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Abstract

The phenotypic variabilityn human populations is partly the result of gene
polymorphisms and differential gene expresimyingthe variabilitpf gene expressiacross
human populations is essential to understanding the molecular basis for diversity. However, key
issues remaimanswered with respect to human expression variability. For example, the role of
gene methylation in expression variability is uncertain, nor is it clear what ref@etisgue
factors may have. Moreover, the contribution that expression variability éging and
development is unknown. Here we classified human genes based on their expression variability in
normal human breast and brain samples and identified functional aspects associated with high and
low expression variability. Interestingly, bagh variability and low variability gene sets are
enriched for developmentally essential genes. There is limited overlap between the variably
expressed genes of different tissues, indicating thaspissifie rather than individisglecific
factors a& at work. We also find that methylation likely has a key role in controlling expression
variability insofar as genes with low expression variability are likely tenbethytaied.
Importantly, we find that genes with high population expression tadabiikely to have age
, but not sexiependent expression. Taken together, our work indicates that gene expression
variability isissuespecificmethylatiordependentnd is an important component of tiagural

aging process.
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1:Introduction

1.1Biological Variability as an Informative Metric

1.1.1Phenotypic Variation

Phenotypes can be defined as the set of observable traits of an individual organism, resulting
fromanor gani smds genotype, environment Dueand t h
to the existence of these dynamic factors, there is a large dmatabiiity in phenotypes in
any population. These phenotypes can occur in a continuous range or gradient, such as height or

skin colour. Phenotypes can also odisgretelyas is the case for blood types.

Phenotypic variability in human populaticngartly the result of differential gene
expression. These patterns of gene expression vary between individuals in a, popagation
different cell types in a single individabdmu et al2014) and even within cells in a genetically
homogenous populatigRoberfroid et al., 2018) such, many studies have been conducted to
understand the molecular basis of phenotypic diversity. In pantiedping out hovgene
expressioand gene regulation yacross individuals provides a deeper tnsigithe function

of healthy tissues and the molecular origins of di§éasssrtium et al., 2017)

The sources of phenotypic variation can be divided into several subca@uosesh
source of gene expression differencpiseisotypic plasticityvhereby anrganism adjust t s 6
phenotype to a variable environt{€hen et al., 2017&vo commonly cited examples include
coat color changes in agouti gene mice caused by dietary modificatineg et al., 2002;
Feinbergand lIrizarry, 2010; Waterland and Jirtle, 2868)methylation of axinsed allele in

kinked tail micéRakyan et al., 2003; Waterland and Jirtle, Z0@3¢ changes in the genome
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are then transmitted intergenerationsiliggesting that these chamgpblenotypact to redirect
natural selection pressuf€soke, 1995Another source of phenotypic variability is stochastic
fluctuations, or noise, in gene expressiocamaccur igenetically identical cells in a constant
environmen{Newman et al., 2006la@der et al., 2012; Singh, 2013; Taniguchi et al.,T2@10)
level ofvariability or noise, differs across genes, whereby some genes are noisier tidmsothers.
varidility in gene expression contrilute®® phenotypic variability in both clonal and

heterogeneous populations.

Gene expression variability has been emerging as an informative metric of a phenotypic
state, particularly as it relates to human d{§eksz etl., 2015; Ho et al., 2008; Li et al., 2010a,;
Mar et al., 2011These studies have correlated gene expression variability with a wide variety of
biological and diseaseecific phenomena including evolutionary fiffkessberg and Irizarry,
2010)reduced penetran@eichler et al., 2010; Manolio et al., 2@bl8¢ase susceptibi(ity et
al., 2010ajpnd embryonic developméHasegawa et al., 2015; Kalmar et al., 2009; Piras et al.,

2014)

112: Natural Selectionand Coupling Between Variability and Plasticity

Biological systems are subject to both internal and external factors referred to as noise or
stochastic fluctuations. Without these biological variations, cells cannot react to a changing
environment and therefore perform their regular function. As suehistae optimal sigriat

noise ratio inherent in biological syst@esnkemer et al., 2002)

While changes in expression levels of some genes may not cause apparent phenotypic

effects, variability in expression of other genes may reduce organismal fithess. These detrimental



changes in expression levels are bidirectional, whereby dg2eetsesoauer et al., 20856)
increasegGiaever et al., 2002; Sopko et al., 200§gne expression can both bespually

harmful.

In the context of natural selection and evolution, if a new expression level of a gene is
advantageous, natural selection will push the population expression levels towards the new
optimal level. This causes a significant reductiomriession variability for the gene. Due to
selective pressures, expression variability of deseifere genes is expected to be minimized

(Lehner, 2008; Li et al., 2010a)

In a dynamic, changing environment, increased variability ingyessi@x substantially
increasethefitness of a populatipeven with no change in mean phenotype. However, we do
not know how much variability can be tolerated in desagdive genes. Therefore, selection
would be determined largely by the abiltyé&or vy ar ound the opti mal I

than by the setpoint itséffeinberg and Irizarry, 2010)

11.3 DiseaseSusceptibility, Development, andProgression

The role of genes in disease susceptibility is traditionally viewed from -aovariant
sequencspecific perspective. While extensive studies have been done to characterize the effects
of sequence variants on disease phenotypes, not all variabilitase sliseeptibility is
attributable to genetic factdfseinberg and Irizarry, 201@s more evidence is uncovered
regarding the importance of gene expressi@bliéy on phenotypic variability in a population,
mapping variance profiles of populations may reveal aberrant genetic events that contribute to

disease phenotyp@4ar et al., 2011)
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The vast majority of human genes exhibit low withpulation variability, minimizing
differential expression of genes between populations. In the case of genes that are differentially
express a vast majority exhibit a large shift in mean expression levels without affecting the
expression variability in each population. Of the genes that do exhibit differential variability and
differential expression, many of them are associated with a ouimimean diseasesacluding

heart diseasdyepatocellular carcinon@adpsoriasigLi et al., 2010a)

Recent studies of the monocyte transcriptome suggest that expression variability of disease
associated genes plays a greater role on disease susttegtibéiyience variants, regardless of
the source of the variability. The correlation between transcriptome variability and disease
susceptibility can be viewed from differing perspectives. The first is that these variations in
expression levels reflece ttumulative effects of genomic and environmental interactions over
the organismdés | ife and simply report on t he
The second perspective is that gene expression varighéttyoghysiologidgl releyant and
plays a direct role in susceptibility to diggader et al., 2010ylany new studies support the
second perspective, suggesting that gene expression variability plays a crucial role in disease
susceptibility across populations dir@edinberg and Irizarry, 2010; Hansen et al., 2011; Landau
et al., 2014)ncluding human immunodeficiency virus (HIV) susceptitilityt al., 2010a)
neurological idorderg(Li et al., 2010a; Mar et al., 20&ahgoncogenesifAfsari et al., 2014,

Ecker et al., 2015)

In spite of the complex and heterogeneous nature of cancers, there are six overarching
biological capabilities that are acquired during the development of human tumours. These
hallmarks include sustaining proliferative signalling, evading growth ssppesssorg cell
death, enabling replicative immortality, and activating invasion and m@tastalsean and

4



Weinberg, 2000At the core of all these hallmarks is genome instability causedsitioacofu

somatic alterations and mutations at random locations in the genome that fuels cancer plasticity
and phenotypic variabilifHanahan and Weinberg, 20I1yring the course of the disease,
cancers generally become more heterogenous andogiéplajth distinct morphological and
phenotypic profiles within a single tumour. These increasestuniutral heterogeneity play a

crucial role in tumour progression and evolution, and has a significant impact on clinical outcomes

(Landau et al., 2014)

The effects of expression variability on disease susceptibility stems from both host and
pathogerheterog nei ty. Studies of k phage, a bacteri
of the phageds |l ysis/lysogeny choi CAkinets r egtL
al., 1998)Common gene regulatory motifs, such as positive feedback loops, can amplify these
fluctuations to drive phenotypic variab{Neinberger et al., 2008) addition to viral latency,
host phenotypic vatdility also affects disease susceptibility. While host factors involving immune
system remain the focus of HIV research;imomunity genes also interact with viral genes.

These noimmunity hostiral gene interactions control viral entry, progressidmelication
cycles, and exhibit substantially elevated expression vdtiaktigi., 2010a)n addition to
identifying sequence variants, studying the expression variability of genes will broaden the scope

of candidatéliseaseamesthereby reducing septibility to diseases such as HIV.

In addition to identifying novel diseassociated genes, expression variability can be used
to correctly identify distinct disease subtypes, inclddiagic lymphocytiteukemia (CLL)
(Ecker et al., 2019Yore aggressive types of CLL exhibit higher gene expression variability that
is associated with cancer heterogeneity, conferring a high tiewelunfadaptability and drug

resistance.



Whil e different di seases, such as schizo
different expression variability profiles, both global disease states are considered abnormal relative
tonormaltissueprofl es. Par kinsonds di sease i s associ a
of core signalling pathways while schizophrenia displays decreases in variability of similar
signalling pathway®ar et al., 2011)nterestingly, these highly constrained pathways in
schizophrenic patients are largely involved in cancer. Although speculative, the reduction in
expression varialyliin these oncogenes thought to confer protection against lung and
colorectal cancers, despite increased sni{damgnit et al., 200&nd drinking habitd-owler
et d., 1998)n schizophrenic patients. In addition, mouse models of schizophrenia have shown a
reduced tumour growtfAsada et al., 28 supporting the hypothesis that a reduction in
expression variability of these canasspciated pathways plays a role in inhibiting cancer

development.

114: Embryonic development

A key intrinsic feature of embryonic stem cells is their phenloggprogeneity at each
stage of embryonic development. Through the use of single cell technologieduaHSEs],
it has become possible to examine the transcriptome of a developing embryo as it transitions
through each developmental stage. By exaniinércellular gene expression variability during
development, functional insights into seppeific markers have been uncovered that show
different degrees of transcriptional regulatory cdkhtaslegawa et al., 201Ghe example of
stagespecific markers in embryonic stem cell populations is the distribution of Nanog expression
statesNanog null embryos are not viable beyond implantation as the cells do not progress into
pluripotency(Blinka and Rad?017; Darr et al., 2006; Mitsui et al., 2003; Silva et al., 2009)
However, mbryonic stem cells with low levels of Nanog expression exhibit increased global gene
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expression variability and are prone to different{&ambers et al., 2007; Kalmar et al.,.2009)
This suggests that pluripotency of embryonic stem cells is a state of dynamic cellular heterogeneity

driven by transcriptional variability of key regulators, including Nar®4§ BA6.

As the embryo develops past theel? stage, global expression viitialdrastically
increases with each phase, generating significant gene expression heterogeneity between individue
cells(Hasegawa et al., 2015; Piras et al., Abiglplobal increase in gene esguoa variability
overl aps with a phenomenon described by ot hi
(Vassena et al., 201These series of successive waves involve a hierarchical activation of genes
associated with the réaion of pluripotencyfurther supportinghe factthat gene expression
variability drives pluripotency and is necessary for cell fate divers{ftedion et al., 2008;

Maamar et al., 2007)

Thesestudies suggest that gene expression variability in pluripotent embryonic stem cells is
both predictable and essential. The range of expression values for specific genes associated with
regulatory pathways are directly linked to their potential foerditigon allowing a sub
population of embryonic stem cells continuously primed for differentiation without being pre
committed to a particular fate for a long period of ¢iaénar et al., 2009; Mar et al., 2011)

These changes in expression variabilifffénemtiating pluripotent cells lay the foundations for

tissuespecific gene expression and tissue identity.



12: Potential Sources oExpression Variability (EV)

12.1:Tissue specificity

Although all tissue typekan organism carput common processésat areessential for
survival, each tissue type displays a unique gene expression profile that dessessiesific
phenotype. These tisssygecific gene expression differences are the result of digtirtertoiry
networks that control tissue specificity, identity, and fu(Stoawane et al., 201¥hile many
studies have been conducted to characterize thessepexsfie expression profiles, expression
variability profiles of different human tissue types are still lardefinesh By developg
baselinexpressionariability profiles of healthy tissue, we can deepen our understanding of the
dysregulation of gene networks that occurs daieigant phenotypic states, includiisgase

development andiseasprogressioim individual tissugypes

12.2: Gene structural features

Similar to tissuspecific expression levels, expression variabikglysn inherenand
heritableproperty of a genéds such, EV is subject to selective pressures and is linked with

evolvability of complex organis(Agemu et al., 2014; Feinberg and Irizarry, 2010; Lehner, 2008)

In a study conducted by Alemu et al.,, a comprehensive investigatioaiofagen
epigeetc correlates of EV across 41 human tissue types showed sigelditoamships between
variousstructurafenetic features and expression variability. These genetic featureégemadude
length, number of exons, transcript length, number of transoopgsnumber variation, and

promoter composition and conservatibrierestingly, they reported significant monotonic



relationships between EV agehetideaturessuggesting that tpaysical structure of a gese

directly involved in the regulation of both highly and lowly constrained genes.

12.3: Gene Function& Essentiality

Expression variabilityas also been shown todssociated with éhfunctional role and
physical location of a gem@ductthrough specific transcriptional constraints, or lack thereof.
Generally, genes that respond to extracellular cues exhibit high expression variability and are
located at the cell periphery. On the other hand, genes whose expression is tightly eegulated ar
generallynvolved in cellular hougeeping processes and are located in cell ijfdaoru et

al., 2014; Mar et al., 2011; Newman et al., 2006)

These housekeeping genes are typically constitutively expressed across all tissue types anc
are required for basic celtdlanction(Butte et al., 2001; Eisenberg and Levanon, 2003; Zhu et
al., 2008)Housekeeping genes tend to form a core in human gyaiém interaction (PPI)
networks, whilgenes withissuespecificfunctionsoccupy more peripheral positions iR
network(Lin et al., 2009The connectivity of a gene in a PPI network determines the functional

constraint&ind inverselgffects expression variabifltyet al., 2010b; Mar et al., 2011)

In addition to housekeeping genes, any gene required for the survival ofiem &ga
consideredoessential Fluctuations inthe abundance of essential proteins can be highly
deleterious if the dosage declines toodtaiive to the optimal lev&ls such, we expect all genes
that are essential to be tightly reguktedexhibit lower noise than ressential gen@3atada
and Hurst, 2007; Lehner, 2008; Newman et al., ZB&3)oiseminimizatiorprocesprevents

harmful stocletic variation in gene expression levels, butraitothe evolvability of complex



biological systems lepnstraing the ability of gene expression to respond testmrhastic
variationThis costbenefit conflict between noise and plasticity ishhtuge an evolvable trait,
suggesting thaenespecificnoiseplasticity coupling is likely constrained by seldtibmer,

2010; Singh, 2013)

However, essentiality of a gene is not always a static or intrinsic property of a gene. It is
highly dependent of a variety of factors including gene function, host genare#uléne
environment, and other setsn@enes with variable essentiality statuses under diffdhelar
conditions are referred (Cheneta., 2@lciPonsdquentlyo nal |
the essentiality phenotype should be viewed contextually based erofrexpgrimerit D6 E| i a
et al., 2009)As such, we limited our analysigyémes with consistent essentiality status by

eliminating conditionally essential genes.

12.4: DNA Methylation

Over the last two decades, it has become clear that epigenetic modifications of DNA and
histones caplaya primary role ideterminingophenotpic outcomes, including human disease
(Feinberg and Irizarry, 2010; Kaminsky et al.,. 20@%e epigenetic modifications include DNA
methylatiorwhich plays a complex role in regulating gene eapritshylation of DNA alters
thetranscriptionaactivity of DNA through the addition of a methyl group without changing the
DNA sequencéself Similar to gene expression, DNA methylation is highly variable at the cell,
tissue, and individual le&hang et al., 2018)istinct DNA methylation patterns can aeigen
within clonal populations and monozygotic twkKaminsky et al., 2009penes that are
differentially rethylatedn genetically identical organisreeither silenced or activated, leading

to phenotypic variation with a given genotype.
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While its exact role in gene expression rernauisar precise DNA methylation is
essential for cell differentiation and embryonic development. DNA methylation patterns exhibit
partial stabilityhat can change rapidly based on a number of factors, including developmental
programs, environmental factorsnhanes, and stochastic evédéenisch and Bird, 2003; Jirtle

and Skinner, 2007; Riggs and Xiong, 2004; Ushijima et al., 2003)

Phenotypic variation can also be affected by DR#ytation without affecting the mean
phenotypef a populationSpecifically egetic variants that do not change the mean phenotype
can still affect phenotypic variability through epigenetic mechanisms. New models suggest that
heritable genetic variatsooaffect stochastic phenotypic variation by contributing to gene
expression variance but not mean phendfgeaberg and Irizarry, 201This presents an
interesting departurérom necDarwinian and classical population genetics prsdifae
postulatsthatheritable phenotypic variatisaue entirely to the cumulative effects of individual
trait loci. Feinberg and Irizarry posit thatghenotypic variability is tiheritable component,
and selection is determined by the abilityenego varytheir expressioaround a setpoint,

ratherthan by the setpoint itself.

12.5: Aging

Agingcan be characterized by the progressive functional decline of tissues, and is associated
with changes in cellular morphology and cell ¢dahn et al., 200AVhile specificgenes are
uniformlyaffected by age across a range of tissues, aging is largelypatifisyarocess with
unique aging signature prof{(létass et al., 2018)ne potential source of egpecific expression
changes is the accumulation of somatic DNA daimagghoutam r gani smds | i feti

higher levels of accumulaggthome damage results in increased transcriptional vdBalbidity

11



et al., 2006Lells in skin tissue are exposed to high levels of excgmumaes of DNA damage,

such as UV light and various chemical agents, and exieibsivegerelated gene expression
changegGlass et al., 2013Yhile many studies are being conducted to pinpoint the effects of
aging on specific genes and pathwaysolth@f aging on gene expression variability remains
unclearSince aging can be described as a form of cellular functional decline, we expect to see a
tissuespecific dysregulation of highnstrained pathways resulting in increased gene expression

vatability.

12.6: SexDifferencesin Gene Expression

The basis of mammalian sexual differentiation is the X}¢teemination system and is
mediated by the effects of sex hormoiiégre is strong evidence that demonstisggs
differencedn brainstructure, neurochemistry, behaviour, and susceptibility to neurodegenerative
and neuropsychiatric disease in huraadsnany other animg(Sahill, 2006; Cosgrove et al.,

2007; Jazin and Cahill, 20%@xually dimorphic gene expression is highly tissue specific, and can
range from tens to thousands of genes in mouse liver, kidney, blastwaystisgland, prenatal

brain, and adult brain substructiffesadorNoguez et al., 2005; Clodfelter et al., 2006; Dewing

et al., 2003; Kobayashi et al., 2006; Lauber et al., 1991; Richards et al., 2006; Rinn et al., 2004

Vawter et al., 2004; Xu ef aD06)

These sex differences in gene expressiaisanedespread in humans and likely to have
functional consequences relevant to human diSgaszuni et al., 2013)Vhile the exact
molecular basis remains unclear, these sex differences stem from genetic and transcriptional
regulatory mechanisms of gene expreféang et al., 20Q0@&nd may adribute to differences

in expression variability goldenotypic variability.
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13: Measures of Variability

13.1 Intrinsic, Extrinsic, and Technical Sources of Varihaility

Often thought ofin non-biological terms, variability in gene expression measurements is
typically attributed to technical or background noise. Indeed, there are rimolpgical or
technical sources wéhriability including experimental equipment, fluorescence qualiig, p
hybridization strength, and batch eff@@tgant et al., 2011, Liggett, 2006; McCall et al.,|2016)
technical noise was indeed the primary driver of variability, we would expect the equal effects
across all experimehsamples. This is not the case as different samples exhibit different gene

expression variability profiles that correlate to distinct phenotypic states.

To minimize the effectef technicalvariability, internal replicati@me built into the
experimeral design, and include several practicdsas multiple probes per gene and replicated

experimentfor each samplgiu and Rattray, 2010)

After taking precautions to minimize and account for technical variability, the remaining
variability in gene expression can be attributed to biological Stwe¢rst source of biological
gene expssion variability directly related textrinsic factoraffecting the cell sample a large
multi-cellular organism such as a human, these factors include cellular age and the cell cycle stage
(Newman et al., 200@)e physical environment of the,selth as nutrient availability, endocrine
signalling, immune pnses, and systemic inflammafBisamanoudy et al., 2016; Gil et al.,
2007; Pritchard et al., 2QCdnd organelle distributgysuch ashe number and functionality of

mitochondrigJohnston et al., 2012)
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Stochastic, or random and probabilistic, noise is the second source of variability in gene
expressiof Ansel et al ., 2008; eHBWAHThiepghenamenonhag 005 ;
been observed as early as 1957, when Novick and Weiner showed that expression of beta
gal act aal)indalsisrandok and highly var{weick and Weiner, 195Their stugl
showed t ha t-gaithrodgh the addition ofdactosulted in a higher proportion of
cells expdernsmsyimeg rtehtehndr t han a uni fgalacrossi ncr e
the cell population. Many cellular processasding gene expressily on collision between
the biochemical reactamtsinitiate the chemical reactions; also known aoliigon theory.

Given the diffusive nature of ceitsis clear thagene expression is stochaatidinherently

highly variable.

Despite the complex nature of gene expression variability, many studies have provided
evidence that biological sowroévariabilityplay an important role in cellular and organismal
phenotypeRather than associating gene expression variability with technical artefacts, it should
be examined as an intrinsic property reflecting phenotypic heterogeneity. In recamdigsars, st
have started to focus on variability in gene expression within populations from a biological
perspectiveBy modelling changes in gene expression variability, new regulatory or differential
control pathwaylave beediscovered that would have othieeAbeen missed using traditional

analyses of average gene exprggsioat al., 2008; Yu et al., 2008)

13.2: Differential Expression Analyses

With the advancements in high throughput sequdacigplogythousands of genes can
be analyzed from a single samplelg@ameously using microarrays and provide qualitative and

guantitative profiles of gene expression. In a typical gene expression profiling experiment,
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expression data is generated from a population of samples in two (or more) phenotypic states, for
examplea cancerous and noancerous sample of a tissue. Various differential gene expression
algorithms, such as edgeR and DESeq, are then used to identify genes whose expgession mean
differ significantly between the phenotypic states. In addition, expoésseitain genes
appeeedto be correlated, sparg the examination afeneco-expressio. In thesdifferential
co-expression analyses, the gdal identity gene sets whose expression is alwaygressed

in one phenotypic state but not anotf@&moi et al., 2005; Ho et al., 2008; Kostka and Spang,

2004; Watson, 2006)

There still remains some challenges in using microarray technologies to study complex,
multi-cellular organisms. First, different tisstees@mprised of different cell types at different
proportions in different samples. Second, the environment of a tissue sample cannot be fully
controlled. This also applies to genetically identical samples treated under identical conditions, as
their hormmal profile, state of the immune system, and degree of inflammation will differ
between individuaamplegPritchard et al., 200Iljhese factors concertedly cause inherent

biological variability in gene expression across a population, homogenous or otherwise.

While both diffenatial expression and differentialespression analyses have successfully
been used to identify novel diseatsted genesd underlying pathogenic molecular evésts
identifiable genes of interest are limited to those with significant changegxprassion levels
between two phenotypic states. The statistical methods used in both analyses assume the gene
expression variance across the population as a measure of experimental reproducibility and
statistical significance. However, gene expressela tend to be similar between technical

replicates but vary between individuals in a population. The existence of these gene expression
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variability patterns in clonal populations suggests that variability is more than a technical artefact,

but rather ammportant area of study in human diseases.
13.3: Common Measures oStatistical Variability

Transcriptional heterogeneity measured across a population can arise from multiple origins.
Inter-individual variability can be attributed to individual diffeseincluding genetic makeup,
age, sex, and overall lifestyle. On the other handndidual variability originates in response
to stochastic processes as well as in response to external stimuli, such as cell activation and

communicatioiChoi and Kim, 2009; Dong et al., 2011; Lehner and Kaneko, 2011)

While RNAseq and other next generation sequencing platforms are rising in popularity and
use in recent years, microarrays remain the most commonly used sequencing tool as they provide
a robust and relatively inexpensive method of sequencing as vadluasiamce of established
and easto-use software packagPgspite the multitude whicroarraystudies examinirthe
effects ofgene expression variahijlithe choice for the best statistical practices involving
differential variability are still evoffHasegawa et al., 2038ile different studies use different
measures of variability astdtistical methods to determine differentially variable genes, there are
several commonly used metrics. The first classic measure of variability is the standard deviation
(SD or D3 . This statistic measuamscalcllaged di s p
by determining the variation between each data point relative to the mean. The formula for the

sample standard deviation is given by
Y B (1)
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Standard deviation is usually the best choice for assessing dispensional data.
However, there is several limitations when using SD as a measure of gene expression variability.
First, many gene expression profiles across a population are hightynabrSecond, SD does
not take expression magnitude into accouns Bé&tomes problematic when dealing with
genomic data, as statistically significant differences in dispersion may not yield biological changes
within a cell population. Lastly, it is sensitive to outliers as the distance from the mean is squared,

causing l@e deviations being weighed more heavily.

The second commonly used measure of variability is the coefficient of variation (CV). Also
known as the relative standard deviation, the CV is defined as the ratio of the standard deviation

to the mean; where tfermula for which is

56 - @)

This method presents the degree of variability in relation to the mean of the population.
While the CV attempts to overcome the limitations of SD by taking the expression magnitude

into account, it is subject to z&mflation for genes with very low levels of average expression.

Rather than measuring gene expression variability using one of the aforementioned
measures of variabilitye developed our own method of calculating variability in gene expression
and a statistical method of classifying genes into differentially variable gene sets based on their
expression variability (EVl)his modifedEV method utilizes the median absohlggiation

(MAD) as a robust measure of variability in gene expression; the formula for which is

0H0 6QQOME s 3)
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As previously mentioned, SD is a suitable dispersion measure fdy-dstnialitecyene
expression datblowever,n the presence of namormal distributionsf gene expressiolMAD
becomes the more suitable alternative to measure dispersion. In addition, a number of outliers
become irrelevant to the statistic by virtue of taking ttiemealue of the distances from the
median. This results in a robust statistic that is more resistant to outliers than Sbeousz/.
of MAD as a measure of variability establishes the basis of the expression variability metric that
allows us to exangnthe effects of EV across the human populatismg MAD as the

underlying measure of variability, expression variability can be defined as

Ow 0060 o N©) 4

The main feature of expression variabilitysighility to account for the relationship
between mean expression and variability, and present, on average, no relationship to overall

expressiorfigure 1 illustrates the overall pipedinealculating EV

1.4: Rationale& Objectives

1. With the popularityf microarray experiments and the lack of standardized methods of
measuring variability, the first objective is to develop a robust and generalizable method of
measuring variability in gene expression. This will be dona usodifiedmethod of
calculatingiene EV andovel EV classification methtwddetecdifferentially variable gene
sets.

2. The second objective isitwestigatpotentiakcorrelatesf gene EV and the effects of gene

expression variability on phenotypic variation in a humataponp.
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Figure 1 Overall analysis pipeline.

Our goal is to investigatorrelatesof gene expression variability and the effects of gene
expression variability on phenotypic variation in a human population. We obtained and processed
gene expression profiles from healthy breast and brainrtisagared gene EV and classified

them intothree gene setshd original datasetas therdivided into two equally sized subsets

(50% split) and the EV analysis in conducted on each set. Te¢esplgrocedure is conducted

100 times. The resulting 100 EV classifications arecdhgmared to the full sample EV
classifications using a binomial t@stlly, we evaluated the relationship between ExAaods

potential causal factors.
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2: Materials and Methods

2.1: Gene Expressio& Methylation Microarray Datasets

TheEV analyss wereconducted on two separate datdsens three different tissue types.
Both datasets utilized the Illumina Humasil2TV3.0 expression beadgblgntform tomeasure
the expression levels of 48,804 prdbeke first expression dataset, the samplesaxtracted,
analyzed, and ppeocessed by the Molecular Taxonomy of Breast Cancer International
Consortium (METABRIICurtis et al., 2012)he downloaded expression si@ovided high
guality RNAderivedtranscriptional profiteof healthy breast tissue from 144 samjles
associated genotype and expressionagatieposited at the European GendPhenome
Archive (EGA, http://www.ebi.ac.uk/ega/), which is hosted by the European Bioinformatics
Institute, under accession number EGAS00000000083. The microarray readings were
preprocessed using t lustom BCEPL FaBeR don@xisgng Guncpobatity o wn
within the beadarray package ifDRnning et al., 200@nd were reported as a log2 intensity.

This dataset is referred to as breast tissue.

The second expi@en datases catalogued by the North American Brain Expression
Consortium (NABEC) and the UK Human Brain Expression Consortium (UKBEC). The
expression data wdswnloaded from the NCBI Gene Expression Omnibus (GEa@base
(Barrett et al., 201@hder the accession number GSE36192. A total of 991 tissue samples were
analyzed frorfrozenpostmortem brain tissue from the cerebellum and the frontal.chntx
microarray readings were preprocesgdtABEC/UKBEC using acubic spline normalization

method in lllumina Genome Studio Gene Expression Module v3.2.7 and were reported as a log2
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intensity. This dataset is separated into two salmekteferred to &grebellum tissue and frontal

cortex tissue.

In addition to the expression data, DNA methylatada was also available for 724 of the
brain tissue samples measured by NABEBEC . Thedata was measured using the lllumina
HumanMethylation BeadChip and was processed using the Beadstudio Methylation Module
v3.2.0 with no normalization. The datesedtalogued the GEO database under the accession
number GSE36194lhe methylation proéis generated through the BeadChip quantify the
average methylation at each CpG site usiBpthealue( #alue)Defined ashe ratio of the
methylated probe intensity and the overall intensity (sum of methylatedraathgtated probe
intensities) ht e -valies rangieom 0 to land follow a Beta distributi¢Bibikova et al., 2006;

Du et al, 2010; Weinhold et al., 2016)

2.2: Preprocessing the Datasets

The expression microarray datsetompriseaf both coding and necoding transcript
probe targets. Wexcluded the necoding transcripts as well as transcript with no known gene

coordinates, reducing the expression datasets to 42,084 probes, down from 48,804 probes.

Since the brain expression and methylation datasets were individually processed by diffe
tissue banks and in several batches, we corrected for the batch effect using(Riechinerea
al.,, 2015)yackage in R. The breast tissue dataset was gyewiatch corrected by the

METABRIC group

Next, we subset the data into groups based @avéilablelinical annotations provided

by the NABEC/ UKBEC database. These annotations included tissue type (Cerebellum and
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Frontal Cortex), sex (Male and Fejnaled agadnging from 0 to 102 years)oWle clustered

the age annotations into groups using-Means clustering algorithm, whereby the optimal
number of clusters was determined using the elbow method. After four clusters, the change in
total withinclusters sum of squares did not explain a significant amauitkitainalvariance,
thereforeQ o was chosen as the optimal number of clusters for the age annotation. We then
converted the continuous, numeric age annotatiothiecategorical age groyp21 years,

22-73years, M years).

We then compared the possible clinical annotation permutations to determine the
optimal method to subset the brsampled-or each of the2lgroups, we calculated the median
expression foeach probe and performed a hierarchical clustering via multiscale bootstrap
resampling using the pvclust package (SWRuki and Shimodaira, 20083ing anAU
(Approximately Unbiasedvplue of 0.9%nalogout a pvaluesignificance level of 0.Qkhe
ideal clustering methedhsto subset the datmlelyby tissue typerhus, we divided the brain
dataset into the cerebellum tissue and frontal cortex tissue datasetshe paired nature of
the methylation and expression data, the methylation brain dataset was also certedstinto

and frontal cortex tissue subsets.

2.3: ldentification and Removal of Bimodal Expression Genes

Genewhoseexpression exhibited a bimodal distribution can be thought of as having two
exclusive phenotypic states. However, our focus iandigsis was to examine the factors
affecting the tightly regulated conversely the highly variable gene expressiesn a single

phenotypic state. I n order to identify if a

22



Cluster dendrogram with AU/BP values (%)

au_bp

300 400
l |

200
l

Height

100
|

100 | 100 100 { 100

83 185100 [100g5 g5

1001 100

=N
(=]
(@]
—
|-
(=]
=
(=]
o

0
|
CM3 —|§
cF3
FCF3 _

CM2
CF2
CM1
CF1
FCM3
FCM2
FCF2
FCM1
FCF1

Distance: euclidean
Cluster method: ward.D

Figure 2. Hierarchical clustering of brain datasesamples

The brain samples were subset into 12 groups based on the possible permutations of three clinical
annotations: tissue type (Cerebellum and Frontal Cortex), sex (Male and Femalggngimajage (

from O to 102 years ol#)ge was converted to a categorical variable consisting of three age groups
(1: 0-21 years2: 2273 years3: 74+ years)Next, the groups were hierarchically clustered via
multiscale bootstrap resampling utinegexpressn data acros$2,084 probed he Euclidean

distance was used to measure the similarity between clustpprdimately unbiased (AU)

p-values are shown in red text while riek rectangles represent clustering methods with a
thresholdAU of 0.99, analogous to a significance ¢é\@e01.
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each gene expression as a mixture of two gaussian distributions using thpaukdgelén R

(Benaglia et al., 2009)

We firstidentified the peaks of the probability density functiRDE) for each gaussian
distribution. Next, we compared the distance between the peaks as well as the ratio of peak density
heightsGeneswvith peaks that were greater than one MAD apart angeisplpeak ratio greater
than 0.1 were considered to have a bimodal expression and subsequently removed from the
analysisOnly 15/3453 breast tissue genes, 6/3487 cerebellum genes, and 6/2980 frontal cortex
genes were excluded for being bim@G#aiegha did notmeetthese criteria were considered to

have a unimodal distribution and were kept for further analysis.

2 4. Estimating Expression Variability

To calculate a measure of variability for expreggbraccounts for the relationship
between mearxpression and vabilitywhile being, on average, unaffected by overall expression,
we modifiedan existing E\fnethod(Alemu et al.,, 2014)o0 det er mi ne each ge
variability (EV.))We first calculated a bootstrapped estimate of the median absolute deviation of
each gene using 1000 bootstrap replicgafesred to as the observed MARext, a local
polynomial regression curve (loess function with default parameters on R version 3.4.2) was used
to determine the expected MAID gene expressiaas a function of the median value. No
additional smoothing wased for the regression cuivastly, & calculatedachgené BV as
the difference between the bootstrapped MAD

expression lev@Equation 4)
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2.5: EV Gene Set Classification

We classified thgenesnto three distincgenesets based on their expression variability:

® 0z000 ®)

wherew is the medianf EV valuedor each dataset, ando ‘O Is the median
absolute deviation of EV from 1000 bootstrapped repliGaasswhose EV fell within the
aforementioned EYange were considered Ndariable Genesabove this rangeeretermed

Hypervariableand the remainirggnesvere considerddypovarable

2.6: Bootstrapping EV Gene Set Classifications

To statistically validate our EV classificationenwpdoyed miterativesplithalf reliability
testfor each dataset. First, madomlysplit the data into two equadigedsamplesubsetsThe
EV estimation andene setlassificatioanalysewere repeated to reclassify the genes using the

new subsets. This-50 splitretest procedure was repeated 100 times per tissue.

Next, the accuracy of the original EV classifications was asgessegaring the original
classification of each gene with the newly determud®dsplitretest classifications. To this end,
a binomial test was used with a probability of success greater tRan €a8h sphtetest
replicatean accurate EV clagsit at i o n, isodefinedl aslacangssest &V classification
of a gendetween the original dataset and both split datsetsclassifications were considered

significant with a-palue < 0.05 usirthe binomial test
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2.7: Structural Analysis oEV Genes

Data regarding the structural features of the genes was obtained from the GRCh38/hg38
assembly of UCSC Table Browarolchik et al., 2004)inearegressionn analyses were
conducted to find any correlation between gene EV and their structural featsiggle gene
had multiple transpt sizes, we conducted a separate linear regression analysis for the largest and
the smaller transcripts individuallh e sequence | engths excluded

and any upstream or downstream regions.

2.8: Gene Set Functional Enrichmennalysis

The Gene Ontology GO) term enrichment analyses were conducted using
ConsensusPathDB gene set-ogpresentation analy@suitt et al., 2009y hetruncatedist of
unique lllumina HumanHI2 V3.0 expression BeadChip gehas corresponded to coding
transcripts with known gene coordinatasused as a background list of genes. The resulting

GO terms were filtered usinggplue cutoff of 0.01 and limited to gene ontology level 5 categories.

Common and unique GO terms were then summarized using REMIBEK et al., 2011)
and visualized through tregrady the provided R scripts. The parameters used were a medium
allowed similarity (0.7) using Homo sapiens database of GO terms and SimRel as the semantic

similarity measure between ontology terms.

2.9: Enrichment Analysis

Usi ng t he -squargest svetasted forermchment of essential genes in each gene

set relative to the total number of essential genes in the lllumina Huh2a¥BD expression

26



BeadChip. A list of 20,029 protein coding genes fro@ahgensus Coding DNA Sequence
Project(CCDS) database was used to test for essentiality enrigfimetitet al., 2009pnly

genes that are solely classified as essential are congiileradpressential ancbnditionally

essential genes were excluded flmnanalysisThe resulting list of protein coding genes
consisted 02377 essential genes present iflitiminadataset. Once the number of annotated

genes and gene sets were deemed dependent thrahleg h t he Bouaeteswends ch
determind the enrichment of annotated geme®ach gene sasingstandardizedPearson

residuals.

The Pe arsquara fesand cstaridardized residuamlsre also used to test the
enrichment of methylation clusters acrosdiyfpervariableHypovariableand NorVariable

probe sets.

2.10: Hierarchical Clustering of Agé&ependentHypervariable Genes

The hierarchical clusteriof12 clinical annotation permtitmsresulted in the clustering
of groups with the same age group but the opposite Isibx.thé pvalues of the sex and age
groupings during the hierarchical clustering were too high to warrant further subsetting of the
brain dataset samples into dastgroupsthe pvalues were trending towards significance. This
suggested thatspedng the Hypervariable gene sets gerseby-gene basisight identify a
specific subset of genes affected by these clinical annd&iossd a multiple linear regren
model to measure the changes in expressiontdfpleevariablgeness a function of age, sex,

and posimortem interval (PMI):

O 1 T 6"QQr "YQ®! 00O (6)

27



where® is the expression level of a probefanis the coefficient for each term. Theatues

were calculated using a type Il sum of squares regression and adjusted for multiple comparisons
using the Benjamitlochberg method>enes that exhibitfalse disovery rateRDR) < 0.01

were considered significant for the specific coefficient, and the sign of the coefficient determines

if the probe is positively or negatively correlated with the factor.

To examine the changes in EV as a function of age, welsellssenples into distinct age
clustersThe choice to use three age clusterslypervariable genas the optimal number of
clusterswas determined using an expectatiarimization (EM) algorithm initialized by
hierarchical clustering for parameg¢eriGéaussian mixture models in the mclust package of R
(Scrucca et al., 2018he Bayesian information criterion for each hierarchical clustering model
was determined, and both the cerebellum and frontal cortex displayed identical optimal numbers
of age cluste® ©). Once the samples were cetiyeclustered by age, the gene clusters were
selected bmanuallyutting the gene dendrograms. The gene expressions were then visualized as

heatmaps using the gplots packagg\Mdrnes et al., 2015)

3: Results

3.1: Estimating Expression Variability

3.1.1: Estimating EV

Gene expression variability within populations is usually quantified by standard deviation

or the coefficient of variation. However, these measures do not adegaatelyatelsgccount
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for the effects of expression magnitlide standard deviationtle most common measure of
variability or dispersion of expression values that excludes any measure of expression magnitude.
As a result, genes with high standard deviation are often those with high average expression while
genes with low standard deviatajten exhibit low average expression. The coefficient of
variationon the other hands a measure of relative variability, also known as relative standard
deviation. It is defined as the ratio of the standard deviation to thédlowewer, using CV as

a measure of expression variability has many drawbacks. For example, genes with high coefficient
of variation values are often genes with low mean expression. In addition, similar amounts of
variation in expression values at different average exprdssiosmesailt in drastically different

CV values and may not reflect changes in biologatalignt processes in a cell. As such, a metric

of gene expression variability cannot be calculated independent nor relative to expression
magnitude, but rather bertved as a function of expression magnitude. To this end, we opted to
useexpressiowariability or EV(Alemu et al., 2014 a measurevdriability irgene expression

across populationgEV dd i nes gene expression variabilit:>

expression in a ndrmased and robust manner.

In order to study EV im human population, we analyzed gene expression variability in
nontdiseased human tissue samples. We studied 9iogest brain tissue samples
(Hernandez et al., 2012; Trabzuni et al., 2038)cerebellum sampsexl 455 frontal cortex
samples) as well as 144 biopsied breast tissue $ampilest al., 201ZFach dataset used the
lllumina HumanHT12 v3 Expression BeadChip platform to quantify ggmession of 48,803
unique lllumina probes. We excluded probes correspondingdodiog transcripts as well as

those with missing probe coordinates, resulting in a list of genes4
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To esti mat e madifigdamesisiggV raethal (Alerau et al., 2014)e used
the median absolute deviation as a measure of variability due to its robustness and reduced
sensitivity to outliers. In order to estimate the population MAD of each gealwated the
bootstrap estimate of the MAD for each probe using 1000 bootstrap replicates. Next, we
estimated the expected MAD for individual genes as a locally weighted polynomial regression
curve of the bootstrapped MAD as a function of median expressill thegenegFig.3, solid
redline).Lasty we <cal cul ated each geneds EV as the

and the expected MAD at , (fafshowmgiekqealod)( medi an e »

The expected MAD regression curves exhibit a flat, negative parabolic shape, whereby the
lowest and highegeneexpressioevelsrepresent the troughs of the curve. Variability in gene
expression levels has previously been shown to decrease as epassihes either extrema
(Carey et al., 2013; Newman et al., 2006; Taniguchi et alln 20d6) to confirm that is EV
was not a relative measure of variability, as is the case for CV, we conductesheekisam
analysis between expression magnitude and EV)(Bgsed on the poor adjustedv&®ues
(2x10, 8x1@, and 5x1® for breast, cerebellum, and frontal cortex respectively) and the flat
slopes, we concluded that EX¢counts for the relationship between mean expression and

variability with no direct relationship to overall expression

3.1.2: Classification of EV Geneess

To begin investigating the statistical characteristics of the newly calculated gene EV values,
we first examined the sample space of the resulting values. To do so, we plotted the probability
density function of EV for each tissue (bjigfhe EVtissue types exhibit large peaks around the

zero mean and a long tail for positivegé¥esBreast tissue exhibited a larger shoulder of the
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Figure 3. EV in human breast, cerebellum, and frontal cortex tissue

The expectethedian absolute deviation, shown as a solid red line, is calculated as the function
of median expression using a local polynomial regression (LOESS) curve. EV is calculated as the
difference between the observed MAD and the expected MAD values.
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Figure 4. Relationship between EV and expression

Adjusted Rvalues for the linear regression model shown in red were 0.0002, 0.0008, and 0.005
for breast, cerebellum, and frontal cortex tissues respectively.
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Figure 5. EV probability density functions

The dashed vertical black lines represent the EV range-vaNablegenesEVs greater than
the NonVariable EV range represent Hypervargdtesvhile EVs lower than the EV range
are classified as Hypovariable.

33



negative E\genesompared to cerebellum and frontal cortex tisShesis likely attributable to

the lower number of breast samples (144 compared to 456 and 455 samples respectively). We then
classified each probe into three categories based on their EV relative to the E\geriagher

First, we calculated the bordgtestimate of the median absolute deviation of the EV for each
dataset using 1000 bootstrap replic&teseswhose EV fell outside the rangecdf oz
DOOwere considered significantly variable.
gens whose EV was greater th@an ¢z 0 0 O. Geneswith an EV less thawm o2
DOOwere deemed OHypovariabledé. The aremainin
cz200Owere consiVdeiabdl eon We prdistipadgene groupsat t h e

categorized based on EV, correspond to distinct functional and phenotypic gene groups.

3.1.3: Crosd/alidation of EV Classifications

After classifying genes based on thgpression variability as eitthéypewnariable
Hypovariable, bNon-Varialbe, we then accounted for the effects of sampling error omdV.
minimize tle effects of sampling err@sd to increase the accuracy of our EV classification
methodwe croswvalidated our EV classification metheihg aplitretest classification method
(Fig1). Brieflywe divided our tissue samples into two equally sized subsets and repeated the EV
analysiand gene set classificaiiomach sample subgeth 100 replicateBigure6 shows the
relative frequenci®$ correct EV classifications across the three subsets for each EV class and
each tissue typand Figur& shows the resulting number of genes before and after the retest
method By conducting the 5D splitretest procedure, we increased the robustrieas@amacy
of our EV classification method for each dgneacreasing the specificity of the classification

model
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Figure 6. EV gene set classification accuracy

Relative frequenaf gene EV classification accuracy betweemadrijstribution and 580
splitretest replicates (n=100)
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Figure 7. Number of genes in EV gene sets

Barplot showing the number of genes in each gene set before and afte) Hpdithétest procedure.
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3.1.3:Statistical Nature of Hypervariability

An important aspect of Hypervariability to consider is the statistical distribution of the wide
range of gene expression levels across the population. Specificallyphggit E2gult from a
broadening of expressigalues around a unimodal mean valternativelyhigh EV could be
the result of a multimodal distribution of gene expression with two or more distinct expression

patternsassociated with different phenotypic states.

In order to distinguish betwedtettwo possibilities, we modeled each gene expression as
a mixture of two Gaussian distributions @jigNext, we identified the peaks of the probability
density function for each Gaussian distribution and compared the distance between the peaks as
wellas the ratio of peak heighBeneswith peaks that were greater than one median absolute
deviation apart and displayed a peak ratio greater than 0.1 were classified as having a bimodal
expression distributiolsenesthat did not satisfy both criteria weensidered to have a
unimodal distribution. Only a small minority of the Hypervariable (higheB®Y15/3453
breast tissugenes6/2980 cerebellugenesand 6/3487 frontal cort&enesshowed a bimodal
distribution of gene expression. The remamaggrity of Hypervariabgenesiad a unimodal
distribution. This indicates that high expression variability is a result of a widening of possible
expression values across a single mean rather than the gene expression existing in two or more

discrete stagse

3.1.5: Tissue Specificity of EV

An important issue to address in the study of gene expressiiityis the extent to

which tissuspecific effects impact EVhe cerebellum and frontal cortex, both tissues located
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Figure 8. Modality of Hypervariable gene expression distribution

Gaussian mixture modelling method of detecting birgedakThe plots in the left column
represent the original gene expression distributions. The dotted vertical lines represent the means
of the each of the Gaussian distributions. The plots in the right column represent the Gaussian
mixture model of gene expression composed to two Gaussian distributions. An example of a
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in the brain, exhibit a higher correlation between gene EV relative to the breast tissue, suggesting
a level of tissue specificity of EV (FigA8)shown in Figre 10, thereis considerable overlap in
theNon-Variablegenesets with over 71% of the measured genes commonly classified as NV in

all three tissue typeBhe Hypervariabland Hypovariable gengets however exhibit limited
overlapbetween the three different tissuesl@® of the Hypervarialdenes were classified as

such in the three tissues and2&% of the Hypovariable were so classified. The poorly
overlapping nature difie variabldV classification suggests thath highly constrained and

lowly constrained geeg&pression variabilitylisgely determined by tisspecific pathways.

3.1.6: EV and Gene Structural Characteristics

To understand the possible genomic mechanisms by which population EV occurs, we
explored the relationship between EV and various structural featuregesietexpression
variability has previously been reported to be associated with gene size, gene structure, and
surrounding regulatory elenslemu et al., 2014lowever, we found no significdinear
correlation between EV and a geneds exon coO!
isoforms Table 1)While certain linear modedsich as the number of transcripts in breast tissue,
exhibited statistical significance (p < 0.05) ttbitlfie model and subsequent comparison of the
linear model against a local polynomial regression curve showed that the correlation was either
not correctly defined by a linear model or was simply too small to draw a coRlotusamnplete

linear regrason analysis plots and summary tables can be found in Supplementary Figure 1.

While we did not find that the physical gene characteristics were correlated to EV, previous
studies have shown that the position of a gene on a chromosome has considetzlole eff

stochastic gene expression variability, independent-cdrg peomotespecific variables
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Figure 9. Tissue-specificity of EV

Crosscomparison of gergpecific expression variability between breast, cerebellum, and frontal
cortex tissues.
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Figure 1Q EV gene set overlap
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Venn diagrams comparing EV gene set classifications between breast, cenebithatal a

cortex tissues
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Table 1L Sructural analysisof genesas a function of EVgene classification
Linear regressionv@alues of EV as a function of each structural feature

Breast Cerebellum Frontal Cortex

Hyper Hypo? Hyper Hypo? Hyper Hypo?
Largest Transcript 3.90E01 7.09E01 1.03E01 2.17E02 6.40E01 5.73E01
Smallest Transcript 9.05E01 7.19E01 1.25E01 5.00E02 7.66E01 6.68E01
Number of Transcripts 2.48E02 3.07E02 1.11E01 7.15E01 5.88E01 4.01E01
Sequence Length 8.50E02 4.61E01 3.19E02 9.52E02 405602 1.83E01
Exon Count 7.05E01 4.69E01 2.87E01 4.81E02 1.67E01 6.89E02

2 Hypervariable genes

® Hypovariable genes
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(Batenchuk edl., 2011)We next tested if there is a relationship between expression variability
and chromosomal position (Fi4). To this end, each chromosome was divided into 100 bins
and the average EV all the genes within each bin was determined. If thereelasnship
between the two, we would expect to see EV to be uniformly distributed throughout the genome.
We found that EV is not uniformly distributed across the genome, and individual regions of
chromosomes exhibited peaks of high expression ligriabitroughs of low expression

variability.

To further confirm this hypothesis of remiform EV distribution across the genome, we
tested the cosine similarities of each bin between the chromosomes in each tissue type separately
(Fig. B) as well aomparing EV similarities between the tissue types3)Fiche.chromosome
combination similarity matrices exhibited a relatively low cosine similarity in all three tissue types
andmay partly be caused by the varying sizes of the chromosoaretl®msimber of genes
within each binThe paired chromosome analysisthe other hanéxhibiteda low similarity
between either breast pairwise combination wihalecérebelluffrontal cortex pairwise
comparison resulted in higher cosine similaritiés islikely due to the fact that bothe
cerebellum and the frontal cortissues are located in the brain, and therefore share similar tissue
compositions, and metabolic pathwalys supports the hypothesis that EV plays a role in tissue
specificity andidsue identity. In addition, the chromosome combination similarityematri
exhibit a low cosine similarity all three tissue types, suggesting that each chromosome also

exhibits a unique EV signature that is distinct from other chromosomes.

43



1sealg

1.2 3 4 5 6 7 & 9 10 11 12 13 14 15 16 17 18 19 20 21 22 X Y

wn|jegaian

T2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 X Y

|ejuoi

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 X Y
Chromosome

Figure 11 Effect of genomic position on EV

Each chromosome is divided into 100 birax{(%) based on the maximum gene coordinate
annotation and the average EV in each bin in measaras) fjhe green vertical lines represent
bins with a positive average EV, while the red vertical lines represent negative average EV.
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Cosine similarity between pairs of chromosom#se same tissue type. Each chromosome
represents a feature vector, with 100 features corresponding to the average EV of the 100
chromosomal bins.
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3.17: Functional Enrichment of EV Gene Sets

In order to understand the overall biological significance of gene EV, we examined the
enrichedunctionalannotationsn the Hypervariable, Hypovariable, and-Manablegenesets
by conducting a gene set enrichment analysis foigeaebet. We determed the over
represented GO terms that were unique in each tissue type, as well as GO terms that were
common in all three tissue types. The resulting GO annotations were simplified and visualized
using a REVIGO treemap. The top five GO annotations thebem@only enriched in all three
tissue types can be found in TabMhile the top 5 unique GO annotations in each tissue type

can be found in Tab®

The breasHypervariablgene set was uniquely enriched for epithelial cell differentiation,
primary alcohol metabolism, and positive regulation of cellular component movement. The
cerebellumHypervariablegene set was uniquely enriched for regulation of nervous system
developmemntransmembrane transport, and neuron death. The frontakbgresxariablgene
set was enriched for histamine secretion, regulation of cell morphogenesis;symatans
signalling. The breast, cerebellum, and frontal ¢dymecvariablgene sstwere commonly
enriched for regulation of tissue remodeling, inflammatory responses, and responses to inorganic
substances. Of note, many of the enriched GO annotations ldf/pkevariablegenes are
involved in signalling pathways. These pathways maraic control based on internal and
external stimuli and their high EV likely represents differing environmental or hormonal

conditions amongst the individuals.

In the case of thelypovariablgene sets, all three tissue types were enriched for protein

catabolism and metabolism, ribonucleoprotein complexes, and negative regulation of autophagy.
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Table 2. Common GO annotations of EV gene sets

Top five commorenrichedsO terms between breast, cerebellum, and frontal cortex wathin th
Hypervariable and Hypovariable gene sets

Common Hypervariable Annotations Common Hypovariable Annotations

Regulation of bone remodeling Proteolysis involved in cellular protein catabolism
Regulation of inflammatory response Ribonucleoprotein complex assembly

Response to zinc ion Regulation of cellular amino acid metabolism

Innate immune response activating cell surface
receptor signaling pathway

Regulation of ion transport Negativeegulation of autophagy

Carboxylic acid biosynthesis

Table 3. Unique GO annotations of EV gene sets

Top fiveunique enriched GO terms of Hypervariable and Hypovariable genes unique to breast,
cerebellum, and frontal cortex tissues.

Unigue Cerebellum Unique Frontal Cortex
Annotations Annotations

Regulation of nervous system
development

Regulation of transmembrane
transport

Unique BreastAnnotations

Epithelial cell differentiation Histamine secretion

Primary alcohol metabolism Regulation of cell morphogene:

Positive regulation of cellular

o . L .
% component movement Regulation of neuron death Transsynaptic signaling
S Response to corticosteroid Negative regglatlon of responst Regulation ofeurological systel
S to external stimulus process
o
> Transmembrane receptor prote Lo .
T tyrosine kinase signaling pathw Response to calcium ion Dephosphorylation
Golgi vesicle transport DNA conformation change ncRNA metabolism
Nucleoside monophosphate Modificationdependent Response to interleukin
metabolism macromolecule catabolism P
P Prote_oly5|s mvplved in cellular Response to camptothecin _Regulatlon of enter of bacteriur
5 protein catabolism into host cell
o .
= Cellular response to nitrogen  Retrograde transport, endosorr
g starvation to Golgi
S Mitochondrial respiratory chain Regulation of ubiquitiprotein
L complex I assembly transferase activity

48



The breadtlypovariablgene set was enriched for Golgi vesicle transport, nucleoside metabolism,
and protein catabolism. The cerebelldgpovariablegene set was enriched for DNA
conformation change, modificatdependent macromolecule catabolism, and retrograde
transportLagdly, the frontal cortex Hypovariable gene set was enriched for ncRNA metabolism,

response to interleukin and regulation of enter of bacterium into host cell

Genes with higher expression variability have previously been shown to be functionally and
physically involved with the cell periphery, localizing in the membrane, transmembrane, or
extracellular matrix regiqAdemu et al., 2014; Mar et al., 2011; Newman et al. Q@0@sults
corroborated these findings asktypervariablgene sets from breast, cerebellunth fieontal
cortex were enriched for GO annotations associated with cell surface signalling pathways, as well
as cellular component ontologies enriched at the plasma membrane. In contrast, genes with low
expressionariability genes tended to regulate nucleic acid and metabolic pathways, localizing in
the cell interior. Theddypovariablegenes are likely involved in complex,-dessitive gene

networks and require tight regulation of their expression to functiectlgo

3.2: Essentiality Enrichment in Variable Genes

Previous studies in yeastlE. colhave shown that gene expression variability is reduced
in genes that are essential for survival. It is believed that evolution has selected for transcriptional
networks that limit stochastic expression variation of essentiélLglbnes 2008; Silander et al.,
2012) If this were true for humans, we would expect a significant number of essential genes to
exhbit Hypovariablexpression. Conversely, we expect a depletion of essential genes within the

Hypervariablerobe sets.
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In order to examine a potential correlation between expression variability and essentiality in
human tissues, we first tested the intgpece between EV classification and annotation of
human essentiality (Tal)eEssentiality annotations were obtained from the (J&ZDi8 et al.,
2009)and MGD(Blake et al., 201databases. Here, direct human orthologs of genes essential
for prenatal, perinatabo post nat al survival of mice were ¢
chisquare test for the number of essential genes in each probe set, we find that that the
Hypovariable gene set in breast, cerebellum, and frontal cortex tissues wandysegmittbad
for genes with essentiality annotationajpe = 1.50 x 1§ 8.27 x 1% and 1.52 x 1§
respectively). Thus, expression variability for many essential genes is constrained in humans, likely
reflecting a similar biology to essentiabtygenes. However, we also observe a significant
enrichment of essential genes within the Hypervariable gene sets. This was a surprise to us since
essential genes are thought of as beingsdositive and changes in the level of gene expression

would bepredicted to be deleterious or lethal.

To better understand the implications of high variability in essential genes, we examined the
functional annotations associated with both Hypervariable and Hypovariable essential genes
(Tables5-6). The breast essmh Hypervariable gene set was enriched for embryonic
development, responses to growth factorssudmdtrate junction assembly, regulation of
epithelial cell proliferation, and positive regulation of cellular component movement. The
cerebellum essentifypervariable gene set was enriched for cell differentiation, anion transport,
transsynaptic signaling, response to growth factors, and cell projection organization. Lastly, the
frontal cortex essential Hypervariable gene set was enriched for egitiatiffer secretion,
tyrosine kinase signaling, cell projection organization, and heart contractions. Overall, the

Hypervariable essential gene sets tended to be enriched for morphogenic, tissue, and organ systern
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Table 4. Essentialty enrichment analysis

P e ar s esguared téstfor essentiality in Hypervariable, Hypovariable, avidridbie gene
sets in breast, cerebellum, and frontal cortex tissue

Tissue Probe Set Total Gene Count Gsr?:eggths S?ggizﬁj;sd P-Value
Hyper 1448 180 12.22
Breast Hypo 957 108 8.27 1.50 x 164
NV 33957 1657 -14.94
Hyper 1640 170 8.66
Cerebellum Hypo 837 83 5.54 8.27 x 1@3
NV 35257 1849 -10.42
Hyper 1760 196 10.6
Frontal Cortex  Hypo 1254 125 7.04 1.52 x 1@
NV 34831 1764 -12.89

Table 5. Common GO Annotations of essential genes

Top fiveoverlappingenrichedsO termsof essential genes between breast, cerebellum, and
frontal cortex tissues.

Common Hypervariable Annotations Common Hypovariable Annotations
Positive regulation of cell differentiation Lysosomal transport

Cyclienucleotidemediated signalling Negative regulation of NEappaB transcription factor activity
Regulation of blood vessel size Viral release from host cell

Regulation of epithelial cell proliferation Mitochondrial genome maintenance

Terpenoid metalism Proteolysis involved in cellular protein catabolism
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Table 6. Unique GO annotations of essentiality genes

Top fiveunique enriched GO terms of essential genes unique to breast, cerebellum, and frontal
cortextissues.

Unique Breast Annotations Unique Cerebellum Unique Frontal Cortex
Annotations Annotations

Embryo development ending in Positive regulation of cell Positive regulation of cell

birth or egg hatching differentiation differentiation

Cellular response to growth Anion transport Regulation of secretion

factor stimulus
Transmembrane receptor prote

o . . I .
(_% Cellsubstrate junction assembl Transsynaptic signalling tyrosine kinase signaling pathw
‘T Regulation oépithelial cell Cellular response to growth Regulation of cell projection
=q—>) proliferation factor stimulus organization
= Positive regulation of cellular Regulgtlo_n of cell projection Heart contraction

component movement organization

Negative regulation of cellular : .

component organization DNA repair DNA repair

DNA repair Negative regulaﬂqn O.f cellular Covalent chromatic modificatio

component organization

[ . . .. . .
= Regulation of cellular protein  Positive regulation of vinalease
Qo
8 localization from host cell MRNA transport
IS _ . . . .
g Embryo development ending in Regulation of cellular protein  Progesterone receptor signalin
& Dirth or egg hatching localization pathway
L Apoptotic process Regulation of cell cycle proces: Regulation of cell cycle pess
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development. This suggests that tight regulation of certain essential genes may only be required
for embryonic and morphogenic development andsgosgivity is lost in adults, allowing for

high expression variability.

3.3: DNA Methylation and Expression Variability

3.3.1: Gene Methylation Clustering

While the relationship between methylation and gene expression is complex, low promoter
methylation is often associated with high levels of gene exfsanl1988; Irvine et al., 2002;
Moore et al., 2013; Wagniesle 2014 ) ike gene expression, DNA methylation is highly variable
at the cell, tissue, and individual I€Zbhng et al., 20133uggesting thatene expression
variabilitycould result from variations in gene methylation. To explore this idea, we used DNA

methylation annotations that were availablediodtof 911 brain tissue samples.

We first investigated the possible impact of methylation changes on gene expression. Fig
14 shows the histogram distribution Refarson correlation coefficiefietween the sample
specific gene expression ayghe methylation. We observe no strong correlation between
expression and methylation, suggesting that methylation state does not pthseattatgen

affecting expression magnitude.

While we did not see a strong correlation between methylatexpesssion magnitude,
DNA methylation has been postulated to regutaiability in gene expressiéinberg and
Irizarry, 2010)CpG sites are discretely hyddted or nomethylated at a single site, however
methylation microarrays provide the methylation status of CpG sites of numerous cells in a sample

simultaneously. Therefore, methylation is commonly reported as a ratio of methylated probes to
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Figure 14 Expression and methylation correlation plot

Histogram of Pearson correlation coefficient between paired gene expression and gene
methylation levels in Hypervariable and Hypovariable genes.
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the overall number of pr o\mke In order ta exaranenihd e r
relationship between methyl ation andalugene e
using binary classificatigBibikova et al., 2006; Wagner et al., 201#)e -vale of a CpG site

is low, then it is assumed to be hypomethylated. Conversely, the CpG site is hypermethylated if
t heeaAue i s | a-valwearound 6.5viedicates an equalllikely chance that the site

is methylated or nemethylated indifferent cells within a single sample. Rather than
dichotomously classify these ambiguansthylated sites as discretely methylated er non
methylated, we opted to use a tripartite classification systemethgiated, medium

methylation, and highly thglated states.

In order to differentiate between low, medium, and high methylation states in our samples,
we modelled gene methylation using Gaussian mixture models for the mean methylation for each
geng(Fig. B). The distribution of gene methylatiorboth cerebellum and frontal cortex tissue
was best modelled as a tlremponent system. The first componenteoasposed od sub
population Gaussian mixture while the second and third components were modelled as single
Gaussian distributions. Genes sehmethylation fell within the first component were classified
as NonMethylated genes. Genes were classified as Medium Methylated for those in the second
component and Highly Methylated if they were in third. The distribution of methylation amongst
the gaes is predominantly bimodal with only a minority of genes being Medium Methylated (Fig.
16). In contrast, over 62% of cerebellum genes ammethrylated and 23% highly methylated.

Similarly, 58% of frontal cortex genes arenmethylated and 22% arehiygmethylated.
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Gaussin mixture models were used to classify the genes intoNNemhum, and Highly

methylated gene clusters.
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3.3.2: Methylation Enrichment in EV Classes

Next, we explored the correlation between methylation and expression based on the
tissuespecifi€V classificationVhen we subset the methylation distribution by EV classification
(Fig. I), we observe that Hypovariable genes have a visibly different methylation pattern than
Hypewariableor Non-Variable genes insofar as Hypovkrigbnes are visibly overrepresented

in the NonrMethylated gene group compared to both the Hypervariable aiadie genes.

To further quantify the overrepresentation of Hypovariable genes in thetigtated
gene group, we conducted asthiaredest of independence between the methylation state
clusters and the EV classifications (T@pl&oth the cerebellum and frontal cortex tissues
exhibited a significant relationship between the methylation clusters and EV classifications (p =

7.57 x 16 and p = 1.58 x 19 respectively).

By examining the standardized residuals of tkeguduie test of independence, we
guantitatively confirmed the enrichment of Mtethylated genes within the Hypovariable gene
set. We also observeignificant enrichment of Highly Methylated genes in the/alweble
gene set as well as an enrichment of Medium Methylated genes in the Hypervariable gene set. The
high significance and romerlapping enrichments across each of the three groups shiggests
there is a strong relationship between methylation and EV classifications: low gene methylation is
important for the tight expression constraint in Hypovariable genes while high gene methylation

contributes to Noivariable expression.
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Table 7. Methylation enrichment analysis

P e ar s osgdasd t€sh for methylation status in Hypervariable, Hypovariable, and Non
Variable gene sefEhere issignificant relationship between the two variabldsth the

cerebellum and the frontal cortex tissas 8 2 and mm 8 2 ,
respectively).
Cerebellum Tissue Frontal Cortex Tissue
Non- Medium Highly Non- Medium Highly
Methylated Methylated Methylated Methylated Methylated Methylated

Hypovariable 11.98 -5.69 -9.04 14.84 -7.11 -10.79
Non-Variable -7.52 0.06 8.59 -10.00 -0.04 11.73
Hypervariable 0.07 4.21 -3.58 -0.23 6.23 -5.47
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3.4: Effects of Age, Sex, and PMI on Variability

3.4.1: Linear Regression of Sex, PMand Aging (and EV)

To further understand the biological relevance of EV, we focused on the Hypervariable
genes to identify potential mechanismd downstream processes affectedidyyeased
constraint on gene expression across the samples. We syigtemalyzzed EV as a function of
sex, age, arRMI. The breast tissulatasetacked these clinical annotationsaasexcluded
from this analysis. We employed a pwabe linear regression analysis to model the relationship
between Hypervariable genpregsion and age, sex, and PMI (T@blEhe resulting-palues
were adjusted for multiple comparisons using the Berjouhterg procedure and considered

significant when the adjustedglue was less than 0.01.

Extended postortem intervalscompromses sample RNA integrity and lead to
degradation of labile RN@irdsill et al., 201,13uggesting th&MI might be a source of
expression variability. Brain samples had PMI timeésgdrmgm 1 hour to 94 hours (mean =
36.14 hr), but we observe a negligible numlgEmeflsvhose expression magnitaterelated
stronglywith PMI. This suggests that sample integrity is unlikely to be a source of EV changes.
Somewhat more surprisinglywiever, is the low number géneghat are correlated with sex.

Only 5 out of 1640 Hypervariable cerebellum gene23mat of 1760 Hypervariable frontal

cortex genes shedsexdependent differences in EV.

While other studies have shamidespread sex differences in{posittem adult brain gene
expressiofClodfelter et al., 2006; Rinn et al., 2004; Trabzuni et al., 2013; Vawter et al., 2004; Xu

et al., 2006)ve conclude that in our analydygpervariabilitisoverwhelmingly serdependent.
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Table 8. Gene-wise multiple linear regression oHypervariable EV andPMI, sex, and age

PMI Sex Age
Up Down Total Up Down Total Up Down Total
Cerebellum 12 10 22 16 9 25 247 267 514
FrontalCortex 8 15 23 18 5 23 373 354 727
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This finding is supported by several studies, including-armalytsis of 293 human and mouse
microarray datasets that reported no significant difference phenotypic variability between males
and femalefitoh and Arnold, 2015 his lack of differential variability is true dehavioral,
electrophysiological, histologiealdheurochemical measuiresats, even when the estrous cycle

is not accounted f@¢Becker et al., 2016)

However, we observe that age has a substantiabeffecte expression variability. Age is
correlated with over 31% of Hypervariable cerebgkumasand over 41% of Hypervariable
frontal cortexgenes, indicating thiie expression of these genes becomes either more or less
constrained during aging. Inetlterebellum, there were 247 Hypervariable genes whose
expression increased as a function of age and 267 genes with decreased expression. Similarly, th
frontal cortex contained 373 genes with increased expression and 354 genes with reduced

expression.

3.42: Heatmap Clustering

Given that age is correlated with a considerable number of Hypervariable genes, we
classified the age of the samples in the cerebellum and frontal cortex tissues into three age clusters
(Fig. 18according tehe totawithin-clusters sum of squarés3J and the Bayesian Information
Criterion BIC) using the mclust package i{SRrucca et al., 2018he oldestgecluster
contained samples whose ages were between 58 and 989 The second cluster ranged
between 32 and 57 yeaif ( T ), while the youngeage cluster contained samples aged 1
through 31di” p ). To further explore thegedependengffecton EV, we examined the age
dependent changes in expression oHteervariablgenesacross the three clusters. In each

tissue type, we labeledgembéso s e expressi on was pupséegubvat gdo
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Figure 18 Optimal number of K-means age clusters

The choice of k clusters to segment sample age was identified using two different methods, both
indicating three as the optimal number. (A) The elbow method choses the k value at which the
decrease in total withitusters sum of squares from each additidaster begins to drop,

leading to marginal gains in performance. (B) Finding the local maxima of the Bayesian
Information Criterion (BIC) using the mclust package.
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whil e the negati vel ydoovnrrreglud tad de dgoe maethicawe r ew et
clustering method with an expression heatmap to visualize how these upregulated and
downregulated genes are expressed throughout the age cluste+«8QjFithe resulting gene

hierarchical trees were clusteredgetee setgia manuahieraricaltree cutting.

3.4.3: Functional Enrichments of AgdRegulated Hypervariable Genes

While the cerebellum is generally considered a regulator of motor processes, it is also
implicated in cognitive and nomtor functions(Harada et al., 2013)lany of these age
dependent upregulated Hypervariable genes corroborate previous studlieg dRpl
relationship between brain aging and changes in gene expression, including cellular responses to
chemical stimuli (gold cluster). In particular, reactive oxygen and nitrogen species have been
shown to change ion transport channel activity, arel &g an important mechanism in brain
agingAnnunziato et al., 200¥Yhile all the genes selected werscggéated, some genes exhibit
outlier samples whose expression remains high across all genes in the dark terange clus
regardless of age. These genes are more likely to be overexpressed in the samples as age increa:s
and are enriched for peripheral nervous system neuron development and neuron apoptotic
pathways. Similar enrichments of neurogenic and chemicatestipouise pathways are seen in
the upregulated frontal cortex genes (gold cluster). The dark orange cluster in the upregulated
frontal cortex agdependent genes exteblitan entirely samp$pecific over or under
expression of genes. These bimodally ssqutegenes are enriched for glial cell differentiation,
adenosine receptor signaling pathways, and antigen processing. Lastly, we see a random scatterin
of expression in the yellow cluster of the frontal cortex heatmap that steadily increases with age.
These genes are enriched for glial cell differentiation, cellular response to alcohol, and defense
responses to fungus.
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Figure 19 Cerebellum Hypervariable heatmap

The vertical axis represents theragalated Hypervariable gemdsle the samples were
clustered by age and plotted on the horizontal axis. The top heatmaps represent the positively
correlated agegulated genes while the bottom heatmaps represent the negatively correlated age
regulated genes. The age clusters deorege from left to right and correspond to the following

age rangesf X wu WY T Lo @ X andid p Xplv p.
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Figure 20. Frontal Cortex Hypervariable heatmap

The vertical axis represents theragelated Hypervariable genes while the samples were
clustered by age and plotted on the horizontal axis. The top heatmaps represent the positively
correlated agegulated genes while the bottom heatmaps represegdtieely correlated age
regulated genes. The age clusters decrease in age from left to right and correspond to the following

age rangesf X wu WY T Lo @ X andid p Xplv p.
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Most of the downregulated atgpendenHypervariablgenes in the cerebellum fall into
the green cluster, whereby certain individuals exhibit reduced expression across genes in the
cluster and increases in sample frequency as age increases. Thesegdaed ar leukocyte
mediated immunity and defense responses to other organisms, wénghnession is
downregulated by agesigpported by previous studiddontecineRodriguez et al., 2013)
Interestingly, the yellow cluster exbibit)-shaped expression levels, whereby the lowest
expression is seen in the middle age cluster. These genes are enriched for optic nerve development
response to ietferongamma, and synaptic signalling. In the frontal cortex, the majority of
downregulated agkeependent genes fall in the red cluster, and are enriched for ion transport, cell
morphogenesis, and trasysaptic signalling. Overall, the functional anoigadf the age
regulatedHypervariablegene clusters suggest that population EV is one outcome- of age

dependent gene expression changes.

4: Discussion

Gene expression variabildagross gopulation is the cumulative resultestrinsic
environmentalfactors and intrinsic stochasticfactors. A fundamental issue in biology is
understanding the causal factors of gene expression variability within an individual organism and
between isogenic and genetically dissimilar individuals within a given pdphitatianiability
in gene expression reflects phenotypic heterogeneity and is thought todrevendbr natural
selective pressures. Regulation of EV has been shown to be directly involved in many biological
processes, including dosage sensitivity, disease susceptibility, and embryonic devéigoment.
report,| investigated potential sourceg@fe expressieariability in human breast, cerebellum,

and frontal cortex tissuasd the effects of EV on phenotypic variation in a human population.
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In particular, the effects of methylation and aging were examioectlase®f EV in human

populations.

Prior to examining the potentia@orrelatesof EV, | first developed a robust and
generalizable method of measuexgressiowariability in gene expression profiles generated
through microarray platforms. Despite numerous available methods to measure, variability
includingSD andCV, there is no standaedmethod in the field. In addition, each method has
their unique disadvantages as well as a common drawback of being senditve &md opt
to remo\e outliers entirely. As such, these methods are rablsuior examining largeale
studies of variability and noise. The new EV method used in this work quantified gene expression
variability in a manner suitable for lsape microarray studies and is resistant to outlier samples.
These outlier measurentse can originate from technical errors during the DNA microarray
measurement procedures, or from specific individuals in a population with aberrant gene
expression levels compared to the rest of the population. Regardless of the source of noise
associatedith these outliers, they should not be excluded from any analysis pertaining to the
exploration of transcriptional noise or expression variability. Once gene expression variability
could be quantified in a nbrased manner, | could thus perform a congm&ve analysis of
potential causal factors that contribute to changes in expression variability in humans in different
tissue types. | first examined the overarching EV differences between the three tissue types to
establish baseline expression pattgpesific to each tissue type. Next, | investigated the
functional role, cellular localization, essentiality status, and methylation levels associated with the
genewith low, medium, and high levels of. E¥stly] explored the intendividual causes of
high variability using clinical annotations available in the samples, including the age of the person,

their sex, and the peastortem interval timprior to sample collection
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4.1:Characteristics of EV

A crucial consideration to take into accaumén exploring expression variability in a
population is the probability distribution of gene exprassignitudeThe expression levels of
the large majority of genes in the microarray datasets do not follow a normal distribution.
Conducting a statistid¢ast requires assumptions about the population distribution parameters. If
the data meets the assumptions of the parametric test (ie. normality of the data), then it is safe to
use a parametric statistical test. Otheravisa}parametric statisticaktas required. Using a
parametric statistic on nanrmal data results in less powerful statistical tests, increasing the
probability of making a type Il error, whereby the test wrongly fails to reject the null hypothesis
(Columb and Atkinson, 2018hus, we cannot use standard parametric statistical tests or non

robust measures of variability.

Rather than using the median absolute deviation, many papers investigasian expres
variabilityerroneously use the coefficient of variation, agtmrst measure of variabilithe
use of MAD as a robustatisticof variabilityensures an outlieesistant method of calculating
EV. This eliminates the need to remove the outhilg ensuring that the resulting measure of
variability is not unduly affected by extreme vdlakifig these measures to include the outliers
in a statistically correct manner ensuresgéreg expression variability is representation of a
populatioawide trend of gene expression levelkhis is of particular importance when
investigating genes witighexpression variabiliyg the resultingariabilityvalues mageflect a
statistical artefact of a few outlier samples, rather than a wide rangéssibf@eerpression

levels.

The genes in the datasets were classified into three distinct EVholassesihere are

no 0 tEY dasgabels of EV we canompare our results againds a result of this
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unsupervised classification method, we cannot assign a nwaére fpr theclassification

validityor accuracy. While this accuracy cannot be quantified, tretesgilitlassification method
neverthelessonsiderablynproves the modbly controllingthe tradeoff between specificity and
sensitivity (Fig. 6By adjusting the binomial tesvgdueto a highetthresholdt he model 0 s
specificity increases at the cost of decreased sensitivity. In the context of EV classification, high
specificity/low sesitivity results in fewer genes being classified as Hypervariable or Hypovariable
but with much higher confideraed higher theoretical positive predictive valusher words,

we reduce the number of false positive EV classification of idypéypovaiability (type |

error) with the assumptioniatreasethlse negatigype Il errorlassification€onversely, a

lower pvalue threshold results in higher sensitivity but lower spewiftbity higher number of

false positives and less falsetivega Typically, favoring one over the other done at the discretion

of the researcher, and taeel of uncertainty they are willing to ass@uechoice irbinomial

test p-valueof 0.5for this analysis was specifically chosen to balance these tamistiotag
measureand did not bias towards specificity or sensitivity. It inherently accepts a certain amount
of false positive Hypervariable and Hypovariable EV classifications but is still stringent enough

to test hypotheses regarding the biological iammar of expression variability.

Whiletherobust statistics used in this analysis (i.e. MAD and EV) areresistant and
are suitable for nemormal distributions, they cannot be used to adguraddel multimodal
distributionsin the case of Hypervariable genes, the wide range of expression levels expressed in
a populatiorcould manifest itseHs eithemuunimodalor multimodal distributions. Unimodal
distributions represent a continuum of expression levels in a populatidy the probability
density functiomas a single pedbn the other hand, multimodal distributions represent two or
more distinct expression statest an individualellmayswitch betwee(Balaban et al., 2004)

This bimodality in gene expression is represented by a probability distribution containing multiple
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distinct peaks. It can be modelssturatelyising a mixture moldef several distributions,
whereby each distribution within the mixture model is representative of a unique phenotypic state

(Figures).

Since Hypemariability ipredominantlynimodalye can infer thdtigh EV is the result of
a wide range of permissible expression levels in a population rather than the existence of discrete
geneexpressionr phenotypisubpopulations. In the case of organismal phenotypes, the benefits
of awideunimodal phenotypdistibution is highest in environments with very rapidery
noisy environmental chang€srciaBernardo and Dunlop, 2018 such, genes functally
associated with signalling pathways exhibit high expression variability in order to respond to a

dynamic and rapidly changing environment at the cell periphery.

While theras limited overlap a$pecifiogenes within the corresponding EV gene sets of
different tissues, thidypovariable andypewariable gene setsross the three tissue tyipage
similar functional enrichments asellular proteidocalizationsSpecificallythe Hypovariable
gene sets we enriched for nucleic acid and metabolic regulatory pathways. As such, these
complex and desgp-sensitive gene networks require tight regulation of their expression to
function correctly, regardless of tissue or cell tymeddition to performing hougeeping
processes, the proteins associated with Hypovariable genes are also localized to the cell interior,
validating previous studies of Hypovarialgfigmu et al., 2014; Mar et al., 2011; Newman et al.,

2006)

Conversely, genes witlypewnariableEV expression teni localize at the cell periphery
and atmembranes. These lowly constrained gernasrmtged for cell surface signalling pathways
and tissue development, including tissue remodeling and ion tr&hsgertesults corroborate

previous findings that gen&ith high expression variability are functionally and physically
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localized in membrane, transmembrane, and extracellular matrix (@demainst al., 2014; Mar

et al., 2011; Newman et al., 2006)

The splitretest methodology used in the analysis increasespebiéicity of the
classification model, resulting in a large number of genes initially classified as variable to be re
classifiedasNemar i abl e, r e f-variabléggenest dhesa psetidgpesvarialdeo
and pseudslypovariable genes exhibighiy similar functional enrichments to the true
Hypervariable and Hypovariable GO terms enrichment (Supplementary Higigesd)kely a
result of the specificity/sensitivity tramfe of the novel classification method. There is an
inherent understding that reducing the sensitivity results in more false negatives, which are
represented by psewdoar i abl e genes whose associated p

variable gene sets.

Comparing gerspecific EV between the tissue types shows adiangarity between the
cerebellum and frontal cortex tissues, both of which are located withairtiwe see a much
smaller similarity between either brain ti@rebellum or frontal cortesdmpared tdreast
tissue, suggesting a highly tispagific component of EV. Given the limited overlap of specific
genes in corresponding gene sets and similar overarching functional processes across the three
tissue types,entherefore propose thggneexpression variabilityhighlyassociated with tissue

specificdevelopmera pathwaysnd establishirgsue identity.

4.2:Essentiality & Methylation

Singlecell studies of yeast alBdcolhave shown that essential genes tend to have lower
expression variability than ressential geneBhis tight regulation of gene expression lesvels
likely the result of sela@ pressure® minimise noisand fluctuations in protein levels of

dosagesensitive genésehner, 2008, 2010; Newman et al., 2006; SinghT2@%8)fluctuations
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can be highly lethal to the cell if the dosage of protein falls below an optimal and heritable
threshold. In addition, netsensitive noessential genes tend to cluster witisesensitive

essential genes in persistently opemdse chromatin domai(Batada and Hurst, 2007)

Our results corroborate these findings as we se&fiaagig enrichment of essential genes
in the Hypovariable gene sets in breast, cerebellum, and frontal corteintasddition, the
Hypovariable gene sets were significantiynathylated, a common characteristic ofnloise
chromatin domain®y renainingn anopenchromatin configuratiothe genes that occupy the
low-noise domains are unaffected by transcriptional bursting due to the switching of chromatin
between open and closed configurafjoBse ¢ s k e i et al ., 2005; Raj
2005) While chromatin configuration is correlated with changes in expression variability and
fluctuations in proteiabundangethe open chromatin configuration does not guarantee gene
expressiorPrevious studies showeal significantlifference in the mean expression levels of
essential and nassential genes in and out oftmisechromatindomain cluster®atada and
Hurst, 2007)Thus, epigenetic changes in methylation are able to affect the ex@mesbibty
of a gene independent of the magnitude of gene expression. This uncoupling between expression
variability and expression magnitude is precisely identical to the considerations taken when
developing the new EV methd8ly ensuring that E¥xhibts no relationship with overall
expression magnitude (Figdyewe were able to examine the effects of methylation solely as a

correlateof EV without the confounding effectsabfanges in geespressiomagnitude

While the enrichment of essential gemé¢he Hypwariable gene sets is in agreement with
previous findings in yeastdE. colshowing that essential genes are likely to have low expression
variability(Batada and Hurst, 2007; Lehner, 2008, 2010; Newman e6abjr&fl§ 2013)ve

were surprised to detect a significant number of essential genes amongsvér@ablgmenes
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in breast, cerebellum, and frontal cortex ti€reerally, fluctuations in protein levels associated
with high expression variabihtpy inactivate gene activity by reducing the protein level below a
required threshold. Thisaictivation ofdose-sensitiveessential geneduring embryonic
developmeneads to preor neonatal fatality in mice and hun{@®orgi et al., 201Bunctional
enrichment analgsof Hypervariable and Hypovariable essential genes in breast, cerebellum, and
frontal cortex tissuasdicate that the essential gandsoth gene setwe indeed involved in
developmental pathways. It is not fully clear as to why highly variable exodddie tolerated

in obligate developmental pathways sinmeorexpression afievelopmental genes should be

tightly regulated to ensure proper development.

One possibility is that these Oessential o
have different postmbryonic roles and may not be essentiahptaty. Mounting evidence
suggests that gene essentiality is not a static or binary property of a gene. Instead, it is-both context
dependent andighly evolvable(Rancati et al., 2018y particular, it is dependent on the
environment and/or genetic context. Therefargene is that is considered essential inr a pre
natal embryonic context may not be essential inagtabiging adul&udies involving CRISPR
screens are already underway to develop an

better understand the key aspects of cellular essamthfityripotencgyilmaz et al., 2018)

Alternatively, it is possible that the esslaggines this analysere doseensitive imice
specifically, and not desensitive imumansThe list of essential proteinding genes provided
by theCCDS databasmnsiss of human orthologs of essential gdnaad in mouse models
(Georgi et al., 2013)the human orthologs are not desasitivepnly a certain level of baseline
expression is required and expression above thiaebémeadl might be well tolerat®dhile

generally incomplete, tberators of the CCDS databassit that the set of human orthologs
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exhibit characteristics fully consistent with known essential human genes. These claims are
supported by other studieainl thatgenes that are essential in one species strongly tend to be

essential in other speqi@msterdam et al., 2004; Batada and Hurst, 2007; Kamag088al.,

One additional possibility is that protein abundahessential genesuld be regulated
translationally rather than transcriptionally. Inefficient translation of certain genes may have been
selected for during evolution to prevent fluctoatio protein concentratioftssern et al., 2005;
Ozbudak et al., 2002perhaps a combination of these factors is at Rdapardless, tight
regulation of these essential pathassgsciated with Hypervariable genest required in fully
developed adults, allowing for a wider range of expression values within the human population,

resulting in high expression variability.

We propose a model for methylattt@pendent expression variability where the highly
constrained levels of Hwaoiable gene expression reqgares to be nemethylated We
speculate that the lack of methylation allows transcriptional rethdategsire non-methylated
DNA for binding are able tdightly regulategene expressipmesulting in low expression

variability

4.3:Effects of Aging on EV

One key factor to consider when examining expression variability in a population is the
differences between the individuals. In addition to environmental and intrinsic factors, high

variability can arise from specific hmelividual differences, inclugin t he per sonsd se€

While previous studies have shown clear evidence regardpeggmneurophysiological
gene differences including brain structure and neuroch€@asitly 2006; Cosgrove et al., 2007;
Jazin and Cahill, 20.Lle is known about the sgpecific differences in expression variability.
Despite thavidespread sexually dimorphic gene expression found in both humans ard mice, w
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did not observe any substantialdgspendendifferenceassociated withlobalHypewariability.

While significant differences in gene expression between males and fentedes peeviously
identifiedthese differentially expressed genes did not exhibit differential variadifitgjority

of sexdependent gendbat were detected through the gerse multiple linear regression
analysisT@able 8 are located on the-&hromosomeDespite the lack of Y chromosomes in
females, the nerero expression in these samples can be attributed to background intensity
during the microarray scanning. Alternatively, thds&ed genes may be located in X
transposed or degenerativgaars of the chromosome, which exhibit a high homology to the X
chromosome. These homologs may incorrectly hybridize tditkedlgene probes during the
microarray procegdohansson et al., 20I8)e genes located oretX-degenerate region are
mostly associated with housekeeping fundBathtrog, 2013; Lahn and Page, 1997; Skaletsky
et al., 2003n characteristic of Hypovariability rather thardypervariality. Lastly veral ¥

linked genes, includikdM5D andEIF1AY, whose mean expression was significantly larger
than the female background expression levels were removed from the analysis due to their

bimodal distribution.

Another cause of intrand intefindividual differences in cellular morphology and gene
expression is aging. Since Hypovariable genes exhibit low expression variability, their expression
levels are assumed to beiagdependentiowever, an important cdaosion ofthisstudy is that
many Hyperriable genes have -dgpendent expression variability: that is, shggiificantly

expression increases or decreases during natural aging.

In particular, there are three gene clusters whose expression &g éiigipgndent and
correlated with significant neurological diseases. The first gene cluster is enriched for

neuroinflammation and immunological functions in the brain. Inflammatory mechanisms are
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linked to functional and mental impairments and pathogendsilderly, and play a key role
i n neurodegenerative di s @BHENetal, 2016y Eldnekaetal.g Al :
2015) The second gene cluster is functipnaivolved in synaptic dysfunction and
neuroendocrine signalling. The enriched functemadtations in the last gene cluster is

associated with a compensatory neurogenesis mechanism associategl with ag

One main cause of accelerated brain aging and a causal factor of neurodegeneration is
neuroinflammation anchmunosenescen@reduction in immunological functianghe brain
(Lucin and WysSoray, 2009; Streit and Xue, 200® see evidence of downregdl@nmune
responses in the cerebellum, specifically leukoegitated immunity, defense responses to other
organisms, and interfergamma response pathways. Many studies also suggest that aging is
associated with the upregulation of inflammatory resp@isgh et al., 2011yhich is a
pathogenic mechanism implicated in manyetaged diseases, including cardiovascular disease,
Al zhei mer ds di s e ass(WyandaMegdanE 2008onsistenbwitld this idka, s e a
we see an enrichment of acute inflammatepomnse in the cerebellum gold cludtermal
aging is commonly accompanied lopranic,low-gradei nf | ammati on <cal |l ed
This systemiéncrease imflammabry factorsoccursin both the immune and central nervous
systemand is a major caittutor of mortality and morbidity in the eld¢by Benedetto et al.,

2017; Fagiolo et 21992, 1993)

Another mechanism that has been implicated witelaged diseasessosynaptopathy
whereby disruptions in synaptic structure and function are major causes of brain disorders. The
concept obynaptopathiess brain diseases is a fairly recent concept, but has been looked at as a
potential mechanism of many common neurological diseases] udi ng Al zhei me

Huntingtonds di sease, Par ki(Brosmehad, 2010, Lepetazes e , S
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al., 2016)n addition toincreaseéhflammatory responses, synaptopathy is also associated with
changes in neuroendocrine signalzgurua and Eaton, 2015; Hebert et al., 2001; Levy et al.,
2002) We see a downregulation of ion transport andgyaagtic signaling in the frontal cortex,

which are key components of neurotransmission and membrane excitability, and whose

downregulation likely causes deficiencies in these complex processes.

Furthemore, we see an upregulation of genes associated with glial cell differentiation in the
frontal cortex across multiple gene clusters. Initially thought of as cells that merely support
neurons, emerging research shows that nestmtytenicroglia intergions are crucial for the
functional organization of the bréerbai et al., 2012strocytes, a type of glial cell, are the
most abundant cell in the brain g a role in many processes including maintaining osmotic
and ionic balance for neurons, recycling of neurotransmitters, and metabolite hqBefistasis
et al., 2010; Kimelberg, 2005; Kimelberg and Nedergaard, 2010; Sajja eBaith 281®)cyte
and digodendrocytesnothertype of glial cell, have been shown to shift regional expression
patterns upon aging, and are better predictors of biological age than-sgeciicagenes
(Soreq et al., 201YYhile astrocytes confer a neuroprotective effect with the neuronal synapses
they associate wittihey can also display a neurotoxic effect. This effect is dependent on the
environmental enrichment of cytokines present within the brain and can be exasperated by
chronic neuroinflammatiomflammagingn particulahas been shown to transform gliakcell
towards a highly piioflammatory state, resulting in a loss of neuroprotective function, neuronal
dysfunction, andventually cognitive impairments and neurodegendBitiBaenedetto et al.,

2017; Singhal et al., 2014)

Another potential mechanism for synaptic dysfunction and neuroendocrine signalling

disruption is the cellular and molecular changes and injury medhanigotsiafter traumatic
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brain injury (TBI)TBI is a complex, and progressive condition that toosig primary injury
mechanism, often due to direct impact, as well as a secondary molecular cascade injury mechanisn
(Sajja et al., 2016) both experimental and clinical settings, the synaptic structures have been
shown to be highly vulnerable to damage due to direct or indimeagssion attack following

TBI (Logue et al., 2016; Wen et al., 2017; Zhang et al.,VZbild)the exact mechanism is
unknown, it is clear that te#ects ofglial dysfunction due to TBI affects synaptic plasticity and
neuroendocrine signalling, resulting in memorydosk et al., 2015; Gundersen et al., 2015;
Walker and Tesco, 2018¢uroinflammatiofHsieh and Yang, 2018hdneuronal impairment

(D6AmMbrosio et al ., 1999; Pietrobon and Mostk

Without examining the mechanistic role of individuals genes, it is difficult to determine if
changes in gene expressieither upregulation or downregulaticesult in repression or
activation of their associated pathways. For example, we see an upregulation in reurogenesis
associated genes during aging in both the cerebellum and the frontBlesmitexhe common
theory that neurodegeneration is a ulbgsieffect of normal brain agiag emerging concept
in neuroscience is that homeostatic plasticity of neurons is maintained through local adjustments
of neural activitie@Braegelmann et al., 201This overexpression of genesy@urogenesis
pathways whose function is known to decline over time may be a compensatory mechanism for
an inefficient, agirgystem. Within the cerebellum, a decline in neuronal function that occurs with
aging may cause an upregulation of genes associated with neurogenesis pathways. In addition tc
mitigating neuronal dysfunction, localized increases in neurogenesis magchie iredponse
to cerebral diseases or acute injuries ferepalf(Galvan and Jin, 200These acute injuries
include injuries resulting in TBIhereby the severity of the injury is correlated wittased
levels of neural stem cells and neurogefWsisg et al., 2016)aken all these factors in

consideration, we can infer thageregulated synaptic dysftioc and disruptions of
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neuroendocrine signallisgargelgaused by cumulative damtagihe brain tissudaroughout

a persond i fe.

One confounding variable associatedautthypothesis afompensatory neurogenésis
the neurogenesitepression hypothesis. This hypothesis posits that neurogenesis is negatively
regulated by stressful experiences and positively regulated by treatment with antidepressant drugs,
and that the rate of neurogenesis plays a key role iratmetteof depressid¢iianson et al.,
2011)Previous stlies of neurogenesis research has showhtbaitccantidepressant usage
result in an increase in neuroger(®adberg et al., 2000; Petrik et al., 2@1l@pesting that

psychophariaceuticals can alter neurochemistry and mimic compensatgingmesponses.

Overall Hypervariabilitys significantly correlated with aging, and play an important role in
neuroinflammation, synaptopathy, and neurogenesis in thénbpamicular the increasen
low-grade chronic inflammation, known as inflammaging, coupled with a greaksdaged
deterioration of the immune system leads to a shift of glial cellsnitapnanatory states and a
deficiency imeurotransmission and membrane excitability. Thesependent expression
changes in Hypervariable geoasld reflect a loss of regulatory controh oesponse to a

deteriorating or inefficient biological pathway.

Conclusion

In summary, our work st that gene expression variability in the human population is
likely to be important ifissuedevelopmenand identitymethylation, and matural biological
aging. As such, the EV of a gene is an important functional characteristic of the gene itself.

Therefore, the classification of a gene as one with Hypervariability or Hypovariability in a human
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population or in a specific tissue should be useful in the identification of important genes that

functionally regulate development or disease.
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Appendices

Supplementary Figurel. Structural analysis of gees as a function of EV
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Largest Transcript Size Linear Regression Analysis

Estimate  Std. Error t value Pr(>|t|)

Breast Intercept 7.94e+01 1.52e+01 5.22e+00 2.08e-07

Breast Hypovariable -8.24e+00 2.21e+01 -3.73e-01 7.09e-01

Breast Hypervariable 1.36e+01 1.58e+01 8.60e-01 3.90e-01
Cerebellum Intercept 1.15e+02 1.43e+01 8.04e+00 1.77e-15
Cerebellum Hypovariable -5.07e+01 2.21e+01 -2.30e+00 2.17e-02
Cerebellum Hypervariable -2.43e+01 1.49e+01 -1.63e+00 1.03e-01
Frontal Cortex Intercept 8.03e+01 1.31e+01 6.15e+00 9.96e-10
Frontal Cortex Hypovariable -9.89e+00 1.76e+01 -5.63e-01 5.73e-01
Frontal Cortex Hypervariable 6.38e+00 1.36e+01 4.68e-01 6.40e-01
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Smallest Transcript Size Linear Regression Analysis

Estimate  Std. Error t value Pr(>|t|)

Breast Intercept 5.98e+01 8.94e+00 6.69e+00 3.14e-11

Breast Hypovariable -4.67e+00 1.30e+01 -3.60e-01 7.19e-01

Breast Hypervariable 1.11e+00 9.31e+00 1.19e-01 9.05e-01
Cerebellum Intercept 7.85e+01 9.66e+00 8.13e+00 8.25e-16
Cerebellum Hypovariable -2.93e+01 1.49e+01 -1.96e+00 5.00e-02
Cerebellum Hypervariable -1.54e+01 1.01e+01 -1.53e+00 1.25e-01
Frontal Cortex Intercept 5.85e+01 9.56e+00 6.12e+00 1.20e-09
Frontal Cortex Hypovariable -5.52e+00 1.29e+01 -4.29e-01 6.68e-01
Frontal Cortex Hypervariable 2.97e+00 9.99e+00 2.98e-01 7.66e-01
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Number of Transcripts Linear Regression Analysis

Estimate  Std. Error t value Pr(>|t|)

Breast Intercept 1.84e+01 1.59e+00 1.15e+01 2.62e-30

Breast Hypovariable 5.28e+00 2.44e+00 2.16e+00 3.07e-02

Breast Hypervariable 3.72e+00 1.65e+00 2.25e+00 2.48e-02
Cerebellum Intercept 2.38e+01 1.55e+00 1.54e+01 6.27e-52
Cerebellum Hypovariable -9.10e-01 2.49e+00 -3.65e-01 7.15e-01
Cerebellum Hypervariable -2.55e+00 1.60e+00 -1.59e+00 1.11e-01
Frontal Cortex Intercept 2.24e+01 1.51e+00 1.48e+01 1.43e-48
Frontal Cortex Hypovariable 1.87e+00 2.23e+00 8.40e-01 4.01e-01
Frontal Cortex Hypervariable -8.51e-01 1.57e+00 -5.42e-01 5.88e-01
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Sequence Length Linear Regression Analysis

Estimate  Std. Error t value Pr(>|t|)

Breast Intercept 1.78e+03 6.94e+01 2.56e+01 7.24e-139

Breast Hypovariable -8.73e+01 1.18e+02 -7.37e-01 4.61e-01

Breast Hypervariable -1.24e+02 7.20e+01 -1.72e+00 8.50e-02
Cerebellum Intercept 1.51e+03 7.80e+01 1.93e+01 3.37e-81
Cerebellum Hypovariable 2.26e+02 1.36e+02 1.67e+00 9.52e-02
Cerebellum Hypervariable 1.72e+02 8.03e+01 2.15e+00 3.19e-02
Frontal Cortex Intercept 1.51e+03 7.35e+01 2.06e+01 1.57e-91
Frontal Cortex Hypovariable 1.50e+02 1.13e+02 1.33e+00 1.83e-01
Frontal Cortex Hypervariable 1.56e+02 7.60e+01 2.05e+00 4.05e-02
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