dermitzakis ET; Geuvadis
Consortium. Transcriptome and genome sequencing uncovers func-
tional variation in humans. Nature 501: 506–511, 2013. doi:10.1038/
nature12531.

48. Lehner B. Selection to minimise noise in living systems and its impli-
cations for the evolution of gene expression. Mol Syst Biol 4: 170, 2008.
doi:10.1038/msb.2008.11.

49. Lehner B, Kaneko K. Fluctuation and response in biology. Cell Mol Life
Sci 68: 1005–1010, 2011. doi:10.1007/s00018-010-0589-y.

50. Li J, Liu Y, Kim T, Min R, Zhang Z. Gene expression variability
within and between human populations and implications toward disease
susceptibility. PLOS Comput Biol 6: e1000910, 2010. doi:10.1371/
journal.pcbi.1000910.

51. Liu J, Wu X, Zhang H, Pfeifer GP, Lu Q. Dynamics of RNA
Polymerase II Pausing and Bivalent Histone H3 Methylation during
Neuronal Differentiation in Brain Development. Cell Rep 20: 1307–
1318, 2017. doi:10.1016/j.celrep.2017.07.046.

52. Love MI, Huber W, Anders S. Moderated estimation of fold change
and dispersion for RNA-seq data with DESeq2. Genome Biol 15: 550,
2014. doi:10.1186/s13059-014-0550-8.

53. Low TY, van Heesch S, van den Toorn H, Giansanti P, Cristobal A,
Toonen P, Schafer S, Hübner N, van Breukelen B, Mohammed S,

Cuppen E, Heck AJR, Guryev V. Quantitative and qualitative pro-
teome characteristics extracted from in-depth integrated genomics and
proteomics analysis. Cell Rep 5: 1469–1478, 2013. doi:10.1016/j.celrep.
2013.10.041.

54. Macneil LT, Walhout AJM. Gene regulatory networks and the role of
robustness and stochasticity in the control of gene expression. Genome
Res 21: 645–657, 2011. doi:10.1101/gr.097378.109.

55. Martinez-Jimenez CP, Eling N, Chen H-C, Vallejos CA, Kolodziejc-
zyk AA, Connor F, Stojic L, Rayner TF, Stubbington MJT, Teich-
mann SA, de la Roche M, Marioni JC, Odom DT. Aging increases
cell-to-cell transcriptional variability upon immune stimulation. Science
355: 1433–1436, 2017. doi:10.1126/science.aah4115.

56. Mason EA, Mar JC, Laslett AL, Pera MF, Quackenbush J, Wolvet-
ang E, Wells CA. Gene expression variability as a unifying element of
the pluripotency network. Stem Cell Reports 3: 365–377, 2014. doi:10.
1016/j.stemcr.2014.06.008.

57. McAdams HH, Arkin A. Stochastic mechanisms in gene expression.
Proc Natl Acad Sci USA 94: 814–819, 1997. doi:10.1073/pnas.94.3.814.

58. McCarthy DJ, Chen Y, Smyth GK. Differential expression analysis of
multifactor RNA-Seq experiments with respect to biological variation.
Nucleic Acids Res 40: 4288–4297, 2012. doi:10.1093/nar/gks042.

59. Metzger BPH, Yuan DC, Gruber JD, Duveau F, Wittkopp PJ.
Selection on noise constrains variation in a eukaryotic promoter. Nature
521: 344–347, 2015. doi:10.1038/nature14244.

60. Morgan MD, Marioni JC. CpG island composition differences are a
source of gene expression noise indicative of promoter responsiveness.
Genome Biol 19: 81, 2018. doi:10.1186/s13059-018-1461-x.

61. Müller C, Zidek LM, Ackermann T, de Jong T, Liu P, Kliche V,
Zaini MA, Kortman G, Harkema L, Verbeek DS, Tuckermann JP,
von Maltzahn J, de Bruin A, Guryev V, Wang Z-Q, Calkhoven CF.
Reduced expression of C/EBP-LIP extends health and lifespan in mice.
eLife 7: e34985, 2018. doi:10.7554/eLife.34985.

62. Newman JRS, Ghaemmaghami S, Ihmels J, Breslow DK, Noble M,
DeRisi JL, Weissman JS. Single-cell proteomic analysis of S. cerevisiae
reveals the architecture of biological noise. Nature 441: 840–846, 2006.
doi:10.1038/nature04785.

63. Nicolas D, Zoller B, Suter DM, Naef F. Modulation of transcriptional
burst frequency by histone acetylation. Proc Natl Acad Sci USA 115:
7153–7158, 2018. doi:10.1073/pnas.1722330115.

64. Nie L, Wu G, Culley DE, Scholten JCM, Zhang W. Integrative
analysis of transcriptomic and proteomic data: challenges, solutions and
applications. Crit Rev Biotechnol 27: 63–75, 2007. doi:10.1080/
07388550701334212.

65. Nojima T, Gomes T, Grosso ARF, Kimura H, Dye MJ, Dhir S,
Carmo-Fonseca M, Proudfoot NJ. Mammalian NET-Seq Reveals Ge-
nome-wide Nascent Transcription Coupled to RNA Processing. Cell 161:
526–540, 2015. doi:10.1016/j.cell.2015.03.027.

66. Park SJ, Song S, Yang G-S, Kim PM, Yoon S, Kim J-H, Sung J. The
Chemical Fluctuation Theorem governing gene expression. Nat Commun
9: 297, 2018. doi:10.1038/s41467-017-02737-0.

67. Parker R, Song H. The enzymes and control of eukaryotic mRNA
turnover. Nat Struct Mol Biol 11: 121–127, 2004. doi:10.1038/nsmb724.

68. Paulsson J. Models of stochastic gene expression. Phys Life Rev 2:
157–175, 2005. doi:10.1016/j.plrev.2005.03.003.

69. Pedraza JM, van Oudenaarden A. Noise propagation in gene net-
works. Science 307: 1965–1969, 2005. doi:10.1126/science.1109090.

70. Potter SS. Single-cell RNA sequencing for the study of development,
physiology and disease. Nat Rev Nephrol 14: 479–492, 2018. doi:10.
1038/s41581-018-0021-7.

71. Raj A, van Oudenaarden A. Nature, nurture, or chance: stochastic gene
expression and its consequences. Cell 135: 216–226, 2008. doi:10.1016/
j.cell.2008.09.050.

72. Raj A, Peskin CS, Tranchina D, Vargas DY, Tyagi S. Stochastic
mRNA synthesis in mammalian cells. PLoS Biol 4: e309, 2006. doi:10.
1371/journal.pbio.0040309.

73. Raj A, Rifkin SA, Andersen E, van Oudenaarden A. Variability in
gene expression underlies incomplete penetrance. Nature 463: 913–918,
2010. doi:10.1038/nature08781.

74. Ran D, Daye ZJ. Gene expression variability and the analysis of
large-scale RNA-seq studies with the MDSeq. Nucleic Acids Res 45:
e127, 2017. doi:10.1093/nar/gkx456.

75. Rangaraju S, Solis GM, Thompson RC, Gomez-Amaro RL, Kurian
L, Encalada SE, Niculescu AB III, Salomon DR, Petrascheck M.
Suppression of transcriptional drift extends C. elegans lifespan by post-

157GENE EXPRESSION VARIABILITY

Physiol Genomics • doi:10.1152/physiolgenomics.00128.2018 • www.physiolgenomics.org
Downloaded from www.physiology.org/journal/physiolgenomics at Biblio der Rijksuniversiteit (192.087.023.100) on May 6, 2019.

https://doi.org/10.1016/j.bbagrm.2013.01.004
https://doi.org/10.1016/j.bbagrm.2013.01.004
https://doi.org/10.1016/j.molcel.2012.10.016
https://doi.org/10.1101/gr.139378.112
https://doi.org/10.1242/dev.035139
https://doi.org/10.1093/bioinformatics/18.suppl_1.S96
https://doi.org/10.1186/1756-8935-6-9
https://doi.org/10.1103/PhysRevE.90.052712
https://doi.org/10.1016/j.cell.2016.03.035
https://doi.org/10.1038/nrm3953
https://doi.org/10.1038/nrm3953
https://doi.org/10.1093/nar/gkv1070
https://doi.org/10.1111/j.1751-5823.2005.tb00250.x
https://doi.org/10.1186/s13059-016-0873-8
https://doi.org/10.1186/s13059-016-0873-8
https://doi.org/10.1146/annurev-genet-110711-155440
https://doi.org/10.1038/nature12531
https://doi.org/10.1038/nature12531
https://doi.org/10.1038/msb.2008.11
https://doi.org/10.1007/s00018-010-0589-y
https://doi.org/10.1371/journal.pcbi.1000910
https://doi.org/10.1371/journal.pcbi.1000910
https://doi.org/10.1016/j.celrep.2017.07.046
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1016/j.celrep.2013.10.041
https://doi.org/10.1016/j.celrep.2013.10.041
https://doi.org/10.1101/gr.097378.109
https://doi.org/10.1126/science.aah4115
https://doi.org/10.1016/j.stemcr.2014.06.008
https://doi.org/10.1016/j.stemcr.2014.06.008
https://doi.org/10.1073/pnas.94.3.814
https://doi.org/10.1093/nar/gks042
https://doi.org/10.1038/nature14244
https://doi.org/10.1186/s13059-018-1461-x
https://doi.org/10.7554/eLife.34985
https://doi.org/10.1038/nature04785
https://doi.org/10.1073/pnas.1722330115
https://doi.org/10.1080/07388550701334212
https://doi.org/10.1080/07388550701334212
https://doi.org/10.1016/j.cell.2015.03.027
https://doi.org/10.1038/s41467-017-02737-0
https://doi.org/10.1038/nsmb724
https://doi.org/10.1016/j.plrev.2005.03.003
https://doi.org/10.1126/science.1109090
https://doi.org/10.1038/s41581-018-0021-7
https://doi.org/10.1038/s41581-018-0021-7
https://doi.org/10.1016/j.cell.2008.09.050
https://doi.org/10.1016/j.cell.2008.09.050
https://doi.org/10.1371/journal.pbio.0040309
https://doi.org/10.1371/journal.pbio.0040309
https://doi.org/10.1038/nature08781
https://doi.org/10.1093/nar/gkx456


poning the onset of mortality. eLife 4: e08833, 2015. doi:10.7554/eLife.
08833.

76. Raser JM, O’Shea EK. Control of stochasticity in eukaryotic gene expression.
Science 304: 1811–1814, 2004. doi:10.1126/science.1098641.

77. Ravarani CNJ, Chalancon G, Breker M, de Groot NS, Babu MM.
Affinity and competition for TBP are molecular determinants of gene expression
noise. Nat Commun 7: 10417, 2016. doi:10.1038/ncomms10417.

78. Rigby RA, Stasinopoulos DM. Generalized additive models for loca-
tion, scale and shape. J R Stat Soc Ser C 54: 507–554, 2005. doi:10.
1111/j.1467-9876.2005.00510.x.

79. Rigby RA, Stasinopoulos DM, Akantziliotou C. A framework for
modelling overdispersed count data, including the Poisson-shifted gen-
eralized inverse Gaussian distribution. Comput Stat Data Anal 53:
381–393, 2008. doi:10.1016/j.csda.2008.07.043.

80. Risso D, Ngai J, Speed TP, Dudoit S. Normalization of RNA-seq data
using factor analysis of control genes or samples. Nat Biotechnol 32:
896–902, 2014. doi:10.1038/nbt.2931.

81. Sainsbury S, Bernecky C, Cramer P. Structural basis of transcription
initiation by RNA polymerase II. Nat Rev Mol Cell Biol 16: 129–143,
2015. doi:10.1038/nrm3952.

82. Sanchez A, Choubey S, Kondev J. Regulation of noise in gene expres-
sion. Annu Rev Biophys 42: 469–491, 2013. doi:10.1146/annurev-
biophys-083012-130401.

83. Sanchez A, Golding I. Genetic determinants and cellular constraints in
noisy gene expression. Science 342: 1188–1193, 2013. doi:10.1126/
science.1242975.

84. Sato K, Ito Y, Yomo T, Kaneko K. On the relation between fluctuation
and response in biological systems. Proc Natl Acad Sci USA 100:
14086–14090, 2003. doi:10.1073/pnas.2334996100.

85. Sears KE, Maier JA, Rivas-Astroza M, Poe R, Zhong S, Kosog K,
Marcot JD, Behringer RR, Cretekos CJ, Rasweiler JJ IV, Rapti Z.
The Relationship between Gene Network Structure and Expression
Variation among Individuals and Species. PLoS Genet 11: e1005398,
2015. doi:10.1371/journal.pgen.1005398.

86. Sen P, Dang W, Donahue G, Dai J, Dorsey J, Cao X, Liu W, Cao K,
Perry R, Lee JY, Wasko BM, Carr DT, He C, Robison B, Wagner J,
Gregory BD, Kaeberlein M, Kennedy BK, Boeke JD, Berger SL.
H3K36 methylation promotes longevity by enhancing transcriptional
fidelity. Genes Dev 29: 1362–1376, 2015. doi:10.1101/gad.263707.115.

87. Sharon E, van Dijk D, Kalma Y, Keren L, Manor O, Yakhini Z,
Segal E. Probing the effect of promoters on noise in gene expression
using thousands of designed sequences. Genome Res 24: 1698–1706,
2014. doi:10.1101/gr.168773.113.

88. Sherman MS, Lorenz K, Lanier MH, Cohen BA. Cell-to-cell variabil-
ity in the propensity to transcribe explains correlated fluctuations in gene
expression. Cell Syst 1: 315–325, 2015. doi:10.1016/j.cels.2015.10.011.

89. Slieker RC, van Iterson M, Luijk R, Beekman M, Zhernakova DV,
Moed MH, Mei H, van Galen M, Deelen P, Bonder MJ, Zhernakova
A, Uitterlinden AG, Tigchelaar EF, Stehouwer CDA, Schalkwijk
CG, van der Kallen CJH, Hofman A, van Heemst D, de Geus EJ, van
Dongen J, Deelen J, van den Berg LH, van Meurs J, Jansen R, ’t
Hoen PAC, Franke L, Wijmenga C, Veldink JH, Swertz MA, van
Greevenbroek MMJ, van Duijn CM, Boomsma DI, Slagboom PE,
Heijmans BT; BIOS consortium. Age-related accrual of methylomic
variability is linked to fundamental ageing mechanisms. Genome Biol 17:
191, 2016. doi:10.1186/s13059-016-1053-6.

90. Small EC, Xi L, Wang J-P, Widom J, Licht JD. Single-cell nucleo-
some mapping reveals the molecular basis of gene expression heteroge-
neity. Proc Natl Acad Sci USA 111: E2462–E2471, 2014. doi:10.1073/
pnas.1400517111.

91. Stasinopoulos MD, Rigby RA, Heller GZ, Voudouris V, De Bastiani
F. Flexible Regression and Smoothing. Boca Raton, FL: CRC Press,
2017.

92. Sultan M, Amstislavskiy V, Risch T, Schuette M, Dökel S, Ralser M,
Balzereit D, Lehrach H, Yaspo M-L. Influence of RNA extraction
methods and library selection schemes on RNA-seq data. BMC Genomics
15: 675, 2014. doi:10.1186/1471-2164-15-675.

93. Suter DM, Molina N, Gatfield D, Schneider K, Schibler U, Naef F.
Mammalian genes are transcribed with widely different bursting kinetics.
Science 332: 472–474, 2011. doi:10.1126/science.1198817.

94. Swain PS, Elowitz MB, Siggia ED. Intrinsic and extrinsic contributions
to stochasticity in gene expression. Proc Natl Acad Sci USA 99: 12795–
12800, 2002. doi:10.1073/pnas.162041399.

95. Tan Q, Heijmans BT, Hjelmborg JVB, Soerensen M, Christensen K,
Christiansen L. Handling blood cell composition in epigenetic studies
on ageing. Int J Epidemiol 46: 1717–1718, 2017. doi:10.1093/ije/dyx083.

96. Thattai M. Universal Poisson Statistics of mRNAs with Complex Decay
Pathways. Biophys J 110: 301–305, 2016. doi:10.1016/j.bpj.2015.12.001.

97. Thattai M, van Oudenaarden A. Intrinsic noise in gene regulatory
networks. Proc Natl Acad Sci USA 98: 8614–8619, 2001. doi:10.1073/
pnas.151588598.

98. Tirosh I, Barkai N. Two strategies for gene regulation by promoter
nucleosomes. Genome Res 18: 1084–1091, 2008. doi:10.1101/gr.
076059.108.

99. de Torrente L, Zimmerman S, Taylor D, Hasegawa Y, Wells CA,
Mar JC. pathVar: a new method for pathway-based interpretation of
gene expression variability. PeerJ 5: e3334, 2017. doi:10.7717/peerj.
3334.

100. Vaquero-Garcia J, Barrera A, Gazzara MR, González-Vallinas J,
Lahens NF, Hogenesch JB, Lynch KW, Barash Y. A new view of
transcriptome complexity and regulation through the lens of local splic-
ing variations. eLife 5: e11752, 2016. doi:10.7554/eLife.11752.

101. Viñuela A, Brown AA, Buil A, Tsai P-C, Davies MN, Bell JT,
Dermitzakis ET, Spector TD, Small KS. Age-dependent changes in
mean and variance of gene expression across tissues in a twin cohort.
Hum Mol Genet 27: 732–741, 2018. doi:10.1093/hmg/ddx424.

102. Voisin S, Eynon N, Yan X, Bishop DJ. Exercise training and DNA
methylation in humans. Acta Physiol (Oxf) 213: 39–59, 2015. doi:10.
1111/apha.12414.

103. Wan Y, Larson DR. Splicing heterogeneity: separating signal from
noise. Genome Biol 19: 86, 2018. doi:10.1186/s13059-018-1467-4.

104. Wang Z, Zhang J. Impact of gene expression noise on organismal
fitness and the efficacy of natural selection. Proc Natl Acad Sci USA 108:
E67–E76, 2011. doi:10.1073/pnas.1100059108.

105. White RR, Milholland B, MacRae SL, Lin M, Zheng D, Vijg J.
Comprehensive transcriptional landscape of aging mouse liver. BMC
Genomics 16: 899, 2015. doi:10.1186/s12864-015-2061-8.

106. Wolf L, Silander OK, van Nimwegen E. Expression noise facilitates
the evolution of gene regulation. eLife 4: e05856, 2015. doi:10.7554/
eLife.05856.

107. Wu L, Fan J, Belasco JG. MicroRNAs direct rapid deadenylation of
mRNA. Proc Natl Acad Sci USA 103: 4034–4039, 2006. doi:10.1073/
pnas.0510928103.

108. Wu S, Li K, Li Y, Zhao T, Li T, Yang Y-F, Qian W. Independent
regulation of gene expression level and noise by histone modifications.
PLoS Comput Biol 13: e1005585, 2017. doi:10.1371/journal.pcbi.
1005585.

109. Yamashita A, Chang T-C, Yamashita Y, Zhu W, Zhong Z, Chen
C-YA, Shyu A-B. Concerted action of poly(A) nucleases and decapping
enzyme in mammalian mRNA turnover. Nat Struct Mol Biol 12: 1054–
1063, 2005. doi:10.1038/nsmb1016.

110. Yip SH, Sham PC, Wang J. Evaluation of tools for highly variable gene
discovery from single-cell RNA-seq data. Brief Bioinform: bby011,
2018. doi:10.1093/bib/bby011.

111. Yu Y, Fuscoe JC, Zhao C, Guo C, Jia M, Qing T, Bannon DI,
Lancashire L, Bao W, Du T, Luo H, Su Z, Jones WD, Moland CL,
Branham WS, Qian F, Ning B, Li Y, Hong H, Guo L, Mei N, Shi T,
Wang KY, Wolfinger RD, Nikolsky Y, Walker SJ, Duerksen-Hughes
P, Mason CE, Tong W, Thierry-Mieg J, Thierry-Mieg D, Shi L,
Wang C. A rat RNA-Seq transcriptomic BodyMap across 11 organs and
4 developmental stages. Nat Commun 5: 3230, 2014. doi:10.1038/
ncomms4230.

112. Zaugg JB, Luscombe NM. A genomic model of condition-specific
nucleosome behavior explains transcriptional activity in yeast. Genome
Res 22: 84–94, 2012. doi:10.1101/gr.124099.111.

113. Zhang H-M, Diaz V, Walsh ME, Zhang Y. Moderate lifelong overex-
pression of tuberous sclerosis complex 1 (TSC1) improves health and
survival in mice. Sci Rep 7: 834, 2017. doi:10.1038/s41598-017-00970-7.

114. Zhang Z, Qian W, Zhang J. Positive selection for elevated gene
expression noise in yeast. Mol Syst Biol 5: 299, 2009. doi:10.1038/msb.
2009.58.

115. Zhao S, Fung-Leung W-P, Bittner A, Ngo K, Liu X. Comparison of
RNA-Seq and microarray in transcriptome profiling of activated T cells.
PLoS One 9: e78644, 2014. doi:10.1371/journal.pone.0078644.

116. Zoller B, Nicolas D, Molina N, Naef F. Structure of silent transcription
intervals and noise characteristics of mammalian genes. Mol Syst Biol 11:
823, 2015. doi:10.15252/msb.20156257.

158 GENE EXPRESSION VARIABILITY

Physiol Genomics • doi:10.1152/physiolgenomics.00128.2018 • www.physiolgenomics.org
Downloaded from www.physiology.org/journal/physiolgenomics at Biblio der Rijksuniversiteit (192.087.023.100) on May 6, 2019.

https://doi.org/10.7554/eLife.08833
https://doi.org/10.7554/eLife.08833
https://doi.org/10.1126/science.1098641
https://doi.org/10.1038/ncomms10417
https://doi.org/10.1111/j.1467-9876.2005.00510.x
https://doi.org/10.1111/j.1467-9876.2005.00510.x
https://doi.org/10.1016/j.csda.2008.07.043
https://doi.org/10.1038/nbt.2931
https://doi.org/10.1038/nrm3952
https://doi.org/10.1146/annurev-biophys-083012-130401
https://doi.org/10.1146/annurev-biophys-083012-130401
https://doi.org/10.1126/science.1242975
https://doi.org/10.1126/science.1242975
https://doi.org/10.1073/pnas.2334996100
https://doi.org/10.1371/journal.pgen.1005398
https://doi.org/10.1101/gad.263707.115
https://doi.org/10.1101/gr.168773.113
https://doi.org/10.1016/j.cels.2015.10.011
https://doi.org/10.1186/s13059-016-1053-6
https://doi.org/10.1073/pnas.1400517111
https://doi.org/10.1073/pnas.1400517111
https://doi.org/10.1186/1471-2164-15-675
https://doi.org/10.1126/science.1198817
https://doi.org/10.1073/pnas.162041399
https://doi.org/10.1093/ije/dyx083
https://doi.org/10.1016/j.bpj.2015.12.001
https://doi.org/10.1073/pnas.151588598
https://doi.org/10.1073/pnas.151588598
https://doi.org/10.1101/gr.076059.108
https://doi.org/10.1101/gr.076059.108
https://doi.org/10.7717/peerj.3334
https://doi.org/10.7717/peerj.3334
https://doi.org/10.7554/eLife.11752
https://doi.org/10.1093/hmg/ddx424
https://doi.org/10.1111/apha.12414
https://doi.org/10.1111/apha.12414
https://doi.org/10.1186/s13059-018-1467-4
https://doi.org/10.1073/pnas.1100059108
https://doi.org/10.1186/s12864-015-2061-8
https://doi.org/10.7554/eLife.05856
https://doi.org/10.7554/eLife.05856
https://doi.org/10.1073/pnas.0510928103
https://doi.org/10.1073/pnas.0510928103
https://doi.org/10.1371/journal.pcbi.1005585
https://doi.org/10.1371/journal.pcbi.1005585
https://doi.org/10.1038/nsmb1016
https://doi.org/10.1093/bib/bby011
https://doi.org/10.1038/ncomms4230
https://doi.org/10.1038/ncomms4230
https://doi.org/10.1101/gr.124099.111
https://doi.org/10.1038/s41598-017-00970-7
https://doi.org/10.1038/msb.2009.58
https://doi.org/10.1038/msb.2009.58
https://doi.org/10.1371/journal.pone.0078644
https://doi.org/10.15252/msb.20156257

