UNIVERSITY OF

BATH

University of Bath

PHD

Networks and the evolution of complex phenotypes in mammalian systems.

Monzo6n Sandoval, Jimena

Award date:
2016

Awarding institution:
University of Bath

Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

» Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
* You may not further distribute the material or use it for any profit-making activity or commercial gain
« You may freely distribute the URL identifying the publication in the public portal ?

Take down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Download date: 13. May. 2019



Networks and the evolution of complex phenotypes in
mammalian systems.

Jimena Monzon Sandoval

A thesis submitted for the degree of Doctor of Philosophy

University of Bath

Department of Biology and Biochemistry

October 2015

COPYRIGHT

Attention is drawn to the fact that copyright of this thesis rests with the author. A copy of this thesis
has been supplied on condition that anyone who consults it is understood to recognise that its
copyright rests with the author and that they must not copy it or use material from it except as

permitted by law or with the consent of the author.

This thesis may be made available for consultation within the University Library and may be
photocopied or lent to other libraries for the purposes of consultation.

Jimena Monzén Sandoval



Table of Contents

TABLE OF CONTENTS ...ciiiiiiiitttiiinttiiisisteensssissessessssassesssssasssssasssssssssnsssssssssssesssssessessansessssssssssssssssasss 1
ACKNOWLEDGIMENTS ....couvueimiiinneiiiinteniisstesiisssnessssssessssssssessssssssesssssssessssssssesssssssssssssssesssssssnessses v
CONTRIBUTIONS .....cceeiiiiinniiieiientiiisseatesssssessessssse s sesssssssssssssssssssssssssssssnsssessssnssssessssssesssssessssssssessans \"
LSy I o Vi
LIST OF ABBREVIATIONS ......uuetiiiiieriiiiieniiiiieeeiiistesssssssesssssssssssssssessssssssess sessssssssssssessssssnsessssses Vil
INTRODUCTION......ciiiiitetiiiiieetieisnaesiessssess st e essssse e ssssasse s s sessse e sssssss e ssssasne e essssssnsssesssensssssntenssssannens 1
FUNCTIONAL CORRELATES OF TRANSCRIPTOME SIGNATURES ......veuteuteeutessesteeseaseessessseesuessseessesssesssneseesseenne 1
Current transcriptional profiling GPPIOACRES ..........c..eeecuveeecieeeeiieecieseeiescceeecteeece e steeesseessea e 2
DIFFERENTIAL GENE EXPRESSION AND FUNCTIONAL RELEVANCE IN THE NERVOUS SYSTEM ... .3
Detection of differentially eXpreSSed GENES..........ccuuueeeiiueeeeeeieeiieeeeiiieeeeiieeeeeseiereeessssesesesissaeaaans 4
GENE COEXPRESSION AND FUNCTIONAL RELEVANCE ....c.uvteteeuteieanueesueesuteseesseesstessesseeessessssesueeseasssennsesnsesnsens
Quantifying gene coexpression ....................
Gene coexpression network construction
Biological properties of gene COexpresSion NEtWOIKS..........cceccveeecieeeeeiesiieeeieessiieesiseesssssaieaens

From gene coexpression networks to regulatory networks....
DIFFERENTIAL COEXPRESSION AND FUNCTIONAL IMPORTANCE
FUNCTIONAL IMPORTANCE OF GENE FAMILY SIZE VARIATIONS
STRUCTURE OF THE THESIS

T ageTe [V o o R (e X O 1o o =1 G F RSN

INErOAUCTION TO CAGPLEE 2. ..ot eee e e e et e e ettt e e e ettt e e e et ae e e stsaaeeasesaeeeasssaeans 14
Introduction to Chapter 3. ...... .. 15
INErOAUCTION TO CAGPLEE . ..ottt e e et e ettt e e e ettt e e e e tsae e e stsaaeeasssaeeeasssaeean 16

CHAPTER 1. MODULAR REORGANIZATION OF THE GLOBAL GENE REGULATORY NETWORK

ARCHITECTURE DURING PERINATAL HUMAN BRAIN DEVELOPMENT.. ......cccctutmmmmmmnnnnsssssssssssnnnnnnnns 18
AABSTRACT .euuereeirttirae ettt eabr e e ettt e e st et sabt e et s e e abae s aa e e shbbe st e e e bbb e e b b e e s b s e e be e e b et eabbee st e eab b e e s be s sh b e e s nbeens 19
INTRODUCTION ...ttt st eueeeuteeuteeuteeaeeeseeeseaseeeebeeseeaeseenseenseenbeans e e st e enseeabees b sabeemeeeabeeneeseesseeeeenbeeseean 20
IMIETHODS .. vteuttentteatee sttt st st st st et e et e e se e e e e e et e e e emt e es b e en b e ease e st eas s e s eeemee s aeeesbesabeean e s e e saneeaeeenneeneean 22

L (o Ta =X (o] o [ | 1 [ 22
Expression profile CluUStering QNQIYSIS .........cccueeeueeeieeeeiieesieeeiteeeitieessta e e st eeseeestesesssaeesseassseeeas 22
Coexpression NEtWork ClUStEring ANQIYSIS .........c..ueeceeecueeeeieeeieeeeciieeeeeeeeeeeece e et aesaeesseasssae e 22
Differential COEXPreSSioNn ANAIYSIS ..........ccueeceeeeueeeiieeiiessteeesteeecttessvtaesaseeesaeesseasssseesssesessesenns 23
Gene Ontology enrichmMENTt ANGIYSIS .........cccccvveeeeeieieeeeieeeeeceeeeeeete e e e eae e e e sia e e e essseeaeeeasssaeeas 23
Programming and StAtiStiCOl SOftWAIE ............eeeeeeivveeeeeiiieeeeeiieeeeeestveeeeeeitae e e esieseeeessaeeseeessseaees 24
RESULTS . ¢ttt ettt sttt ettt e a e st e e e et e et e e be et e eabeeu bt eb et en bt aaseeabeeab e e eh e e Rt e e Rt e bt ehbeehe e et e st e eaeesare et s 24
DISCUSSION .. uttentte et euteeueeeuteeute e ee et e eate et e e seeeseeeseeanbeeabeenseen b e e saeenseeeebeeabesaeesabeesbesateeaee et e enteenbesaseeeean 28
CONCLUSION ..ttt ettt euteeuteeute e et esteeabeesseeseesaee st sabesaee et e eaeeeaeeeseeaeeeeeameeanseenbeenseanbeanseanseeebeesabenneesasens 31
FIGURES ...ttt ettt et et a e s et e s ab b e sa b e e s b et e s ab e st e et e e sbe e e sbaeesbbeeas 32

AABSTRACT .vvveeeeeuteeeeesasueeeeeesuuseeasesuaeeeeeataseesaasssaeesaassseeesaaasssesseasssseesanssneassnsseneesenssseessnsnsseeessnnsnsenssnnsen

INTRODUCTION 1. tttteeeeuttteeeeuuueeeesaeeeeeessssaeseessneeeeasasseeaeesssssaeesssssseesssssseneesnssssnesesasssesessanseeesssnseseesssnne

MATERIALS AND METHODS ...
GENE EXPIreSSION DALA......cccoceeiiieeiea ettt te e e e e et e e ettt ae s aae e e e s e s s s s s essaststasaaaaaaaaeeanas
GENE ONLOIOGY ANNOTALIONS ...cccevveeeeeieeeeeeeeeeeeeeae e e ettt e e et eeeeessaeeeeessaeaesstseaessssssaeeeasssaeens 43




Co-Expression and CIUSLEriNG ANGIYSES .........eeecueeeeeeeseiieecieeeieeeteeste e ettt sese e staeassstaesseeassseeens 43

FUunctional ENFICAMENt ANGIYSIS......coocueeeeeeeeeeeeeeeee e et eettee e e e ettate e e e etae e e estaaaeesssasaeeeasssanens 44

Cell Cultures...........ccooceeevenncnnee.

Microarray Profiling
RESULTS 1 tuttetteutestestesteeueesteseesuesaeensantasseeeeeseesseneeeseeseeneeseeseeasesseanseesesaeeneensensenseeseensentensesaeseanseneeseenssnnes

Highly Correlated Expression of Immune System Genes in the Nervous System

Highly Correlated Expression is not a General Feature of Inmune System-Related Genes in Non-

INEIVOUS TISSUES ..o eeeeeeeeeeeeeett et e e ee e e e e e ee e e e ettt e e e seaaeaaeesaesaesasssaaaaaaassaaaaessssssnsssssnnsnasaasaeas 46
Immune System-Related Genes Display a High Regulatory Clustering in the Developing and
AGUIT NEIVOUS SYSEOIM ..ceevieeeeeeieeeeee e ettt ee e e ttate e e e te e e et e e e s e sssaeeeasssaessesassssaessasseseans 47

Coordinated Activation of Large Numbers of Immune System Genes in Primary Cultured Neurons

CHAPTER 3. DISSECTING YAP1 FUNCTION THROUGH COEXPRESSION ANALYSIS IN THE HUMAN

BRAIN. ..oiiiiiiiiiiiiinenenettieteiieeeessssnnssasstessessssssssssnssasssssssssssssssnsssnsessssssssssssssnnsensssssssessssssssnnnsasssssessssss 59
AABSTRACT vveeeeuiueetenaastreeeesuuteeesesusneeessasaseessssssteeesansbeeesaasssaessasssseessnssesessanssseesssssssessnsnsseeessnnsesenssnnen 60
INTRODUCTION. e ttttutetestteenstresssseesussessueeessssesasseesssesansseesnsaeensseessseesssseessessssessnsssessssesnsseesnsseessssesssseens 61
IMIETHODS ..vttteeeittteeestiite e e ettt e es sttt ee s s sbtbee e e suatbeee s aabeeeeseassbaeeseassbeeesasnbeeeessassbeesesussbaeesnnneeeassaseneesnssnne 63

Human brain gene exXpreSSion AQtQ..............ccueeeueeesveeeirieeiiieeeiiesitsessteesisteessseesssseaseesssssssseaeas 63
COBXPIESSION NEEWOIKS ..c.c..veveeeeriieeeeeeeeeetseeeeetteeeeetatee e eetesaesaassaeessaassaeaeessesasesasssssaseasssaeeas 64
Similarity between yapl COEXPresSion ProfileS..........ccieieeeeiveeeecireieeeeiiieeeeeiieeeeeeiseeeeesisseaesinns 64
Functional @nriCRMENt QNGIYSES ........c..vueeeeeeeeeeeeeeeee et eete e e et ee e e eae e e et e aeeesssasaeeeassaeeeas 65
Yap1 knockdown in human spheroids tranSCriptoOmMe...............cccveeeeeecvveeeeesiiireeeeiieessesiieeeesesisens 65
Differential expression analysis of yap1 knockdown in human spheroids.............c.ccceeeeveecunenn. 65
Overrepresentation of YAP1 known interactions and DE GENEes.............cccveeeeecviveeeciveeeeeesivvennnn, 66
RESULTS e eutttetteeeeuteeeteeestte e suae s e uaeeeueeeeseeeassaesasseeasseeensaesaaeaeassaeeasseeesesessseeensaeanssaesaneeeansaeanseeansenennssanan 66
DISCUSSION ... utteevteeaseesestteessaeessseensseessseeessssesssseessseassssessnsesenssnesssessnssssssessnseessnssessnseensseessseeessseensssess 71
CONCLUSIONS 1.ttt e etteesutieeseteeenaseesaueeestsessssessssseansssesaseeenssaesssseessssesssesssssssnssessnssesnssessssessnssessnseessssesnnns 74
TABLES +.vtveetteeereeetaeesteeesuseeaseesenseeesseaesssaansae e seeassaeeanseeessaeeaste e et e e e s teeeateeansaaeeneeeantaeenreeenrteeennreean 76
FIGURES ...ttt stee e ettee ettt stt e et st st e et e e sab b e st e e st e e e s be e e ae e e eu bt e e nsbe e s ateaesabeeeabaeenstaesaaeeenssaesbeeesbeaannsseenn 78

CHAPTER 4. THE EVOLUTION OF LONGER LIFESPAN IS ASSOCIATED WITH SIZE VARIATIONS IN
GENE FAMILIES RELATED TO IMMUNE SYSTEM FUNCTION ........uuuiiiiiiiiiiiiinennieeeesinsscssssenssnnaeees 85

AABSTRACT ..evveeuveeureesseessessseesseessaesssesseasseesseesseesssaasseaseasssasseesseasssansessssanssssssesssenseesssessessssesssesseesssesnsens
INTRODUCTION ... eeuttetteeureeueeanteesseesteesseessesaseassseasasssseassanseasssanssssssaassasssesssesssesasesnsesnsesssssnsesssensesnsesssenn
METHODS
Gene family size annotations
Maximum lifespan, encephalization index and neocortex to brain ratio ............c.cccccvvvveeeevneen... 88
LoNGeVity related GeNEs............cccuueeeeciveeeeeeiieeeeeeeiiieeeeeieaeeeiieeaeeessseeeens
Correlation coefficients of gene family size and phenotypes
Phylogenetically cONtrolled regreSSion .............u.ucceeeeeciieeeeecieeeeeesieeeeeeesitaeeessieaeeeesseesseeessseeeens
Gene ONntology enrichMeNt ANAIYSES ..........ccccueeeeeeeeeeeecieeeeeecteeece e s see et eeese e e etaessaeesseassseeens
RESULTS . cutteutteutteseeesteestsesteesstessseessesnseaseesssaeseeessaesseesseesseasseesseasseanseassse s aensaessensaessbesssesseessnesseesnsennesan
DISCUSSION . tttettvttutuiesseeeeeeeteeetetuessessaaeaaaesaeeeaeeeeesasssressnsasssssssesesseeesseesssssssssnssssssseneesseresssessssssnsnnnnnns
CONCLUSION ..uveeuveeeveeuseeeseesseeseesseasseesssessaesssesssesssesssessessssessessnsessssessesssesssssssessssensesnssenssessesssseseesssenss
ACKNOWLEDGMENTS ..vvuveeuteesteeseesseesseesssesssessessssesssessssssssessesssessssessessssessessssesssssssesssessesseessssssessssesseen
AUTHOR CONTRIBUTIONS «vuvteuuteteesutesseesssesseeseeeseesessssesssessessseasssensesssseassssssessseassssssessssssesssssssssssesssenn
TABLES +vvveeuveeuseeusessseessessseasseeseesseasseesseessesssessssassesassessssesssesseassesnsessssesesnssesssenssesssessesssessessseesnsesssens




FIGURES ..ttt ettt ettt ettt ettt e e ee e e e s e eaa bt et teeeeeeeea e eaaaaab bttt teeeeeeaae e e anbatbebeeeeeeeeeeeaneannnnnnraeaes 99

GENERAL DISCUSSION
EVIDENCE OF INTENSE REGULATORY REORGANIZATION OCCURRING IN THIS TRANSITION FROM PRENATAL TO POSTNATAL
BRAIN DEVELOPIMENT .utiiiiiiiiiiiiiinii sttt sttt e e it s et s e sea e et e et e st s et e an s e s s s sassanssassanssnssansansansansannns 102
COORDINATED PATTERN OF EXPRESSION OF THE IMMUNE SYSTEM-RELATED GENES IN THE CONTEXT OF THE
DEVELOPING AND ADULT HUMAN BRAIN. «1uiuiitiiiiiiiiiiii e sa s e s s sa s s sa s e san s saasananes 105
YAP1 FUNCTION INDICATED BY ITS COEXPRESSED GENES IN DIFFERENT BRAIN DEVELOPMENTAL STAGES................. 108
GFS VARIATION AS PART OF THE UNDERLYING GENOMIC CHANGES ASSOCIATED TO LIFESPAN. ....cceeeiraniiiieineeenees 110
GENERAL CONCLUSIONS ......ccoiiiiiiiiinentiiitiiiniiisssesiaiieeisssssssssssssiassesnssssssssssssssssessesssssssssssssassans 112
REFERENCES .......uuuiiiiiiitiiniiiitiniinessinsssaesssssssissssassssssssssssssssssssssssssssssssssasassssnsssssssansesssssansssssen 113
APPENDICES .......cottiiiiuiiininnneiiitiesiiistesssssssesssssses s ssesssessasessssssnesssssssnsssssssssasssansasssssanassssnans 124



Acknowledgments

First, I would like to particularly thank both Dr Araxi Urrutia and Dr Humberto
Gutiérrez for the opportunity they give me to pursue a doctoral degree under their
supervision, many thanks for the patience, guidance support and knowledge given to

me during these years.

All my gratitude to Atahualpa Castillo Morales, friend, partner, colleague, confident

and precious life companion who has shared with me, until now, a third of a life.

To all family members, many thanks, especially to my parents Maria Guadalupe
Patricia Sandoval Lopez and Miguel Salvador Monzon Bonilla, who always have trust

me and encourage me to be who I am, and to whom I am most grateful.

I would also like express my endless gratefulness to my dear friends who have always
inspire me and remained close to me however the distance, many thanks Mariana

Reyes, Alejandra Zayas, Carlos Vargas, Rodrigo Garcia and Leonardo Collado.

I am also very grateful to all past and present lab comrades, Jaime Tovar, Steve Bush,
Nina Ockendon, Wei Wang, Atahualpa Castillo, Alin Acufa, Katy Mahler, Abdul Al-
Zadjali and Bing Xia, together with dear friends at the Biology and Biochemistry
department Dafina Angelova, Jennifer McDowald, Sergio Ancona, Cristina Carmona
and everyone with whom I have shared ideas, jokes, complains, short trips, cake,
sweets and drinks every now and then. My life in Bath would not have been the same

without all of you.

Finally, the work presented here would have not been possible without the economic
support of the Mexican National Council of Science and Technology (CONACyT), I
acknowledge the funding that allow me to take part in this irreplaceable experience of

studying a degree outside Mexico.

Gracias (Thanks).



Contributions

All the results and analysis presented in this thesis has been carried out by myself under
the advice and support of my supervisors Dr Urrutia and Dr Gutiérrez except for the

following contributions:

Chapter 1. Atahualpa Castillo organized GO enrichment analysis presentation results.

Chapter 2. Cell culture and microarray profiling experiments were performed by Sean
Crampton, Laura McKelvey and Aoife Nolan under the supervision of Gerard
O’Keeffe. Atahualpa Castillo normalized microarray expression of the aforementioned

experiments.

Chapter 3. Human spheroid cultures and yap! knock down experiments were
performed by Ruqyaiya Al Jabri, Tatsuo Miyamoto, Takeshi Senga and Makoto
Furutani-Seiki. Atahualpa Castillo contributed to the analysis of RNA-seq data for
yapl KD.

Chapter 4. Partial correlations and PIC analysis were performed by Atahualpa Castillo.



Abstract

Through a combination of multivariate and gene coexpression analysis of human brain
transcriptome we provide evidence of an acute modular reorganization of the
regulatory architecture of the brain transcriptome occurring at birth, reflecting the
reassembly of new functional associations required for the normal transition from
prenatal to postnatal development. Next, we showed a highly significant correlated
expression and transcriptional clustering among immune-related genes in the
developing and adult brain, which is not a common feature in other non-neural tissues,
along with experimental evidence in which dissociated neurons were stimulated with
TNF-alpha resulting in differentially expressed genes overrepresented in immune-
related function, strongly suggesting a wide and coherent recruitment of entire immune
related regulatory gene clusters by the nervous system. Then, we showed a marked
difference in the gene sets coexpressed to the transcriptional co-activator yap!/ in the
human brain between prenatal and postnatal developmental stages, each group of
coexpressed genes displayed a significant enrichment of a series of quite different sets
of functions, cellular localization and regulators, in agreement with the expected
proliferative differences contrasting both developmental periods. We were able to
identify changes in the close functional associates of yap/ during this important

developmental transition and potentially unveil novel roles in other functions.

Finally, through a comparative genomic analysis in mammalian species, we show
parallel changes in gene family size and maximum lifespan that are not secondary to
known correlates of lifespan, nor completely explained by phylogenetic effects. These
changes preferentially occur in gene families associated to immune and defence
response and remarkably to previously known gene variants associated to longevity in
human populations, suggesting that underlying genetic adaptations of longevity and
defence response mechanisms were in part brought about by changes in the number of

gene copies within selected gene families.
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Introduction

Functional correlates of transcriptome signatures

Transcriptome profiling can be analogous to taking a snapshot of the genome’s
dynamical behaviour at certain time and place. One of the aims of transcriptome
analysis is to identify functional variations in the transcriptome in order to better
understand the phenotypic differences between tissues, species, cells, individuals,

developmental phases and disease states.

From the evolutionary point of view, an interesting observation is that conservation of
expression patterns across species suggests selective pressure to maintain the
transcriptional profile of individual tissues. Thus, for instance Brawand and colleagues
analysed six different tissues (brain, cerebellum, heart, kidney, liver and testis) across
9 mammalian species and found conserved gene expression between tissues across
species (Brawand et al 2011). This finding is consistent with other studies (Chan et al
2009, Dowell 2011, Merkin et al 2012, Shen et al 2015) also showing that the
expression profile of a particular tissue is more similar to the same tissue in other
species than to other tissue of the same species. A particularly remarkable finding of
these studies is that nervous tissues display the most highly conserved expression
pattern across species as compared to the remaining tissues, being testis transcriptome

the tissue with the lowest degree of conservation.

At the cellular level, a recent work based on the analysis of the transcriptomes of 466
neural cells, managed to differentiate cellular populations in the human brain, without
relaying in specific markers (Darmanis et al 2015). Interestingly, they also found that
neurons have the largest number of expressed genes, when compared to the rest of cell
types analysed (microglia, astrocytes, endothelial cells, oligodendrocytes and its
precursor cells), and even managed to further identify seven distinct subpopulations of
neurons demonstrating the power of single cell transcriptomics to increase our

knowledge of the human brain at the cellular level.



The human body is composed of hundreds of different cell types (Hedges et al 2004).
Each of them contains virtually the same genome but exhibit a particular set of
specialized functions and morphologies. These phenotypic variations between tissues
can only be explained by the specific segments of the genome being transcribed, i.e.
their unique transcriptome (Mele et al 2015). One of the main divisions of the
transcriptional profiles Mele et al. analysed was between solid and fluid tissues.
Interestingly this study found that more than half of the total transcriptional output for
the blood correspond to only three coding genes while other tissues such as kidney,
heart, brain, colon and adrenal gland over a quarter of the total transcriptional output
is given by just a few mitochondrion genes. In addition, when they compared the
variation of different tissues across individuals of the same species (Homo sapiens), as
expected from the conserved pattern of tissue specific patterns of expression between
species (Brawand et al 2011, Chan et al 2009, Dowell 2011, Merkin et al 2012, Shen
et al 2015), they found that most of the variation in the transcriptome is given by the
diversity of tissues more than the differences between individuals. However, among
the genes that exhibit most of the variation between individuals they found some

disease candidate genes associated to the age, sex and ethnicity.

Together, these studies illustrate the diversity of transcriptional profiles at different
levels (cell, cell subpopulation, cell population, tissues, individuals and species) and

functional relevance at each of these levels in both normal and disease states.

Current transcriptional profiling approaches

The most widely used technologies to estimate the transcriptome are microarrays and

RNA sequencing (RNA-seq).

Microarrays are tools that allows us to determine which genes are being transcribed at
a certain point. Usually consist of a rectangular glass, silicon or plastic surface no
larger than a few centimetres long where tiny ordered wells contain unique ~25
nucleotide sequences or probes bound to its surface, each capable of targeting by
hybridization an individual transcript. Purified mRNA derived from a given biological
sample can then be converted to complementary DNA (cDNA) and labelled with

appropriate fluorophores. After hybridization with the microarray, it can then be



scanned and the relative expression of each gene can be estimated as the fluorescent

intensity of the bound cDNA.

For RNA-seq on the other hand, fragmented purified mRNA is converted to cDNAs
and sequenced in parallel. Typically, the order of the bases in determined by changes
in light. The obtained reads are aligned to a reference genome to obtain the relative
expression of a gene given as the number of reads that aligned to a particular region in

the chromosomes (i.e. start to end of a known gene).

Microarrays were widely used during the first decade of this century, but RNA-seq
technology has become more favoured as it provides a more accurate measurement of
gene expression. One limitation of microarrays derives from the fact that transcript
levels can only be measured from known genomic sequence information, sequences
that are not printed in the microarray cannot be detected. In this sense RNA-seq
permits to identify new transcripts, in addition, reads can be realigned once an updated
(more complete or accurate) version of the genome has been generated. Moreover,
RNA-seq can detect both coding and non-coding mRNAs. Another advantage of RNA-
seq over microarray analysis is that reads can be filtered to keep only those that
matched a unique location in the genome while in microarray analysis this is more
difficult due to cross hybridization events. A common bias generated in RNA-seq data
comes from the fact that a larger number of reads will map longer genes. However
current normalization methods effectively correct for such biases. Additionally,
alternative splicing events can be detected using RNA-seq if a deep enough sequencing
has been performed. At the moment, there is a massive and growing collection of
publicly available gene expression datasets generated by both microarray and RNA-

seq platforms.

Differential gene expression and functional relevance in the nervous
system

In addition to obtaining a complete gene expression profile, one of the main objectives
of microarray analysis and RNA-seq technology is to identify genes that are expressed

differently between biologically relevant samples. Because this approach typically



involves the screening of large numbers of genes, multiple testing corrections are

needed to properly assess statistical significance in the observed changes.

In studies of the nervous system, most expression analyses have been done in the
context of disease, comparing control versus affected individuals with the aim of
obtaining prognostic or diagnostic gene signatures that could facilitate subsequent
classification into risk groups. Differential expression analysis has been also helpful
in understanding temporal and spatial differences between sexes, as well as between
developmental periods or structures in the human brain (Berchtold et al 2008, Johnson

et al 2009, Kang et al 2011, Lambert et al 2011, Oldham et al 2008).

For example, studies based on the transcriptional profiling of hypothalamus,
hippocampus and frontal cortex in the developing rat showed that more than 95% of
the expressed genes showed significant differences in their expression levels across
development while more than 85% show significant differences in expression between
regions (Stead et al 2006). Interestingly most of the spatial differences between regions

increase during postnatal brain development.

Studies in human fetal brain showed that there are hundreds of genes differentially
expressed between any two brain regions while there is little difference between the
same regions in different hemispheres (Lambert et al 2011). During fetal development
approximately 76% of genes are expressed and around 33% were differentially
expressed between cortical areas (Johnson et al 2009) while around 86% of the genes
expressed and 90% of them being differentially expressed either between regions or
developmental ages (Kang et al 2011). Interestingly, here, most of the detected
differences occur before birth. Together these studies suggest that most dynamic

changes in gene expression in the brain occur during normal development.

Detection of differentially expressed genes

There are several methods to assess differential expression in transcriptome-wide
studies, among them a simple t-test or its non-parametric version (Wilcoxon test) can
be used in previously normalised data. For microarray data more elaborated methods
including linear models of expression or rank products can be also used to detect

differentially expressed genes (Breitling et al 2004, Diboun et al 2006, Ritchie et al

4



2015). For RNA-seq-based differential expression analysis methods are typically
carried out using linear models of microarray analysis (limma), or packages
implemented in R such as edgeR and DESeq (Anders & Huber 2010, Nikolayeva &
Robinson 2014, Robinson et al 2010). There are many other methods/packages to
assess differential gene expression form RNA-seq data, a fine comparison of the
performance to detect differential expressed genes was done by Soneson and Delorenzi

(Soneson & Delorenzi 2013).

Each of the different methods to detect differentially expressed genes will rely in
specific assumptions of how the expression data is distributed, and this distribution
will be influenced by the normalization methods used. It is worth noting on the other
hand that, in order to detect differentially expressed genes, increasing the number of
samples analysed is more important that increasing the sequencing depth, (especially

when depths of over 20 million reads have been reached (Ching et al 2014)).

Gene coexpression and functional relevance

Gene coexpression refers to the coordinated expression of two or more genes across
multiple samples. That is, if a pair of genes is (positively) coexpressed they tend to

simultaneously increase and decrease their expression levels.

The main reason why gene coexpression analysis has been widely used is that it may
reflect a functional association between genes, for example genes coding for
components of the same protein complexes (Liu et al 2009), genes participating in
closely related biological functions such as the mitochondrial respiratory function
(Chen et al 2014), genes involved in the same metabolic pathway (Williams & Bowles
2004) or genes jointly regulated by the same transcription factors (Allocco et al 2004).

Previous studies done in saccharomyces cerevisiae demonstrated that any two genes
displaying a high correlation in expression levels tend to share functional gene
ontology annotations and transcription factors binding sites more often than expected
by chance (Allocco et al 2004). A later study in drosophila melanogaster identified
that only during early development genes with high coexpression patterns tend to share

transcription factor binding sites more often than random gene pairs, and conversely
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that genes with shared transcription factor binding sites showed higher coexpression

than random gene pairs (Marco et al 2009).

Coexpression analysis can also be used in comparative studies. Thus, in a study done
by Oldham et al. comparing the coexpression networks of the human and chimpanzee
brain, they identified highly conserved gene coexpression networks between these
closely related species, and even managed to identify conserved modules of
coexpressed genes associated to specific regions such as cerebellum, cortex and
caudate nucleus. Interestingly coexpression in the cortex was less conserved than the
cerebellum, suggesting specific evolutionary patterns in the coexpression structure of

the nervous system (Oldham et al 2006).

Even in plants such as the grapevine, previously unidentified genes that respond to
heat were detected through a gene coexpression network analysis along with a cluster

of coexpressed genes including several heat shock proteins (Liang et al 2014).

Taken together, these studies reveal a widespread functional signature that can be
detected using gene coexpression networks, which has been proven useful in
identifying gene groups or clusters of correlated genes that may participate in the same

biological processes, molecular complexes, signalling or metabolic pathways.

In interpreting gene coexpression studies we have to bear in mind that gene
coexpression may be a result of one or more reasons such as gene co-localization
within chromosomes, epigenetic regulation, shared transcription factor regulation,
miRNA regulation, cell type variation or even uncorrected batch effects (Gaiteri et al

2014).

Quantifying gene coexpression

There are several ways to measure gene coexpression, one of the most commonly used
is through a simple Pearson correlation of the gene expression levels across a number

of suitably chosen samples.

Spearman correlation can be also used to measure coexpression, but instead of

measuring a linear relation between mRNA levels, it measures the relation between
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the expression levels of a gene pair as a monotonic function of each other. Just like
Pearson coefficients, Spearman coefficients can take values in the range from minus

one to one.

Mutual information has been also used to measure coexpression. The mutual
information refers to how much we can tell about a variable (the expression levels of
a gene) given another variable (the expression levels of another gene). As this approach
has been shown to yield virtually identical results to those obtained using Pearson or
Spearman correlations of both correlation and mutual information analysis (Song et al
2012), and given that the permutation tests associated to the measure of mutual
information are computationally costly, most studies of coexpression have been done

based on correlations.

Other methods to measure coexpression include the use of Euclidean distances
between the expression levels of a gene pair, partial correlations (de la Fuente et al
2004) as well as the use of jack-knife correlations, being the latter is a more robust
estimate of coexpression and less sensitive to outliers than a normal correlation but is

not frequently used due to its computational cost (Heyer et al 1999).

Gene coexpression network construction

For any given number of genes we can obtain a squared symmetric matrix containing
correlation coefficients between every possible gene pair. From this matrix we can
construct either a discrete gene coexpression network once we defined a certain
threshold or keep the matrix as a set of continuous values to construct a weighted gene

coexpression network.

Gene coexpression networks are often represented as graphs where genes are denoted
by nodes and coexpression links between them by edges. As graphs, there are several
characteristic and topological properties that define the graph and its elements, among
them the most common include density, degree, clustering, centrality, shortest path

between nodes and betweenness.



Biological properties of gene coexpression networks

One of the main properties of biological networks, coexpression networks included, is
their singular topology described as scale free, which refers to the degree distribution
of a networks following a power law, in other words, there are just a few highly
connected nodes in the network, while the majority of the nodes have low connectivity
(Barabasi & Oltvai 2004). Scale free networks are more resilient to perturbations

except when a targeted removal of highly connected nodes is performed.

Within a network, highly connected or very central nodes are often called hubs. In
saccharomyces cerevisiae, there seems to be a close connection between centrality and
lethality in the protein-protein interaction network (Jeong et al 2001, Ning et al 2010),
that is, hub proteins are three times more likely to be essential than less connected
proteins. In coexpression networks, this centrality-lethality relationship seems to hold
true, at least in yeast (Carlson et al 2006). Curiously, differentially expressed genes in
depression disorders tend to be located in the periphery of gene coexpression networks
(Gaiteri & Sibille 2011), which could reflect the impairment but not lethality
associated to such diseases. As hinted by the work of Chu et al. differential
connectivity pointed out genes relevant to a disease, in this case they compared cancer
and healthy individuals that would otherwise be missed by differential expression

analysis alone (Chu et al 2011).

Gene function inference can be improved using the shortest path within a biological
network, for example if two non-adjacent genes in a network share a biological
function, the genes located in shortest path are likely to have the same function (Zhou
et al 2002).

Another interesting property of biological network it is their topological overlap (TO),
this measures the number of shared neighbours between a pair of genes (Yip &
Horvath 2007) and has been central to identifying biologically relevant modules or
clusters of genes in the context of weighted gene coexpression network analysis (Eisen
et al 1998, Langfelder & Horvath 2008, Oldham et al 2006). Additionally, TO serves
as a filter to counter the effects of spurious or missing coexpression links between

genes.



Remarkably, the increased dynamic range and accuracy of deep sequencing as
compared with microarray platforms permits a better estimation of network properties,
such as density, connectivity, centralization and heterogeneity (Iancu et al 2012),
another reason to prefer RNA-seq over microarray transcriptome measurements

whenever possible.

From gene coexpression networks to regulatory networks

Unlike gene regulatory networks, gene coexpression networks cannot be directed in
the sense that we measure an association instead of the cause-effect relationship. From
this point of view, multiple alternative gene regulatory relationships can fit within the
same gene coexpression network. Although coexpression networks fail to identify
causal relationships they nevertheless can be effectively sued to narrow down probable

underlying regulatory relations.

For a given coexpression network a set of probable regulatory network can potentially
be inferred. In this regard, efforts to reconstruct a regulatory network based on either
time series, knock down and knock out experiments had been done but are still
computationally and technically costly (Madar et al 2010, Pinna et al 2013, Pinna et al
2010). Interestingly, the predictive performance of these methods decreases for targets

under the control of many regulators but not for regulators controlling several genes.

Differential coexpression and functional importance

Differential coexpression refers to the change of a coordinated pattern of expression
of a set of genes between two or more conditions. It is worth mentioning again that
changes in coexpression patterns of gene groups can happen without changes in the

overall expression levels of individual genes.

These changes could consist of a switch from a coordinated pattern of expression in a
gene group to a complete absence of coordinated expression and vice versa, or a
rewiring of an existing coexpression architecture to an alternative one involving the

exact same gences.



Just as coexpression analysis reveals groups of genes participating in a common
process/pathway, differential coexpression analysis reveals restricted conditions under
which groups of genes engage in a common process as they display coordinated

expression in one condition but not the other.

In the context of disease, differential coexpression is often seen as an indication of a
disrupted normal “healthy” network structure (de la Fuente 2010). At the cellular and
physiological level there are many reasons why changes in coexpression may occur.
Some of these variations may reflect different molecular interactions in response to
certain conditions (environmental and/or genetic), variation in the regulation of gene
groups (transcription factors, microRNA, epigenetic changes), normal processes that
occur through development or aging, or as mentioned before, changes driven by a

disease.

Thus, for instance, by comparing the gene coexpression networks of differentially
expressed genes between obese and lean individuals, a recent study identified a subset
of genes highly coordinated only in the obese network, NEGR1 was a hub gene in this
network which has been found highly expressed in the hypothalamus where it appears
to modulate synapse number in neurons, supporting an expected link between obesity

and behaviour (Walley et al 2012).

A similar study focused on leukaemia-derived expression data identified several genes
of the proteasome-ubiquitin pathways as well as the intracellular protein transport
highly coordinated in healthy individuals and uncorrelated at the bone marrow of
leukemia patients (Kostka & Spang 2004). Along the same lines, energy metabolism
genes have been found deregulated in cancer samples; while genes involved in mitosis
and those coding for collagens were found to be more tightly coordinated in cancer
when compared to normal tissues (Choi et al 2005), revealing biologically relevant

differences in the regulatory structure regulation between healthy and disease states.

Comparing young and old mice (16 and 24 months old respectively), Southworth et
al. found some gene groups or modules that decrease their association (coexpression)
as animals aged (Southworth et al 2009), among these modules this study identified a
group of targets of the transcription factor NFkB, further illustrating differential
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regulation associated to specific transcription factors, and also discovered that these
genes with decreasing coexpression tend to be co-localized in the chromosomes,
suggesting a possible influence of the local chromatin structure on the coordinated

regulation of these genes.

Another example of age dependent gene coexpression changes comes from a study
done by Gillis and Pavlidis where they analysed gene expression of different human
tissues across four life stages (Gillis & Pavlidis 2009). Among the genes differentially
coexpressed, the majority of hormone activity genes changed their coordination

between prenatal and postnatal stages.

In all, coexpression analyses reveal the complex dynamical nature of the
transcriptome, and help identify particular gene groups displaying coordinated activity
in their levels of expression reflecting their functional association and specific patterns

of spatiotemporal regulation.

Functional importance of gene family size variations

Gene families are groups of two or more genes with sequence similarity that arose
through gene duplication. Through evolutionary time these gene families can further
gain and/or loss members after rounds of gene duplication and deletion events and,
consequently, different species can vary in the number of members that a particular
gene family has. In this sense, gene families are composed by orthologous and closely

related paralogs genes.

After a gene duplication event, the resulting gene copies can be lost o retained in a
given lineage. Gene duplicates are more likely to change than singly copy genes (Han
et al 2009), but are more likely to get lost (Demuth et al 2006). Even if sub and
neofunctionalization are less frequent than the occurrence of deleterious mutations
events, larger gene families provide the opportunity to evolve new or distinct but

similar functions providing a source of diversity subject to adaptive forces.

A classic example of increasing functional diversity is given by the sox gene family.

This gene family resulting from two rounds of whole genome duplication, is known to
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control morphology and body axis formation across metazoans and as such has
contributed to explain some distinct vertebrate-specific innovations (Holland &
Garcia-Fernandez 1996, Soshnikova et al 2013). In the case of the sense of smell
differences in the ability to detect odorants between mouse and human could be
explained by the large differences in the size of the olfactory receptor gene family, one
of the largest mammalian gene families (Young & Trask 2002). In a recent study we
investigated gene family size variations in line with encephalization across several
mammalian species and found numerous gene families comprising enriched in genes
involved in cell-cell signalling, chemotaxis and immune system (Castillo-Morales et
al 2014). More recent duplication and contraction events among primate species reveal
human specific copy number variations, many of which consisted of genes involved
in neurodevelopmental processes (Fortna et al 2004). These studies suggest that gene
family size variations can contribute to the observed phenotypic differences between

species.

Structure of the thesis

This thesis is composed of four self-contained chapters which can be read in any order

however I suggest to read at least chapter 1 before 3.

Introduction to Chapter 1.

Human brain development is the result of a complex series of dynamic and adaptative
processes, requiring the expression of specific genes at precise times and places. A
vast majority of the genes will display temporal and/or spatial changes in gene
expression throughout brain development support particular all the cellular functions
required during this complex process (Johnson et al 2009, Kang et al 2011, Lambert
etal 2011, Lister et al 2013, Oldham et al 2008).

Although discreet changes in individual genes can give us valuable insights into
specific cellular functions, complex phenotypes are rarely the result of single genes
acting in an isolation and are instead the consequence of the coordinated action of
numerous molecular and genetic components (Hartwell et al 1999). One way to ensure

this level of coordination is at the transcriptional level, so that genes involved in similar
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biological pathways or processes will tend to display a similar patterns of expression

reflecting their functional association (Eisen et al 1998, Homouz & Kudlicki 2013).

This coordination can be detected by measuring the correlation between the expression
patterns of every gene pair across biological samples (i.e. tissues). Clustering analysis
methods can then be applied to the resulting correlation matrices to detect groups or
modules of correlated genes that may act together in particular molecular complexes,
pathways, processes, or participate in similar regulatory and signalling circuits
(Obayashi & Kinoshita 2011, Oldham et al 2006, Oldham et al 2008, Saris et al 2009,
Torkamani et al 2010, Usadel et al 2009, Zhang et al 2012). As stated before, the
modular structure of these coexpression networks not only reveal underlying
functional interactions between coexpressed genes but also provide us clues on the
regulatory architecture of the transcriptome as correlated genes are likely to be under

the control of common transcriptional regulators (Marco et al 2009, Yu et al 2003).

During human brain development, the transcriptome has been shown to be structured
into defined coexpression networks displaying distinct signatures of temporal
expression (Kang et al 2011, Oldham et al 2008). In normal circumstances, these
networks are assumed to be static and behave as single expression units co-varying in
their level of expression across development possibly reflecting variations in their
relative engagement during the developmental programme (Kang et al 2011). This

assumption, however, has never been formally tested, at least to our knowledge.

There are many examples of genes that participate in more than one function, even
when these biological functions appear to be completely unrelated (Harris et al 2004).
This suggests a wide variety of possibilities in the assembly or rewiring of a
coexpression network. Whether the observed variations in gene expression during
normal development respond to concomitant changes in the level of expression of
existing, and otherwise stable, networks of co-regulated genes or the potential

regulatory reassembly of new functional clusters has never been explored.

To explore this possibility, in the first chapter of this thesis, we analysed genome wide
expression data derived from the developing human brain at 14 developmental time

points from 12 weeks post-conception through to 13 years of age spanning a total of 8
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different cortical brain regions to determine whether the brain coexpression network
constructed with these data is a mostly stable network or, conversely, a highly dynamic

network.

Introduction to Chapter 2.

Several molecules and signalling components originally described as part of the
immune system (IS) have been studied in the context of neural specific functions. The
variety of processes in which some immune system genes are involved in the nervous
system is not new, IS components have been linked to neural developmental processes
such as survival, differentiation, dendritic growth, arborisation and axonogenesis as
well as more complex processes including cognitive abilities (Carriba et al 2015,
Galenkamp et al 2015, Gavalda et al 2009, Gutierrez & Davies 2011, Gutierrez et al
2005, Gutierrez et al 2013, Nolan et al 2011, O'Keeffe et al 2008, Twohig et al 2011).
Remarkably, among genes with the highest variance gene expression during childhood
in the human brain, an early stage characterized by synaptic plasticity, immune system
genes are overrepresented along with key components of the nervous system
development such as BDNF (Sterner et al 2012). In a wider scale analysis, immune
system genes have been found overrepresented among gene families which size is
associated to the degree of encephalization in mammalian species (Castillo-Morales et
al 2014). Together these studies denote the involvement of immune system genes in
the nervous system executing neural specific tasks. However, whether there has been
a massive co-option of IS genes participating in neural-specific functions or if these
cases are just isolated examples of IS genes involved in NS functions has remained

mainly unexplored.

Functionally related genes, participating in the same processes, pathways and under
the same regulators tend to share their patterns of gene expression and the patterns of
coexpression have been shown a degree of conservation between species (Obayashi &

Kinoshita 2011, Oldham et al 2006, Oldham et al 2008, Stuart et al 2003)

During the second chapter of the thesis we examined the degree the functional
association of IS genes in the NS using as a proxy the coordination in their expression

patterns in the brain at several brain structures and throughout the human lifespan.
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Whether IS genes are particularly associated or not to other NS genes, and how the
degree of association between IS genes compares to that of non-neural tissues, are

addressed during this chapter.

Introduction to Chapter 3.

Classically studied as a downstream effector of the Hippo pathway, yes associated
protein 1 (YAP1) participates in a variety of functions including regulation of organ
size, proliferation, apoptosis, cell growth and differentiation (Camargo et al 2007, Lian
et al 2010). More recently, YAPI1 has also been found implicated in controlling the

regulation of tissue tension in vertebrates (Porazinski et al 2015).

Briefly, when the Hippo pathway is activated, YAP1 is phosphorylated by LAST2 and
retained in the cytoplasm. Conversely, when the Hippo pathway is repressed YAPI
can translocate to the nucleus and bind to transcription factors to promote the

expression of hundreds of targets (Low et al 2014, Zhao et al 2008) .

YAP1 has also been shown to cross talk to other signalling pathways such as Notch,
Wnt, EGF and TGFf (Attisano & Wrana 2013, Fan et al 2013, Li et al 2012, Wang et
al 2014). The stimulation and activation of these pathways may rely on cellular cues
such as cell-cell contact, cell polarity, cellular stress, mechanotransduction, adhesion
cues and extracellular signals (Low et al 2014, Zhao et al 2012). A connection between
YAPI1 and cell density has also been demonstrated. In high cell density conditions
YAPI is held in the nucleus while in lower density cell populations YAP1 translocate
to the nucleus and promote transcription by binding the transcriptional regulator

TEAD (Zhao et al 2007).

YAPI protein is composed by several protein binding domains (WW, SH3, PDZ,
TAD), allowing it to bind several proteins. For example, AMOT and LATSI can bind
to the WW domain of YAP1 (Oka et al 2008, Zhao et al 2011), while TEAD
transcription factors binds to its TAD domain. Moreover, over a hundred proteins
directly interact with YAP1 in HEK?293 cells (Hergovich 2012), and either directly or
indirectly YAP1 interacts with a large number of transcription factors including E2F,
P73, SMADs, TBX5, CTNNB, ERB4 and RUNX2 (Alarcon et al 2009, Ehmer et al
2014, Kapoor et al 2014, Komuro et al 2003, Levy et al 2007, Rosenbluh et al 2012,
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Strano et al 2001, Zaidi et al 2004). These large number of interactions evidence the

complex molecular network of YAP1, which is also appears context dependent.

Coexpression analysis allows us to measure the association between genes across
biologically relevant samples. Pairs of highly coexpressed genes have a higher
tendency to participate in the same biological function (Allocco et al 2004) being this
the main reason why a guilty by association approach has been widely use to annotate

uncharacterized or poorly characterized genes (Wolfe et al 2005).

Furthermore, differential coexpression analysis allow us to identify species, age and
disease specific changes in the coordinated patterns of gene expression (Amar et al
2013, Choi et al 2005, Chu et al 2011, Kostka & Spang 2004, Southworth et al 2009,
Tesson et al 2010, Walley et al 2012). Differential coexpression analysis can identify
transcriptome-wide changes that differential expression analysis alone cannot detect.
These coexpression changes can reveal wider rearrangement of the underlying

regulatory network in response to diverse stimuli or conditions (Tesson et al 2010).

During the 3™ chapter we aim to characterize the function of the transcriptional co-
activator yapl at two developmental stages during brain development using a
differential coexpression approach, in the context of brain developmental stages with
diverse rates of cell proliferation. Given that cell proliferation is one of the most
studied functions of yapl and that the differences in proliferation rates between
prenatal and postnatal brain development, this presents an opportunity to identify
changes in the close functional associates of yap ! during this important developmental

transition and potentially unveil novel roles of yap1.

Introduction to Chapter 4.

Lifespan has been defined as the time between we are born until the moment we die,
and is limited in part by aging, characterized by a general decline of the organism with
damage accumulation at the molecular, cellular and organ level, impairing the normal
function and increasing the vulnerability to disease and death. It is clear however, that
the resulting lifespan of an organism is a combination of both genetic and

environmental factors (Kirkwood et al 2000, Walker 2011, Wensink et al 2012).
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Comparative studies suggest that variations in maximum lifespan across species reflect
intrinsic differences in the molecular machinery governing the ability of organisms to
cope with age-related cellular damage and vulnerability to disease (Finch et al 2010,
Harper et al 2007, Kirkwood et al 2000, Kourtis & Tavernarakis 2011, Perez et al
2009, Ricklefs 2010, Schumacher et al 2008). Ricklefs and Cadena, for example,
detected and estimated a significant genetic contribution to lifespan on captive
populations of wild animals (Ricklefs & Cadena 2008). Finch has reported that
fibroblast form long-lived species are more resistant to several stressors and more
likely to survive than those obtained from short-lived species (Finch et al 2010).
Moreover it has been proposed that species specific cellular responses to stress and
inflammation may contribute to the evolution of a longer life (Finch et al 2010, [annitti
& Palmieri 2011). Certain genes and pathways such as DNA damage response and
ubiquitin pathways have been identified through species comparative studies relating
accelerated protein evolution and mammalian longevity (Li & de Magalhaes 2013).
Yet, the underlying genomic changes accounting for the differences in longevity across

species remains largely unknown.

Although, through an evolutionary point of view gene number across species has
remained largely constant the last 800 My, recent analyses have shown huge changes
in GFS given by expansion and contractions events through time (Ashburner et al
2000, Demuth et al 2006, Fortna et al 2004, Hahn et al 2007a, Hahn et al 2007b,
Hughes & Friedman 2004). As the fluctuations in GFS are particularly pronounced in
gene families with specific functions, this suggest that changes in gene numbers within
this gene families may reflect evolutionary responses to specific functional demands
(Castillo-Morales et al 2014, Hahn et al 2007a, Hahn et al 2007b, Hughes & Friedman
2004, Kapheim et al 2015).

At the last chapter of this thesis we aim to gain insight in the genomic changes
underlying the differences in longevity across mammalian species, to this end we use
a comparative genomics strategy covering 28 sequenced mammals in order to identify

associations between GFS variations and lifespan.
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Abstract

During early development of the nervous system, gene expression patterns are known
to vary widely depending on the specific developmental trajectories of different
structures. Observable changes in gene expression profiles throughout development
are determined by an underlying network of precise regulatory interactions between
individual genes. Elucidating the organizing principles that shape this gene regulatory
network is one of the central goals of developmental biology. Whether the
developmental programme is the result of a dynamic driven by a fixed architecture of
regulatory interactions, or alternatively, the result of waves of regulatory
reorganization is not known. Here we contrast these two alternative models by
examining existing expression data derived from the developing human brain in
prenatal and postnatal stages. We reveal a sharp change in gene expression profiles at
birth across brain areas. This sharp division between foetal and postnatal profiles is
not the result of sudden changes in level of expression of existing gene networks.
Instead we demonstrate that the perinatal transition is marked by the widespread
regulatory rearrangement within and across existing gene clusters, leading to the
emergence of new functional groups. This rearrangement is itself organized into
discrete blocks of genes, each associated with a particular set of biological functions.
Our results provide evidence of an acute modular reorganization of the regulatory
architecture of the brain transcriptome occurring at birth, reflecting the reassembly of
new functional associations required for the normal transition from prenatal to

postnatal brain development.
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Introduction

Development of the human nervous system is a complex and precisely regulated
process that occurs over a prolonged period of time and depends on the precise

temporal and regional coordination of complex patterns of gene expression.

As the developmental programme unfolds, groups of genes involved in a variety of
functions change their level of expression in the brain at specific times in response to
changing demands for a wide variety of specific cellular processes. During human
nervous system development, up to 89.9% of expressed genes have been shown to be
temporally differentially expressed between any two periods across regions, with
85.3% of genes being differentially expressed between any two periods across areas

in the neocortex alone (Stead et al 2006, Sterner et al 2012).

Waves of intense variation in gene expression are particularly pronounced in specific
stages of development. In the rat brain model, for instance, for most genes, the most
dramatic changes in level of expression occur early in postnatal life (1-2 weeks) and

plateau thereafter (Stead et al 2006).

However, complex phenotypes and indeed specific cellular functions are rarely the
result of individual genes acting in isolation and are instead the result of a complex
assembly of molecular and genetic components acting in concert (Hartwell et al 1999).
As a result, genes involved in related biological pathways tend to display similar
expression pattern reflecting their functional association (Eisen et al 1998, Homouz &
Kudlicki 2013). This coordinated expression can be readily detected by looking at
existing correlations in expression levels between groups of genes across a series of
suitable chosen tissue samples. Clustering analysis based on coexpression patterns has
been used to identify groups or modules of correlated genes that may form molecular
complexes, pathways, or participate in common regulatory and signalling circuits
(Obayashi & Kinoshita 2011, Oldham et al 2006, Oldham et al 2008, Saris et al 2009,
Torkamani et al 2010, Usadel et al 2009, Zhang et al 2012). Apart from revealing
functional interactions among groups of genes, gene coexpression also provides

information on the regulatory architecture associated to a global expression profile as
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co-expressed genes are likely to be under the concerted control of a common

complement of transcriptional regulators (Marco et al 2009, Yu et al 2003).

During brain development, the transcriptome has been shown to be organized into
distinct coexpression networks displaying clearly defined patterns of temporal
expression (Kang et al 2011, Oldham et al 2008). In normal circumstances, these
networks are assumed to behave as single expression units co-varying in their level of
expression across development possibly reflecting variations in their relative
engagement during the developmental programme (Kang et al 2011). This assumption,

however, has never been formally tested, at least to our knowledge.

On the other hand, individual genes have the potential to participate in more than one
separate and sometimes seemingly unrelated biological function (Harris et al 2004).
Whether the observed variations in gene expression during normal development
respond to concomitant changes in the level of expression of existing, and otherwise
stable, networks of co-regulated genes or the potential regulatory reassembly of new

functional clusters has never been explored.

In this study, we analysed genome wide expression data derived from the developing
human brain at 14 developmental time points from 12 weeks post-conception through
to 13 years of age spanning a total of 8 different cortical brain regions. Clustering
analysis of expression profiles show that gene expression throughout development is
divided into two clearly defined temporal domains before and after birth. This sharp
division between foetal and postnatal profiles is not the result of acute changes in the
level of expression of existing networks of co-regulated genes. Instead we demonstrate
that the perinatal transition is marked by the widespread regulatory rearrangement
within and across existing gene clusters, giving rise to the emergence of new functional
groups. Our results demonstrate an acute regulatory reorganization of the brain
transcriptome occurring specifically at birth and reflecting the reassembly of new
functional associations potentially required during the transition from prenatal to

postnatal brain development.
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Methods

Expression data

RNA-seq RPKM normalized expression data summarized to genes was obtained from
NIMH Transcriptional Atlas of Human Brain Development (Hawrylycz et al 2012,
http://www.brainspan.org/). We selected 112 samples corresponding to 8 brain
structures for which there was available data across 14 early stages. This resulted in
eight cortical regions: Dorsolateral prefrontal cortex (DFC), Posteroinferior (ventral)
parietal cortex (IPC), Anterior (rostral) cingulate (medial prefrontal) cortex (MFC),
Orbital frontal cortex (OFC), Primary somatosensory cortex (area Sl1, areas 3,1,2)
(S1C), Posterior (caudal) superior temporal cortex (area TAc) (STC), Primary visual
cortex (striate cortex, area V1/17) (V1C) and Ventrolateral prefrontal cortex (VFC).
Seven of the fourteen different developmental stages developmental stages correspond
to post-conception weeks 12, 13, 16, 17,21, 24 and 37. The other seven postnatal time
points are 4 months after birth followed by 1, 2, 3, 8, 11 and 13 years of age. We
selected only protein coding genes according to Ensembl version 77 and removed from
the analysis all genes displaying zero variance across samples resulting in a total of

genes (n= 18526).

Expression profile clustering analysis

To quantify similarity of expression profiles across brain structures and two
developmental stages (prenatal and postnatal), we obtained the Pearson correlation
coefficient (r) between the normalized average expression values per gene per
structure of all possible pairs of expression profiles. We defined distance between any
two expression profiles as 1- r and performed average linked hierarchical clustering

analysis.

Coexpression network clustering analysis

To measure the degree of similarity in the coexpression structure of the same set of
prenatal and postnatal brain regions, we compared the coexpression matrices (Pearson
correlation matrices) between all possible pairs of genes across all prenatal and

postnatal samples for each brain structure. More specifically, for each brain structure,
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we obtained the coexpression matrix (defined as the Pearson correlation matrix
between all genes) across all seven prenatal time points. We repeated the same
procedure for all postnatal time points resulting in a total of 16 global coexpression
matrices. We defined similarity between any two coexpression matrices as 1- r, where
r represents the Pearson correlation coefficient between any two coexpression
matrices. The resulting similarity indexes were used to perform a hierarchical

clustering analysis.

Differential coexpression analysis

To quantify changes in the global pattern of coexpression in the perinatal boundary,
we performed differential coexpression analysis as described by Tesson (Tesson et al
2010) based on a Weighted Gene Correlation Network Analysis (WGCNA) approach.
Briefly; we calculated correlation coefficients for all possible gene pairs separately for
the prenatal and postnatal period, obtaining one global correlation matrix for each
stage. Then we computed the adjacency difference matrix using the soft threshold
parameter B = 6 (in order to achieve the scale—free topology fitting index R? > 0.8).
Next, hierarchical clustering was performed based on the Topological Overlap of the
difference matrix. Finally, the dynamic tree cut function (implemented in R) was used
in order to identify gene modules (minimum cluster size of 100 genes deep split =
TRUE). Modules where merged when the module’s eigengenes correlation was higher

than r <= 0.9 (shown in colour bar of figure 3A).

Gene Ontology enrichment analysis

We downloaded gene ontology biological process (GO) annotations from Ensembl
version 77 (http://www.ensembl.org/index.html), selected only those GO containing
at least 150 genes with available expression data (n = 106) and performed an
enrichment analysis for each of the modules detected in the differential coexpression
analysis. Statistical significance was assessed by counting within each module the
number of genes annotated to each GO term and compared these counts to those
derived from 1000 random equally sized samples drawn from the whole gene
population (Monte Carlo simulation) to derive a Z score with their corresponding p
value, which was then adjusted for multiple testing using a Benjamin-Hochberg

correction. The area proportional Venn and Euler diagram in figure 4B was created
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using the venneuler function supported in R, where the area is proportional to the
number of significantly enriched GO categories (FDR < 0.05) and a difference

between observed and expected genes larger than one.

Programming and statistical software

All large scale calculations, numerical simulations and statistical analysis were carried
out in R. The Differential coexpression analysis script was obtained from Tesson et al.
(Tesson et al 2010) already implemented in R. Network visualization was implemented

in Gephi using the inbuilt Fruchterman-Reingold layout.

Results

We started by asking whether the most prominent component of variance in gene
expression during brain cortex development was due to regional or temporal variations
in gene profiles. To this end we examined RNA-seq expression data obtained from the
NIMH Transcriptional Atlas of Human Brain Development (Hawrylycz et al 2012,
http://www.brainspan.org/). We selected 112 samples corresponding to 8 brain
structures for which there was available data across 14 early stages (post-conception
weeks 12, 13, 16, 17, 21, 24 and 37; 4 months after birth as well as 1, 2, 3, 8,11 and
13 years of age. After removing from the analysis all genes displaying zero variance

across samples, resulting in a total of 18526 genes.

We next carried out a multiple component analysis splitting samples by either region
or post conception age. Using the first and second components (together contributing
to 68.83% of variance) we found no significant association between variations in gene
expression and anatomical structure (Fg 103 =0.177, p =0.994, figure 1A). By contrast,
the global expression pattern showed a highly significant association with
developmental stage (F1, 110 = 77.6, p = 2.069 x10', figure 1B) demonstrating a more
prominent contribution of the developmental stage to the observed changes in gene
expression than differences associated to different regions. Furthermore, when we split
expression data into prenatal and postnatal samples, the association between
expression profiles and these two developmental windows was even more pronounced

(F1, 110 p = 9.998 x 104, figure 1C).
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These results show that the single greatest component of the variance corresponds to
the developmental stage of the brain rather than anatomical structure. More
specifically, these results reveal a distinctly pronounced transcriptional profile shift

between prenatal and postnatal expression irrespective of brain region.

To directly test this possibility we assessed the transcriptional relatedness between all
brain regions, averaging, for each brain region, prenatal and postnatal expression per
gene, resulting in a total of 16 average expression profiles; one for each of the § brain
regions at either prenatal or postnatal stages. Using these profiles, we calculated
correlation matrices of pairwise comparisons followed by unsupervised hierarchical
clustering. This analysis revealed two highly correlated expression profiles sharply
dividing foetal and postnatal stages (figure 1D). These results show that any two brain
regions are more similar to each other within each developmental window than they
are to themselves across the perinatal boundary and demonstrate the existence of two
distinct global expression patterns characterizing the prenatal and postnatal stage in

nervous tissues irrespective of which brain structure they belong to.

As mentioned above, complex phenotypes are rarely the result of individual genes
working in isolation and are, instead, the result of an assembly of molecular and
genetic components acting in concert (Hartwell et al 1999). Consequently, genes
involved in related biological pathways tend to display similar expression patterns
reflecting their functional association (Eisen et al 1998, Homouz & Kudlicki 2013).
Along these lines, the developmental brain transcriptome has also been shown to be
organized into distinct coexpression networks each one displaying clearly defined

patterns of temporal expression (Kang et al 2011, Oldham et al 2008).

The observed switch in the global expression profile sharply dividing the prenatal and
postnatal developing human nervous system can be the result of two alternative
underlying processes: A) a sudden change, during the perinatal boundary, in the overall
level of expression of existing, otherwise cohesive, gene clusters (figure 2A) or B) An

overall regulatory reassembly of new functional clusters (figure 2B).
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One way to discriminate between these two possibilities is by looking at the similarity
pattern in the coexpression structure of individual brain regions comparing both the

prenatal and postnatal developmental stages (figure 2 A and B right).

To this end, we used a weighed gene coexpression network analysis approach
(WGCNA) where the coexpression structure of the transcriptome of a given brain
region can be represented as the Pearson correlation matrix of all possible pairs of
genes across a number of developmental time points. Accordingly, we obtained the
coexpression matrices of each brain region for prenatal and postnatal stages separately,
resulting in a total of 16 different coexpression matrices: one for each of the 8 brain
regions at either prenatal or postnatal stages. We conducted an average linkage
hierarchical clustering analysis and defined similarity between any two coexpression
matrices as (1 - r), where r is the Pearson coefficient derived from correlating any two

coexpression matrices.

As shown in figure 2C, clustering of brain regional samples based on their
coexpression structure shows a clear split between pre and postnatal samples, with
coexpression structures within each developmental stage resembling more each other
irrespective of brain region, than the same region resembling itself across these two
developmental windows. This result demonstrates an overall reorganization of the
coexpression structure of the brain transcriptome as the developmental program
crosses the perinatal boundary (as shown in the schematic model of figure 2B), further
revealing a sharp remodelling in the gene regulatory structure of the developmental

programme between late prenatal and early postnatal human brain.

In order to quantify the pattern of regulatory changes occurring during the perinatal
boundary, we conducted differential coexpression analysis as described by Tesson et
al, (Tesson et al 2010). This method groups genes together when their correlations
with the same sets of genes change between the different conditions. Briefly, we
obtained the overall coexpression matrices for either prenatal or postnatal stages, each
one comprising data from all 7 ages and 8 brain regions and obtained the difference
matrix resulting from subtracting one from the other. A topological overlap matrix
based on the differential coexpression matrix was then calculated followed by

hierarchical clustering to identify modules of differentially coexpressed genes (figure
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3A). This analysis identified 23 modules of differential coexpression ranging in size
from 115 to 3021 genes (figure 3A and B). A close inspection of the correlation
heatmaps of the resulting clusters confirms pronounced changes in the correlated
structure of each module in the transition between prenatal to postnatal development
with most modules displaying an overall increase in correlated activity in the postnatal
stage (figure 3C). We quantified this effect by simply measuring the change in the
average correlation of each module between pre and postnatal stages (figure 3D) and
found that 17 out of 23 differentially coexpressed modules displayed a significant
increase in correlated expression in the postnatal stage with 6 modules showing

reduced correlated activity in the same developmental stage.

Together, these results demonstrate an overall reassembly of the regulatory structure
of the brain transcriptome in the perinatal boundary (figure 2B), and that this
reassembly is itself organized into discrete modules or clusters of genes undergoing

intensive regulatory reorganization.

In order to test the functional significance of the observed modular reorganization of
the brain transcriptome in the perinatal boundary, we asked whether each regulatory
reorganization module targeted a specific set of biological functions. To this end we
determined the number of gene ontology (GO) terms, within the biological process
category, statistically overrepresented within each module and assessed the overlap in
GO terms between modules. As shown in figure 4A, 19 out of 23 regulatory
reorganization modules displayed significant enrichments in one or more specific
biological processes. In the Venn-Euler plot of figure 4B, the area of each circle
represents the number of enriched GO terms in each module and the overlap represents
the relative proportion of overlapping GO terms between modules. As can be seen in
the graph, each module targets an almost exclusive set of biological functions with rare
functional overlap between modules. This result shows that the observed regulatory
reorganization of the transcriptome in the perinatal boundary is organized into discrete
regulatory remodelling networks targeting defined and almost non-overlapping sets of

biological functions.

Within each module, the observed regulatory reorganization involved a combination

of events of increased and decreased coordinated activity between individual gene
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pairs. In the examples shown in figure 5, corresponding to modules M 15 and M7, each
module is represented as a graph, where nodes represent genes and edges represent an
existing high correlation (r > 0.95) between the indicated pair of genes. Red edges
represent prenatal-only high correlations, whereas blue edges represent postnatal-only
high correlations. Module M 15 shows an overall transition from high to low correlated
activity for all involved gene pairs in the transition from prenatal to postnatal
development. By contrast module M7 shows a transition from high to low coordination
between genes in a subnetwork accompanied by a transition from low to high

correlated activity in a second sub-network.

Taken together our results demonstrate an acute and modular regulatory reorganization
of the brain transcriptome occurring at birth and reflecting the reassembly of new
functional associations potentially required during the transition from prenatal to

postnatal brain development.

Discussion

The development of the nervous system is a highly complex process, involving the
coordinated regulation of thousands of genes. As the developmental program unfolds,
gene expression patterns are expected to vary widely depending on the specific

developmental trajectories of different tissues (Stead et al 2006, Sterner et al 2012).

Genes however do not act in isolation, as most cellular, physiological and
developmental functions are the result of a complex assembly of molecular and genetic
components acting in concert (Hartwell et al 1999). As a result, genes involved in
related biological pathways tend to display correlated expression patterns reflecting

their functional association (Eisen et al 1998, Homouz & Kudlicki 2013).

Developmental, regional or temporal variations in gene expression can therefore be
understood as resulting from changes in the relative level of expression of existing,
and otherwise cohesive, networks of co-regulated (functionally)-related genes. These
changes can in principle take place as part of the normal dynamics of an otherwise
fixed regulatory architecture (figure 2A). In other words, the regulatory architecture

can be regarded as a constant feature of the developmental process and alterations of
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this architecture could reflect regulatory instabilities resulting in abnormal

development and pathological conditions.

In this regard, changes in the correlated status of groups or networks of genes have
indeed been linked to regulatory dysfunctions associated to pathological conditions
such as cancer and some neurodegenerations (Choi et al 2005, Miller et al 2008) or
interpreted as an instance of genome instability associated to age-related functional

decline (Southworth et al 2009).

On the other hand, individual genes have the potential to participate in more than one
separate and sometimes seemingly unrelated biological functions (Harris et al 2004).
Depending on the varying developmental requirements for specific sets of cellular
functions, changing transcriptional profiles could alternatively reflect underlying
changes in the regulatory architecture normally required at critical stages of
development. These changes, in turn, are expected to result in an overall regulatory

reassembly of new functional clusters of co-regulated genes.

In this study, we specifically asked whether, during the normal developmental process,
changes in transcriptional profiles are the result of an otherwise stable regulatory
architecture or, alternatively, the result of successive waves of regulatory
reorganization taking place at critical stages of development. By analysing expression
data of the human brain developmental transcriptome and comparing the relatedness
of prenatal and postnatal expression profiles across several brain structures we found
two distinct sets of transcriptional signatures sharply dividing the prenatal and
postnatal window irrespective of brain region. While this result is consistent with both
a constant and a developmentally variable underlying regulatory architecture, here we
uncover evidence of intense regulatory reorganization occurring in the transition from
prenatal to postnatal development. Using the coexpression matrices as a measure of
the regulatory architecture and comparing across brain regions at either prenatal and
postnatal stages, we found a sharp split in the regulatory architecture occurring at the
perinatal boundary, so that, within each developmental window, any two brain regions
are more similar to each other at the level of their coexpression structure than they are

to themselves across these two developmental stages.
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Using differential coexpression analysis, we further characterized the overall
remodelling of the regulatory structure of the brain transcriptome at birth and found
that this reassembly is itself structured into discrete modules or clusters of genes

undergoing intensive regulatory reorganization.

In order to gain insights into the functional coherence of the observed modular
reorganization of the brain transcriptome at birth, we asked whether these
reorganization clusters targeted specific biological functions and if so, to which extent
different clusters target different sets of biological functions. Gene ontology
enrichment analysis revealed that each module targets a separate set of biological
functions, with rare functional overlap between modules. This result shows that the
observed regulatory reorganization of the transcriptome in the perinatal boundary is

organized into discrete clusters targeting distinct sets of biological functions.

The transition from prenatal to postnatal development is marked by drastic changes in
the physiological environment under which the developmental programme unfolds,
not least the transition from intra to extra uterine conditions. Under these
circumstances the organism faces the challenge of continuing with a normal
developmental trajectory under a whole new set of environmental conditions. This
transition entails the overall adaptation of the developmental programme to a wide

range of new environmental variables.

This adaptation can conceivably demand the widespread remodelling of previously
existing regulatory interactions within and between gene networks involved in a wide

array of existing and/or emerging of cellular and developmental functions.

Here, we observed a shift in the overall coexpression structure of the developmental
transcriptome of the brain revealing a corresponding widespread reorganization of the
underlying gene regulatory circuitry. The fact that this transition is organized into
discrete modules targeting distinct sets of biological functions strongly suggests the
emergence of the new functional associations required for the normal transition from
prenatal to postnatal brain development. Thus for instance, in the example shown in
figure SA, module M15 displays an overall reduction of correlated activity between

these genes in the transition from prenatal to postnatal development. Interestingly, this
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module is statistically enriched in genes involved in cell cycle, mitosis and cell
proliferation functions. This reduction in the level of coordination between genes
directly involved in proliferative functions could potentially reflect corresponding
differences in the level of engagement of proliferative activity during prenatal and
postnatal nervous system development. Indeed, cell proliferation is particularly
pronounced during embryonic and late foetal stages of nervous system development
as neuronal progenitor cells proliferate and their population expands to eventually
differentiate into mature post-mitotic neurons. At postnatal stages, proliferative
activity almost ceases for neural precursors and is virtually restricted to glial
proliferation leading to a low, but sustained production of both astrocytes and
oligodendrocytes throughout the adult brain (Guerout et al 2014, Rowitch & Kriegstein
2010).

Conversely module M7, shown in figure 5B is characterized by a transition from high
to low coordination between genes in a subnetwork with a simultaneous transition
from low to high correlated activity in a second sub-network. Not surprisingly this
module is enriched in a large number of functions including gene expression, RNA
splicing, translation, RNA and protein metabolic processes. Here is noteworthy the
transitivity of the subnetworks in which gene reassemble and coordinate its expression

patterns with other genes of the same module.

Conclusion

In all, we conclude that, during brain development, the pronounced changes in the
genome wide expression profile observed in the perinatal boundary are the result or a
regulatory reorganization of the developmental programme occurring at birth and
reflecting the reassembly of new functional associations required for the normal
transition from prenatal to postnatal nervous system development. We propose that
these developmental changes in the patterns of coexpression reveal underlay demands
of regulatory plasticity occurring specifically in the transition from prenatal to

postnatal development.

31



Figures

A Structure B Age C Stage
p=0.999 p=2.069x10" p=9.997x104
3 | © S| ! ® S i -
< ; N : N i
o ' o i o '
“_on@% _? _____ “_oog?%&%i . _____ —_on'¢ . _____
S A I I A B i e
| 10&% | :J F] | m
T T

T T T

T I T T T
PC1 56.14% PC1 56.14% PC1 56.14%

1 56.
@000 O0CeEee 000000000 00000 LX)
O 9L 0000U 0 zEEEBE3E 25LLLC ¢ ==
EE3568n5>5 2222228855858 g5
i lain—fnd b =3 E-wa:: Ez
< {9
D Expression profile similarit
0.5 — = DFC P P 4
IPC
~ 0.4 MFC
L OFC
o =
= =
on
3 0271 = VIC
s 0.1 = VFC
0 — L 1
prenatal postnatal

Figure 1. Developmental stage, but not anatomical structure contributes to the greatest
component of variance in gene expression profiles. Multiple component analysis splitting
samples of expression data by A) either structure, B) post conception age or C)
prenatal/postnatal stage. Each plot shows the first and second components (together
contributing to 68.83% of variance). Analysis of variance was carried out on PC1 to test for
associations between this component and either, structure, post conception age or
prenatal/postnatal stage. Associated p values are indicated. D) Relatedness between average
postnatal or prenatal expression profiles across anatomical regions. Average expression per
gene per cortical region was obtained for either prenatal or postnatal samples across all
analysed cortical structures. Unsupervised hierarchical clustering was conducted using
pairwise correlations between all resulting average expression profiles as a measure of
similarity. Note, that the average expression profiles of any two prenatal regions are mores
similar to each other, than they are to themselves across the perinatal boundary. Acronyms for
brain structures: Dorsolateral prefrontal cortex (DFC), Posteroinferior parietal cortex (IPC),
Medial prefrontal cortex (MFC), Orbital frontal cortex (OFC), Primary somatosensory cortex
(S1C), Posterior superior temporal cortex (STC), Primary visual cortex (V1C) and
Ventrolateral prefrontal cortex (VFC).
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Figure 2. Schematic representation of two alternative models explaining the observed
switch in the global expression profile sharply dividing the prenatal and postnatal brain
development. Patterns of expression of six hypothetical genes in two prenatal (S1, S2) and
two postnatal (S3, S4) samples. A) Switch in the global expression profile under constant
regulatory interactions resulting from a pronounced change, during the perinatal boundary, in
the overall level of expression of existing, but otherwise cohesive (constant coexpression
structure), gene clusters. B) A similar switch in the global expression profile resulting from a
widespread remodelling of the underlying regulatory structure leading to the reassembly of
new functional clusters (varying coexpression structure). C) Relatedness between
coexpression profiles across anatomical regions. Gene coexpression matrices per cortical
region were obtained for both prenatal and postnatal samples. Unsupervised hierarchical

clustering was conducted using pairwise correlations between al resulting coexpression
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matrices as a measure of similarity. Note that the average coexpression structure of any two
prenatal regions are mores similar to each other, than they are to themselves across the

perinatal boundary.
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Figure 3. Differential coexpression network dendrogram and gene modules. A)
Dendrogram showing average hierarchical clustering based on the topological overlap of the
adjacency matrix defined by coexpression differences (see methods) and the corresponding
gene modules indicated in different colours underneath. B) Histogram showing cluster size
(number of genes) per module C) Heatmaps of the Pearson correlation coefficients between
all possible gene pairs within each module. Each heatmap shows prenatal and postnatal
coexpression separately (upper and lower diagonal respectively). Colour scale for correlation
coefficients is shown at the top left corner of this panel. Modules are arranged from left to
right and top to bottom according to the median correlation difference between prenatal and

postnatal stage. D) Graph showing the change in the average correlation of each module
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between pre and postnatal stages. Each arrow represents the difference in postnatal average
correlation relative to the prenatal stage. 17 out of 23 differentially coexpressed modules
displayed an increase in correlated expression in the postnatal stage with 6 modules showing

reduced correlated activity in the same developmental stage.
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Figure 4. Regulatory reorganization modules are enriched in specific sets of biological
processes. A) Barplot showing the number of significantly enriched GO terms per individual
module. Statistical significance in enrichment of surveyed biological process GO terms (n =
106) was numerically assessed by comparing with 10 000 equally sized random samples of
genes. Significance threshold (FDR < 0.05) was adjusted for multiple testing by Benjamini
Hochberg correction. B) Venn-Euler diagram showing the relative number of gene ontology
terms statistically overrepresented within each separate module. The area of each circle
represents the number of enriched GO terms in each module and the overlap represents the
relative proportion of overlapping GO terms between modules. Note that each module targets

a quasi-exclusive set of biological functions with rare functional overlap between modules.
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Figure 5. Network rearrangement at perinatal transition. Examples of the internal
structure of the regulatory reorganization in two representative modules involving a
combination of events of increased and decreased coordinated activity between individual
gene pairs. Each module or gene cluster is represented as a graph of coexpression relationships,
where nodes represent genes and edges represent high correlations (r > 0.95) between pairs of
genes. Red edges represent prenatal-only high correlations, blue edges represent postnatal-
only high correlations and black edges represent constant (prenatal and postnatal) high
correlations. A) Module M15 shows an almost exclusive transition from low to high
correlation in all involved genes in the transition from prenatal to postnatal development.
B) By contrast, module M7 shows a transition from high to low coordination between genes
in a subnetwork with a simultaneous transition from low to high correlated activity in a second
sub-network. Inset: barplots showing the mean number of prenatal (red) or postnatal (blue)

edges per node in each module.
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Abstract

During development, the nervous system (NS) is assembled and sculpted through a
concerted series of neurodevelopmental events orchestrated by a complex genetic
programme. While neural-specific gene expression plays a critical part in this process,
in recent years, a number of immune-related signalling and regulatory components
have also been shown to play key physiological roles in the developing and adult NS.
While the involvement of individual immune-related signalling components in neural
functions may reflect their ubiquitous character, it may also reflect a much wider, as
yet undescribed, genetic network of immune-related molecules acting as an intrinsic
component of the neural-specific regulatory machinery that ultimately shapes the NS.
In order to gain insights into the scale and wider functional organization of immune-
related genetic networks in the NS, we examined the large scale pattern of expression
of these genes in the brain. Our results show a highly significant correlated expression
and transcriptional clustering among immune-related genes in the developing and
adult brain, and this correlation was the highest in the brain when compared to muscle,
liver, kidney and endothelial cells. We experimentally tested the regulatory clustering
of immune system (IS) genes by using microarray expression profiling in cultures of
dissociated neurons stimulated with the pro-inflammatory cytokine TNF-alpha, and
found a highly significant enrichment of immune system-related genes among the
resulting differentially expressed genes. Our findings strongly suggest a coherent
recruitment of entire immune-related genetic regulatory modules by the neural-

specific genetic programme that shapes the NS.
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Introduction

The orchestrated execution of the neural-specific genetic-code that governs the
development and physiology of the nervous system (NS) is crucial for normal neural
function (Lister et al 2013, Parikshak et al 2013, Willsey et al 2013). The importance
of the correct execution of neural-specific gene expression for normal neural
development and function, is highlighted by the fact that perturbations in the specific
genetic networks that constitute this wider genetic code lead to neurodevelopmental

and/or adult onset disorders of the NS (Brashear et al 2014, Helsmoortel et al 2014).

Intriguingly, disturbances in the immune system (IS) is a common theme in a wide
variety of disorders of the NS, ranging from childhood autism to depression (Mitchell
& Goldstein 2014). While this could result from direct immune responses (mainly
inflammatory) disrupting the neurodevelopmental programme, neurological disorders
triggered by the IS could also result from a potential genetic regulatory overlap
between the IS and the NS. In support of this possibility, in recent years, a number of
signalling molecules and regulatory components originally described in the IS have
been found involved in distinct neural-specific functions including early survival of
neuronal precursors, dendritic and axonal growth in developing neurons as well as
synaptic remodelling and learning and memory mechanisms both in the developing
and adult NS (Carriba et al 2015, Galenkamp et al 2015, Gavalda et al 2009, Gutierrez
& Davies 2011, Gutierrez et al 2005, Gutierrez et al 2013, Nolan et al 2011, O'Keeffe
et al 2008, Twohig et al 2011). Furthermore, immune system-related genes have been
found statistically overrepresented among highly variable genes expressed during
early brain development (Sterner et al 2012) suggesting a critical role for these genes
at key stages of NS development. More broadly, changes in gene family size associated
with increased encephalization in mammals have been found enriched in IS related
functions prominently expressed in the NS (Castillo-Morales et al 2014). Taken
together these findings suggest a potentially wider involvement of large numbers of

immune system-related genes in key aspects of NS development and function.
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While the involvement of isolated immune-related signalling components in neural
functions may reflect their otherwise ubiquitous character, it may also reflect a much
wider, as yet undescribed, genetic network of immune-related molecules acting as an
intrinsic component of the neural-specific regulatory machinery that shapes the
functional complexity of the NS. In order to gain insights into the scale and wider
functional organization of immune-related genetic networks in the developing and
adult NS, we examined the large scale pattern of expression of these genes in the
developing and adult brain. A complex phenotype is usually the result of an assembly
of molecular and genetic components acting in concert (Hartwell et al 1999). As a
result, genes involved in related cellular responses display coordinated pattern of
expression reflecting their functional association (Eisen et al 1998, Homouz &
Kudlicki 2013, Obayashi & Kinoshita 2011, Saris et al 2009, Torkamani et al 2010,
Zhang et al 2012, Zhang 2012). In the NS, this functional organization of closely
coordinated genes also displays a substantial degree of conservation across species
(Oldham et al 2006, Oldham et al 2008).

In this study, because of their conspicuous presence and involvement in neural-specific
functions, we specifically asked whether immune-related regulatory and signalling
components operate in isolation from each other but in close association with neural-
specific genes or, alternatively, in closer coordination with other immune-related

genes.

By combining human gene expression data analysis, with microarray profiling in
dissociated developing neurons, this work provides compelling evidence showing that
immune-related genetic networks form an intrinsic part of the wider genetic
programme that governs NS development and function. We discuss the implications

of these findings and their potential relationship to disorders of the NS.

Materials and Methods

Gene Expression Data

We used RNA-seq expression data the from the Allen’s Institute Brainspan database

(http://www.brainspan.org/). Reads per kilobase of transcript per million reads
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mapped (RPKM)-normalized data in this dataset were summarized to Ensembl Gene
IDs, and further normalized against total expression per sample. In order to ensure a
homogenous representation of structures at all development points used, we selected a
subset of this dataset covering 12 brain regions (A1C, CB, DFC, IPC, ITC, MI1C,
MFC, OFC, S1C, STC, V1C, VFC) and 20 developmental time points ranging from
12 post conception week through to 40 years (12, 16, 21 and 24 pcw; 4 and 6 months;
and 1, 2, 8, 11, 13, 15, 18, 19, 21, 23, 30, 36, 37, 40 years old).

Human microarray expression data for normal brain (GSE13162), muscle
(GSE11681), kidney (GSE2004), liver (GSE2004) and aortic endothelium
(GSE29903) was obtained from Gene Expression Omnibus
(http://www.ncbi.nlm.nih.gov/geo/), only samples categorized as “normal”, “control”
or “healthy” were considered for analysis. Either RMA or median normalized values
were summarized to Ensembl Gene IDs by averaging probe expression as described
above. Probes that matched multiple Ensembl Gene IDs were excluded from the

analysis.

Gene Ontology Annotations

The lists of genes annotated to the “immune system process” (IS, Gene ontology ID:
G0:0002376) and “Neurological system process” (NS, GO:0050877) were obtained
from the GO slim GOA database (http://geneontology.org/) through Ensembl Biomart
(http://www.ensembl.org/biomart/). Genes annotated to both categories were excluded
from all the analysis, so as to not overestimate the relation between IS and NS. For the
functional enrichment analysis in “IS process” sub-categories (Table 2), we used the
annotation available in Ensembl version 73 and used OBOedit software to assign all

children GO categories to their corresponding GO parent.

Co-Expression and Clustering Analyses

Co-expression analyses were carried out by obtaining the Pearson correlation
coefficient across all possible pairs of [S-associated or [S-NS-associated genes in the
brain, as well as co-expression within IS genes in other human tissues. Measurements
of clustering coefficients and statistical analyses including numerical simulations were

carried out using the R statistical software package, and particularly igraph library.
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Functional Enrichment Analysis

Over-representation of IS process genes in our microarray data was measured by
contrasting the number of genes annotated to a relevant GO with the expected
representations of GO terms, with their standard deviations numerically derived from
Monte Carlo simulations using at least 10,000 equally-sized random samples of genes
from the list of Ensembl Gene IDs covered by the microarray profiling (n = 15,888).
Benjamini-Hochberg multiple testing adjustments against the number of IS process
sub-categories tested (n = 21) were carried out. Categories with a resulting adjusted p-

value < 0.05 were deemed significantly enriched.

Cell Cultures

The superior cervical ganglia (SCG) of embryonic and postnatal Sprague-Dawley rats
(Biological Services Unit, UCC) were dissected out and grown in Dulbecco’s
Modified  Eagle Medium/F12 (DMEM:F12, Sigma) containing 1%
penicillin/streptomycin (Sigma), 1% glutamine (Sigma), 1% N2 (Invitrogen), 2% B27
(Invitrogen) and 10 ng/ml NGF (R&D Systems). Dissociated neurons were plated at a
low density on poly-ornithine/laminin-coated 4 well 35 mm tissue culture dishes
(Sigma; Greiner Bio-One). TNF-alpha (10 ng/ml, Promokine) was added to the
medium and the cells were incubated under a humidified atmosphere containing 5%

CO2 at 37°C for 24 h.

Microarray Profiling

After 24 h in culture, medium was removed and the cells were washed twice in PBS
and total RNA was isolated using the RNeasy mini extraction kit (Qiagen) according
to the manufacturer’s instructions. The samples were run in an AGILENT bioanalyser
to check RNA quality/integrity prior to being sent for microarray analysis. Microarray
hybridization was outsourced through a commercial provider (Source Biosciences)
using the Affymetrix GeneChip Rat 1.0 ST array with a 2 ug RNA analysed per group.
Array images were reduced to intensity values for each probe using Affymetrix MAS
5.0 software. RMA was used to correct background and normalize probe levels
(AffyPackage). Probes with expression values lower than the average of negative

controls in every sample was removed. Expression values were summarized to
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Ensembl Gene IDs by averaging probe expression. Finally, gene expression was

normalized against the total signal level in each sample.

Results

Highly Correlated Expression of Immune System Genes in the Nervous System

In order to characterize the functional interactions of IS genes in the NS; we used gene
co-expression network analysis, an approach that has been widely used to gain insights
into the functional organization of transcriptomes across tissues, conditions and
species (Eisen et al 1998, Homouz & Kudlicki 2013, Obayashi & Kinoshita 2011,
Saris et al 2009, Torkamani et al 2010, Zhang et al 2012). We started by asking whether
IS genes show a stronger pattern of coordinated activity with genes specifically
involved in neural functions relative to the background gene population. To this end,
we used gene expression data obtained from the normal developing human brain
(Hawrylycz et al 2012) and obtained the list of genes annotated to the “Immune system
process” and “Neurological system process” from the GO slim GOA database.6 In
order to focus our study on those genes separately involved in these two processes, we
excluded genes simultaneously annotated to both categories. This resulted in a total of
1584 and 1036 genes annotated to “Immune system process” and “Neurological
system process”, respectively, for which human expression data was available in the

Brainspan dataset.

To quantify the overall co-expression within and between these groups of genes, we
obtained the median Pearson correlation coefficient of all possible pairs of IS and NS
genes as well as all possible pairs of IS-IS genes and contrasted these values with the
expected median correlation derived from 10,000 equally sized samples of random
genes drawn from the background gene population. As shown in Figure 1, the highest
level of co-expression in the brain occurs between IS genes and other IS genes (IS-IS
interactions, p = 0.003) followed in second place by the median co-expression between
IS and NS genes (IS-NS interactions, p = 0.018). It is noteworthy that NS-NS co-
expression is also remarkably high when compared to equally-sized random samples
(Z-score 4.45, p < 0.0001 not shown in figure). By contrast the median correlation

between IS genes and any random non-specific genes on the other hand was not
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significantly different from chance expectations (p > 0.1). These results demonstrate
that, in the NS, IS genes are more highly co-expressed with other IS genes than
expected by chance and that this level of co-expression was also higher than the
observed co-expression between IS genes and genes associated with neurological

system processes.

Highly Correlated Expression is not a General Feature of Immune System-Related
Genes in Non-Nervous Tissues

If the highly coordinated expression of IS genes observed in nervous tissue was also
found outside the NS, it could reflect the ubiquitous modular organization of IS genes
and not their particular recruitment by the NS. We tested this hypothesis by analysing
independent microarray gene expression data for various human tissues. To this end,
we used data obtained with the same microarray platform and derived from human
tissues for which at least six biological samples were available. We found five datasets
meeting these requirements corresponding to whole brain, liver, aortic endothelium,

muscle and kidney (see “Materials and Methods” Section).

After normalization, we obtained for each tissue the median co-expression between all
possible pairs of IS genes and compared these values to the expected median co-
expression obtained from 10,000 equally sized random samples of background genes.
As shown in Figure 2, the highest level of correlated expression of IS-related genes
was found in whole brain (p < 1071¢), further confirming our previously observed high
coordination of IS genes in the NS. To a much lesser extent, muscle tissue also
displayed a high coordination of IS-related genes. By contrast, liver, kidney and
endothelium showed non-significant levels of coexpression when compared with
random expectations (p > 0.1). These results demonstrate that the observed highly
concerted expression of IS-related genes in the NS is not a general feature of the

expression pattern of these genes across tissues.
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Immune System-Related Genes Display a High Regulatory Clustering in the
Developing and Adult Nervous System

The observed bias in the median correlation of IS genes in the NS could be the result
of either a large number of isolated pairs of highly correlated genes or, alternatively,

the result of a large highly interconnected network of tightly co-regulated genes.

In order to obtain information on the structure of the involved interactions, we focused
on all existing correlations above a given threshold (R > 0.9). The resulting map of
interactions can be represented as a network, where nodes represent genes and edges
represent existing correlations with a coefficient value above 0.9. At this threshold,
662 IS genes were found involved in strong correlations either with other IS genes or
any other genes. Given a set number of interactions (edges), the resulting network can
display different degrees of clustering between existing nodes. In order to assess the
degree of clustering, we obtained the clustering coefficient of each node. This index
quantifies, for a given node, the fraction of existing interactions between all immediate
neighbours (Watts & Strogatz 1998). Next, we compared the average clustering
coefficient of the whole IS-IS network with that of a simulated random network where
the number of nodes, number of edges and distribution of edges per node (degree
distribution) was the same as the real network. As shown in Figure 3A the observed
mean clustering coefficient of the network of highly correlated IS genes was
considerably higher than that of the random control network. In order to estimate the
significance of this bias, we compared the mean clustering coefficient of IS genes, with
the expected mean clustering coefficient derived from 10,000 simulations of equally
sized random networks with the same number edges and degree distribution (edges per
node). As shown in Figure 3B, the observed clustering coefficient was on average five
times higher than the average expected value (p < 0.0001). The observed high mean
clustering coefficient of IS genes relative to chance expectations holds over a range of
correlation cut-off values as shown in Figure 3C, overall demonstrating that IS genes
display a significantly high level of clustered co-expression with other IS genes in the
NS. It is also worth noting that within the network of highly correlated IS genes, the
overall proportion of strong correlations among IS genes (number of IS-IS edges) is
also significantly higher than expected by chance relative to the total number of

associations involving IS genes (X2 = 8.912, p = 0.0028).
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Coordinated Activation of Large Numbers of Immune System Genes in Primary
Cultured Neurons

Taken together, the above results demonstrate that, in the NS, [S-related genes display
a stronger overall association with other IS genes than with genes involved in neural-
specific functions. In addition, IS genes display a higher average clustering than
expected by chance further revealing that IS-related signalling and regulatory
components operate under a tightly coordinated pattern of transcriptional regulation in
the NS when compared with background genes. Based on these findings, we
hypothesized that upon stimulation, IS genes will trigger the simultaneous activation

of a large number of other [S-associated genes in isolated neurons.

We tested this prediction using gene expression microarray profiling in dissociated
cultures of developing sympathetic neurons derived from the SCG. We chose this
neuronal population for three reasons: (1) SCG neuronal cultures offer an
experimentally tractable model consisting in >95% neurons from a homogeneous
neuronal population, thereby eliminating the confounding influence of highly
heterogeneous populations of neurons and glia present in dissociated cultures from
other regions of the NS (Glebova & Ginty 2005, Orike et al 2001); (2) These neurons
have been shown to respond to tumor necrosis factor alpha (TNF-alpha), a cytokine
that negatively regulates axonal growth during early postnatal stages (Kisiswa et al
2013, Nolan et al 2014, Twohig et al 2011), thereby offering an ideal opportunity to
experimentally assess the effect of an immune-associated cytokine on the global gene
expression of dissociated neurons; and (3) While central and peripheral neural tissues
share over 99% of their gene expression profiles (LeDoux et al 2006, Smith et al 2011),
the use of peripheral neurons provides an additional opportunity to test whether the
observed regulatory clustering of immune related genes extends to both central and

peripheral neurons.

Accordingly, we stimulated cultured neonatal SCG neurons with TNF alpha (10 ng/ml)
for 24 h and cells were then collected for total RNA extraction and preparation for

gene expression profiling (see “Materials and Methods” Section).

We identified differentially expressed genes based on the rank products method (Hong

et al 2006) and measured the overall response of [S-associated genes by analysing
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enrichment of [S-associated genes among those genes displaying the highest levels of

differential expression (upregulation) upon TNF-alpha stimulation (p < 0.05, n =302).

As shown in Table 1, significantly up-regulated genes showed a statistically significant
enrichment of IS process-annotated genes. In order to identify subcategories of IS
genes particularly over-represented among these genes, we measured enrichment of
all gene ontology subcategories associated with IS process relative to the background
gene population. This analysis revealed a significant over-representation of genes
associated with immune response, leukocyte migration, regulation of IS process,
positive regulation of IS process and activation of immune response (Tables 2, 3).
These results demonstrate that, in isolated neurons, upon stimulation, IS genes trigger
the simultaneous activation of a disproportionally large number of other [S-associated

genes when compared to chance expectations.

Discussion

A wide variety of homeostatic perturbations of the NS including pathogen invasion,
endogenous disease and injury, are known to induce an inflammatory response which
often involves infiltration of immune cells and activation of resident effectors, such as
microglia. While the complex interaction between the immune surveillance machinery
and the NS has been the focus of a large number of studies in the past (Ousman &
Kubes 2012, Ransohoff & Brown 2012), in recent years a growing number of
signalling and regulatory components of the IS have emerged as key molecular players
in a wide variety of neural-specific functions ranging from early survival of neuronal
precursors and dendritic and axonal growth in developing neurons through to synaptic
remodelling and learning and memory mechanisms (Carriba et al 2015, Galenkamp et
al 2015, Gavalda et al 2009, Gutierrez & Davies 2011, Gutierrez et al 2005, Gutierrez
et al 2013, Nolan et al 2011, O'Keeffe et al 2008). Whether these findings reflect a
wider and generalized involvement of IS-related regulatory and signalling components

in neural-specific mechanisms, is unknown.

By interrogating the wider regulatory organization of IS-associated signalling and
regulatory components in the developing and adult NS, in this study we have found

that IS genes are more highly co-expressed with other IS genes than expected by
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chance. In addition, we found that the underlying co-expression network of highly
associated IS genes displays a much higher clustering coefficient than expected in
networks with equal density and degree distribution. These results reveal a strong
underlying regulatory association between large numbers of IS genes operating in the

NS.

The recruitment, in the NS, of signalling and regulatory components of the IS could,
in principle, simply reflect the ubiquitous character of these regulators, and we would
therefore expect them to establish, close but independent functional associations with
the wider machinery of neural-specific functions. However, in the NS, IS genes display
a stronger association and regulatory clustering with other IS genes than with the wider
molecular machinery involved in neural-specific functions suggesting a coherent

functional recruitment of entire segments of the IS regulatory machinery by the NS.

We experimentally tested this regulatory clustering in dissociated neurons by
conducting microarray gene expression profiling of isolated developing neurons in
culture, and found that stimulation with the pro-inflammatory cytokine TNF-alpha
triggers the simultaneous activation of a disproportionally large number of other IS-
associated genes. The fact that we tested a prediction derived from human expression
patterns in experimentally tractable cultured neurons derived from the developing rat,
further suggests that the coherent recruitment of IS regulatory clusters is conserved
between rodents and humans. While subtle differences at this level may exist between
the rodent and human model, this finding is in line with the fact that most basic aspects
of extra and intracellular signalling events and their underlying networks of regulatory
interactions show a remarkable degree of conservation between murine and human cell
models (Herschkowitz et al 2007, Shortman & Liu 2002). In addition, the fact that our
experimental test was carried out in peripheral neurons further shows that the observed
regulatory clustering of immune related genes extends to both central and peripheral
NS, an observation otherwise consistent with the highly similar gene expression
profiles reported for central and peripheral neurons (LeDoux et al 2006, Smith et al
2011).

In addition, by comparing patterns of coordinated expression of [S-related genes

outside the NS, including cell types where immune regulators are known to play
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central roles such as hepatocytes and endothelial cells (Gargalovic et al 2006), we
demonstrate that the highly coherent expression of IS-associated genes observed in the

NS is by no means a general feature of these genes outside neural tissues.

Taken together, our results support the notion of a widespread and modular recruitment
of IS regulatory and signalling circuits by the NS developmental programme in

mammals.

Given the tight regulatory association of large numbers of IS genes in the developing
and adult NS, our results raise the possibility of numerous instances of potential
interference with neural physiology arising from organismal immune states not

directly related with immune surveillance or inflammation in the NS.

Thus, for instance, during pregnancy, maternal infection in the second trimester
increases the risk, for affected offspring, of developing psychiatric and neurological
disorders such as schizophrenia and autism (Atladottir et al 2010, Boksa 2010,
Sorensen et al 2009). The mechanisms linking maternal inflammation with defective
neural development however are unclear. Furthermore, maternal infection in rodents
during late gestation results in morphological, electrophysiological and molecular
changes in the brains of offspring (Garbett et al 2012). While this could result from
direct immune responses (mainly inflammatory) disrupting the neurodevelopmental
programme, our findings suggest that neurological disorders triggered by the IS could
also result from the underlying genetic regulatory overlap between the immune and
the NS. Interestingly, maternal infection in rodents also triggers changes in
proinflammatory cytokine levels in the fetal brain and fetal blood (Garay et al 2013).
Whether these changes can interfere with the establishment of normal developmental
patterns in neurons is unknown. However, our results would predict that systemic
changes in pro-inflammatory cytokines could potentially trigger concomitant
expression changes in IS-related genes in developing neurons leading to measurable

alterations in their developmental programme.
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Conclusion

In summary, our results demonstrate that IS genes display a significantly strong level
of concerted regulation and transcriptional clustering in the developing and adult brain,
supporting the notion of a coherent and widespread recruitment of IS regulatory
components by the NS developmental programme in mammals. These results further
provide a genetic basis for potential interference with neural functions arising from

systemic changes in immune surveillance and inflammatory states.
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Tables

Table 1. GO enrichment analysis of differentially expressed (up regulated) genes relative

to background gene population.

GO Term Observed Expected Numeric
Category name

ID genes genes p value

GO0:0002376 immune system process 22 8.9139 <0.0001

Table 2. GO enrichment analysis within immune system (IS) process genes relative to

background gene population.

GO Term Observed Expected Numeric AdJHSt.e d
Category name numeric
ID genes genes p value
p value
GO:0006955 immune response 22 7.2773 0 0
GO0:0050900 leukocyte migration 9 2.0063 0 0
GO0:0002682 regulation of immune system 19 8.1524 2x10* 0.001
process
GO0:0002684 positive regulation of immune 13 5.0599 5x10* 0.002
system process
GO0:0002253 activation of immune response 6 22173 0.0067 0.022333
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Figure 1. Immune system (IS) process associated genes are highly co-expressed in the

developing and adult brain. A) Distribution of median co-expression values of 10,000

equally sized random samples of genes. Co-expression is expressed as Z score-transformed

median correlation coefficients relative to the expected distribution. Arrows show the observed

median co-expression between IS process genes (I-), IS process and neurological system

process genes (I-N) as well as IS process genes and random non-specific genes (I-X).

B) Schematic representation of the statistical bias (p values) in co-expression between the

indicated populations of genes.
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Figure 2. Correlated expression is not a general feature of immune system-related genes
in non-nervous tissues. Co-expression of IS genes was examined in independent microarray
expression data derived from whole brain as well as liver, endothelial cells, kidneys and
muscle. Histogram shows the distribution of median co-expression values of 10,000 equally-
sized random samples of genes in five different tissues. All expected and observed co-
expression values and corresponding distributions were Z score-transformed in order to
compare across tissues. Arrows show the observed Z-score transformed median co-expression

between IS process genes in the indicated tissues.
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Figure 3. Immune system genes display a high co-expression clustering in the developing
and adult brain. A) Network representation of 662 IS genes strongly correlated (edges =r >
0.9) with other genes and an equivalent random network with the same size (number of nodes),
density (number of edges) and degree distribution (edges per node). Only associations between
IS genes are shown (IS-IS links). The clustering coefficient of each node is represented by the
corresponding colour intensity (white = 0, black = 1). Mean clustering coefficient of each
network is indicated. B) Comparison between the observed Clustering (arrow) and the
distribution of expected mean clustering coefficients obtained from 10,000 simulated random
networks with same size, density and degree distribution as the real network. C) Chart showing
the ratio of observed vs. expected clustering coefficient across a range of correlation

coefficient value cut-off thresholds.
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Supplementary figure
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Supplementary Figure 1. Up and down regulated genes in TNF alpha stimulated SCG
rat neurons are enriched in Immune system process genes. Enrichment analysis for
immune system process genes was assessed for gene up and down regulated in TNF stimulated
neurons. Distributions in A) and C) show the expected number of immune system genes
obtained from a Monte Carlo simulation, the observed number of genes is represented by an
arrow. B) and D) show the overrepresentation of specific IS process child terms, where bars
denote Benjamini-Hochberg adjusted numeric p value, dashed line represents a significant

level (p BH adgjusiea < 0.05) were the overrepresentation was considered significant.
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Abstract

Involved in the regulation of organ size, cell growth, proliferation, apoptosis, survival,
differentiation and tissue tension, yap! is a key regulator in the cell. Here we apply a
coexpression approach to identify probable yap!l interactors in a non-proliferative
context by contrasting two periods of human brain development that are very different
in their rates of proliferation. We found a mostly different set of genes coexpressed to
yapl in postnatal brain development to those coexpressed in an earlier stage. By a
couple of complementary approached we identify that the observed difference in the
sets of coexpressed genes is not expected by chance. Moreover, we found a marked
difference in the cellular component associated to each group of yapl coexpressed
genes, as well as distinct biological processes and molecular functions overrepresented
at the yapI coexpressed genes of each developmental stage. An enrichment analysis
of microRNAs and transcription factor binding sites pointed towards a potentially
dissimilar regulation of yap/ pontential interactors. Furthermore, known protein-
protein interactors of YAP1 were found overrepresented among yapl coexpressed
genes as well as down regulated genes in a yap ! knockdown in human spheroids. Our
results allow us to identify close functional associates of yap/during this important

developmental transition, unveiling new roles in non-proliferative functions.
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Introduction

YAPI (Yes associated protein 1) has been classically studied as a downstream effector
of the Hippo signalling pathway. Briefly, when the Hippo pathway is activated, MTS1
and MTS2 are in a phosphorylated state which lead to the phosphorylation of LATS1
or LATS2 which directly bind and phosphorylates YAP1, which is retained in the
cytoplasm by 14-3-3 and catenins (Low et al 2014). In turn, when the Hippo pathway
is repressed hipophosphorylated YAP1 can translocate to the nucleus and bind
typically to TEAD transcription factors promoting gene expression of a large number
of target genes (Zhao et al 2008). Regulation of organ size, cell growth, proliferation,
survival and differentiation are among the functions where YAP1 plays a role as the

main effector of the Hippo signalling pathway (Camargo et al 2007, Lian et al 2010).

Although most strongly associated as a member of the Hippo pathway driving cell
proliferation, YAPI1 has also been associated with other pathways. In addition to its
role in the Hippo signalling pathway, YAP1 has been involved in other pathways such
as Notch, EGF, TGFf, and Wnt (Attisano & Wrana 2013, Fan et al 2013, Li et al 2012,
Wang et al 2014). The activation of these pathways may depend on different cellular
cues such as cell-cell contact, adhesion cues, cell polarity, extracellular signals,
mechanotransduction and cellular stress (Low et al 2014, Zhao et al 2012). For
example, YAPI translocation from the cytoplasm to the nucleus has been associated
to cell density in cellular cultures, at higher density YAP1 is retained in the cytoplasm
while at lower density it can translocate to the nucleus where it can promote the
transcription of target genes along with TEAD (Zhao et al 2007). More recently, a
novel function of YAP1 controlling the regulation of tissue tension in medaka and

zebra fish has been described (Porazinski et al 2015).

Studies have revealed that YAP1 plays key roles during development both in driving
cell proliferation but it also has other non-proliferative functions mediated by the
interactions of YAP1 with a large number of proteins. YAP1 gene contains two WW
domains consistent of two tryptophans (W) spaced by approximately 20 amino acids,
these domains are quite versatile and allow YAP1 to preferentially bind different
interactors (Iglesias-Bexiga et al 2015). Two main isoforms can be derived from YAP1

by alternative splicing, the first isoform contain only one WW domain while the
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second contains two WW domains. Both isoforms also contain a SH3-binding motif
and a Transcriptional Activating Domain (TAD), plus a PDZ binding motif necessary
for the nuclear translocation of YAP1 (Sudol et al 2012). A number of proteins can
bind to YAPI at its different domains, for example, AMOTL and LATS1 have been
shown to bind YAP1’s WW domain (Oka et al 2008, Zhao et al 2011). In addition to
the four TEAD transcription factors YAP1 has been found to interact either directly or
indirectly with other transcription factors such as E2F, P73, SMADs, TBXS5, CTNNB,
ERB4 and RUNX2 (Alarcon et al 2009, Ehmer et al 2014, Kapoor et al 2014, Komuro
et al 2003, Levy et al 2007, Rosenbluh et al 2012, Strano et al 2001, Zaidi et al 2004)
potentially targeting the transcription of different sets of genes. Over a hundred
proteins have been shown to directly interact with YAP1 in HEK293 cells (Hergovich
2012) providing an indication of how complex and context dependent is the molecular
network of YAPI. Despite the relatively well known interaction network of YAPI as
part of the Hippo pathway, the gene interaction network of YAP1 in non-proliferative

functions in particular as a mediator of tissue tension remain poorly understood.

Coexpression analyses provide a measure of the likely association between genes. It
has been shown that a pair of highly coexpressed genes have a better chance to
participate in the same biological function (Allocco et al 2004). Coexpression
networks have also been widely used to annotate uncharacterized or poorly

characterized genes (Wolfe et al 2005).

Comparison of coexpression networks even from closely related species have
uncovered numerous differences in gene interactions which might underlie phenotypic
differences (Oldham et al 2006, Stuart et al 2003). Studying coexpression networks in
different conditions can reveal changes in the gene regulatory architecture. Such an
approach has been used in the context of disease in which a group of genes may change
its co-expression at the disease state when compared to a healthy state (Choi et al 2005,
de la Fuente 2010, Miller et al 2008). Even in normal conditions, there has been shown
that some genes may decrease their coexpression in mice as they age (Southworth et
al 2009). This coexpression changes may indicate a rearrangement of the network in

response to diverse stimuli at different levels (Tesson et al 2010).
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During normal human brain development the most prominent processes involve cell
proliferation, migration, synaptogenesis and myelination. The main neuronal
proliferation spurt occurs around the 18™ gestational week (Dobbing & Sands 1973)
and neurogenesis and the establishment of defined brain structures is essentially
complete at the moment of birth (Huttenlocher & Dabholkar 1997). The spurt in
neuronal proliferation is closely followed by an increase in glial proliferation around
24" postconceptional week and the whole brain continues to growth until the 3™ or 4%
postnatal years (Dobbing & Sands 1973). Yap! has been found particularly highly
expressed among brain regions with high levels of proliferation (Orr et al 2011)
suggesting an important role in driving cell proliferation in this organ. Both
proliferation and migration are essential for the establishment of the six layered
cortical structure completed just before birth (Rakic 2002). Although synaptic
connections start being established before birth, maximal synaptic density is reached
between 2 and 16 months of age depending on the cortical region (Huttenlocher &
Dabholkar 1997), and myelinisation peaks between 6 months to 2 years, though
continues through adulthood (Jiang & Nardelli 2015).

In the present study we analyse transcriptome data for 150 human brain samples
corresponding to 15 different brain regions taken from male and female individuals at
10 developmental time points spanning from 12 weeks prenatal development to 3 years
of age. By constructing coexpression networks from prenatal and postnatal samples
and identifying yap! interactions specific to postnatal stages, we aimed to dissect the
gene interaction networks for yap! in the context of a lower proliferation state which

remain poorly understood.

Methods

Human brain gene expression data

RPKM normalized gene expression data was obtained from the Developing Human
Brain Atlas (Hawrylycz et al 2012, http://www.brainspan.org/). A group of 150
samples representing 15 different gene structures across 10 developmental ages was
selected (Structures: primary auditory cortex (A1C), amygdaloid complex (AMY),

cerebellum or cerebellar cortex (CBC), dorsolateral prefrontal cortex (DFC),
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hippocampus (HIP), posteroventral (inferior) parietal cortex (IPC), inferolateral
temporal cortex (area TEv, area 20) (ITC), primary motor cortex (area M1, area 4;
M1C), anterior (rostral) cingulate (medial prefrontal) cortex (MFC), orbital frontal
cortex (OFC), primary somatosensory cortex (area S1, areas 3, 1, 2; S1C), posterior
(caudal) superior temporal cortex (area 22¢) (STC), striatum (STR) and primary visual
cortex (striate cortex, area V1/17; V1C); Ages: 12 pcw, 13 pcw, 16 pcw, 21 pcw, 24
pcw, 4 months, 6 months, 1, 2 and 3 years old). A further quantile normalization was
performed and genes with no variance across all samples removed, resulting in a gene

population of 21711 genes.

Coexpression networks

Pearson correlation coefficient (r) between the gene expression levels of yap! and the
expression of every other gene was calculating, and the collection over 21000
coefficients was referred as a yapl coexpression profile. Highly coexpressed genes
were defined as those with an r >= 0.75. Separate coexpression networks were built

for prenatal and postnatal samples.

Similarity between yapl coexpression profiles

Numeric p value to calculate the significance of the difference in yap! prenatal and
postnatal coexpression networks was obtained by a simulation. For this we pooled the
75 prenatal and 75 postnatal samples and then randomly divided all 150 samples in
two equally sized sets. From each set a yap ! coexpression profile was constructed and
the similarity between the pair of profiles was measured by calculating a Pearson
correlation coefficient (r). The same process was repeated a 1000 times, thus obtaining
1000 correlation coefficients that were finally compared to the similarity (r) between
prenatal and postnatal yapl coexpression profiles. Alternatively, we divided all
prenatal samples (n = 75) into five random non-overlapping groups, building a yap!
coexpression profile from each group. Accordingly five coexpression profiles from
non-overlapping groups of postnatal samples were obtained. Next, the similarity
between each pair of yapl coexpression profiles was calculated through a Pearson
correlation. The similarity between coexpression profiles was grouped according to
whether they were built from expression data from the same or different developmental

stage.

64



Functional enrichment analyses

Overrepresentation of genes associated with in particular functional groups was
assessed with enrichment analysis using WEB-based GEne SeT Analysis Toolkit
(WebGestalt) (Wang et al 2013, Zhang et al 2005). Enrichment analyses were
performed for gene annotations to KEGG pathways, TF binding sites, miRNA targets
and GO terms. Parameters used for all enrichment analysis were as follows: reference
set of over 21,000 genes with gene expression, hypergeometric test as statistical
method, Benjamini Hochberg multiple test adjustment, significance level under 0.05

and 2 as the minimum number of genes for a category.

Yap1 knockdown in human spheroids transcriptome

Spheroids of human cells were grown as previously described by Porazinski et al
(Porazinski et al 2015). Deep sequencing was achieved using Illumina HiSeq
technology. The overall quality of the reads was evaluated with fastQC, then in order
to remove any contamination of adapter sequences 100 nt reads and poor quality reads,
a further trimming was accomplished using Trimmomatic (Bolger et al 2014), reads
with at least 36 bases where retained for further analysis. Reads were aligned using
TopHat2 (Kim et al 2013) with both the complete genome and transcriptome
sequences (GTF was obtained from Ensembl). Reads mapping multiple locations were
removed from the analysis, the remaining counts were summarized by ensemble gene
id using GenomicFeatures and GenomicAlignments packages for R in Bioconductor

(Lawrence et al 2013).

Differential expression analysis of yap1 knockdown in human spheroids

Expression data as counts per ensembl gene id was further TMM normalized before
comparing gene expression between control ShRNA and yap1-shRNA in the human
spheroids. Genes were referred as differentially expressed if the Benjamini-Hochberg
p value was below 0.01. This resulted in 1316 genes upregulated and 819
downregulated genes at the yapl knockdown. From these 988 and 669 genes

respectively had expression in the human brain.
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Overrepresentation of YAPI known interactions and DE genes

All genes coding for the proteins that interact with YAP1 described by Hauri et al.
(Hauri et al 2013) for which they were human brain expression available were selected.
Next, the proteins were mapped to their corresponding ensemble gene ids through
uniprot entry name. Then, the intersection between the genes coexpressed to yap/ and
the genes that physically bind to YAP1 was measured. To assess whether the observed
intersection was bigger than expected by chance, the intersection between a random
samples of genes (same size as the number of coexpressed genes) and YAPI
interactors was measured, repeating the process 10000 times, and thus allowing us to
calculate a numeric p value. Yapl coexpressed genes were treated separately,
depending on whether the genes were coexpressed to yap ! exclusively during prenatal
or postnatal period or in any developmental stage. A similar analysis was done
measuring the intersection between the genes coexpressed to yap! in the human brain
and the genes differentially expressed in the human spheroids where yapl was
interfered by a ShRNA compared to the control. Differentially expressed genes were
treated separately depending on whether they were up or down regulated in the yap1-

shRNA human spheroids.

Results

In order to investigate the genomic interactions of yap! in a non-proliferative state we
constructed coexpression networks for the yap/ gene from RNA-seq human brain data
available at the Developing Human Brain Atlas (Hawrylycz et al 2012,
http://www.brainspan.org/), 15 different structures across 10 ages spanning from
postconceptional week 12 to 3 years were further divided into 2 subsets, according to
whether they correspond to prenatal or postnatal periods. For each of these subsets we
measured the coexpression level of yapl with every other single gene through a
Pearson correlation coefficient. Then, those genes displaying a high degree of
coexpression with yap I were considered as yap ! interactors (r >= 0.75). We found that
a large proportion of these genes are exclusively highly coexpressed with yap! either

at prenatal or postnatal stage (figure 1).
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In order to assess if the observed differences in the coexpression networks in prenatal
and postnatal stages for the yap 1 gene are larger than expected by chance, the similarity
in yapl coexpression in prenatal and postnatal stages was compared to sets of samples
divided randomly. For this, each time two yapl coexpression profiles were
constructed, each of them based on a random selection of half of the samples, then a
linear correlation between the profiles was calculated. The same process was repeated
a thousand times. The resulting distribution was then compared to the similarity of
coexpression profiles in prenatal and postnatal states (r = 0.3834715). We found that,
as shown in figure 2a, the difference between yapl coexpression profiles is
significantly larger when the samples are initially divided in pre and postnatal than

expected from our random simulation (p < 0.001).

As a complementary approach the expression data was divided into 10 smaller non-
overlapping groups of 15 samples from either prenatal or postnatal stage. Based on
each group of samples a yapl coexpression profile was calculated, thus obtaining 10
different profiles. Next, the similarity (r) between each pair of profiles was obtained
and based on the distance (1 - r) and a dendrogram was constructed. If the differences
observed between yapl coexpressed genes at prenatal and postnatal stages were a
spurious result we would expected a random clustering of the yap! coexpression
profiles build from prenatal and postnatal. However, we observed a main division on
the dendrogram between the yapl coexpression profiles according to their
developmental stage (figure 2b). As summarized in figure 2¢, we found that similarity
of yapl coexpression profiles is higher when yapl coexpression profiles are
constructed based on non-overlapping samples within the same stage than between
stages (within prenatal profiles vs. between prenatal and postnatal profiles t = 8.36, p
= 5.85 x1077; within postnatal profiles vs. between prenatal and postnatal profiles t =

7.73, p = 7.62x 10°).

So far, we demonstrated that yap! is associated by coexpression to different gene sets
at particular periods of brain development and that the sharp division between these
gene populations before and after birth is not expected by chance. Proteins that work
together tend to be localized at the same cellular compartments. If the populations of
yapl coexpressed genes were to be participating in the same function(s) we would

expect that the proteins coded in these genes be preferentially localized in defined cell
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parts. As an approach of measuring co-localization, we performed an enrichment
analysis in gene ontology annotations using the Webgestalt toolkit. A subset of these
gene ontology annotations refers to the cell component where the gene products are
localized. Remarkably, we not only found a large number of -categories
overrepresented among the yap ! coexpressed genes, but also little overlap between the
compartments significantly enriched between developmental stages, being the
cytoplasm the only compartment significantly enriched in both populations (figure 3).
While yapl coexpressed genes during prenatal period tend to localize more than
expected within the organelle lumen and spatially close to chromosomes, genes
coexpressed at postnatal stage are markedly overrepresented at the cell periphery, more
precisely at the cell surface, focal adhesion and cell-substrate adherens junction. These
results support that yapl coexpressed genes at different developmental periods in the

human brain are involved in different functions.

To further examine these yap 1 coexpressed gene populations, we focused our attention
in the biological process terms within the gene ontology enrichment analysis. For each
set of temporally specific yap! coexpressed genes we found 40 specific biological
processes overrepresented (figure 4a). Interestingly, a completely different set of
biological process were found enriched among the genes coexpressed to yapl
prenatally and those coexpressed with yapl at a later stage. At prenatal stage yapl
associates are mainly overrepresented in cell cycle related functions, particularly in its
regulation and progression. More specific process such as cell and nuclear division,
chromosome condensation and segregation as well as DNA replication were also
found being significantly enriched (figure 4a, left panel). In contrast, functions related
to development, cell migration, motility, differentiation, signalling, and
communication were found significantly enriched among the genes coexpressed to

vapl exclusively during postnatal development (figure 4a, right panel).

As an independent additional functional -classification we wused the Kyoto
Encyclopaedia of Genes and Genomes (KEGG) pathways to perform an enrichment
analysis. As shown in figure 4b, consistent with our previous result, cell cycle pathway
is the most significantly overrepresented among yap! prenatal specific coexpressed
genes. On the other hand, yapl coexpressed genes specific of postnatal period

appeared to be enriched predominantly in focal adhesion and in the regulation of the
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actin cytoskeleton, followed by other pathways related to metabolism, endocytosis,
ECM-receptor interaction and TGF-beta signalling. Even though both gene
populations are overrepresented in pathways in cancer, adherens junction and fatty
acid metabolism, the majority of pathways enriched among yap! coexpressed genes

are stage specific.

Genes that participate in the same function are likely to be regulated in the same way.
Both transcription factors and microRNAs are the most ubiquitously regulatory factors
in multicellular genomes (Hobert 2008). We carried out an enrichment analysis to
investigate potential shared regulation of yapl coexpressed genes. A transcription
factor binding site for an unknown protein (AACTTT) together with binding sites for
SP1 and E2F were found beyond expectations among the genes exclusively
coexpressed to yapl during prenatal period. Motifs were also found significantly
overrepresented within the genes uniquely coexpressed to yap! at the postnatal period,
among those for known transcription factors were FREAC2 (FOXF2), ATF4, OCT],
HFHS, PAX4 and HOXA3, plus another 5 motifs that bind unknown transcription
factors (figure 5a). Additionally, a significant excess of miRNA target genes were
found among the genes exclusively coexpressed to yapl after birth, being the most
overrepresented sequences recognized by MIR-124A, MIR-200B, MIR-200C, MIR-
429, MIR-17-5P, MIR-20A, MIR-20B, MIR-106A, MIR-106B and MIR-519,
followed by tens of other miRNAs (figure 5b).

Ours results clearly show that yap! is not only associated to a particular sets of genes
at specific developmental points, but also that this genes are preferentially localized in
cell components and engaged in non-overlapping functions in the prenatal and
postnatal developmental periods. Furthermore, there is a strong indication that yap!
coexpressed genes share a common regulation within the same developmental stage,
as shown by the significant enrichment of targets of specific transcription factors and
microRNAs. There is also a clear distinction on the potential regulators of the genes
coexpressed to yapl before and after birth. Taken together, these results strongly
suggest the involvement of yap! in different functions depending on developmental

stages of the human brain.
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There is not a complete correlation between mRNA expression levels and protein
abundance, either due to relevant biological or technical reasons (Maier et al 2009).
Nevertheless, an overlap between the genes coexpressed to yapl and proteins
previously found to physically interact with the YAPI protein would provide
supporting evidence for the interactions we have identified. For this, all genes coding
for proteins that interact with YAP1 were obtained from a recent work from Hauri et
al. (Hauri et al 2013) were they described the interaction proteome of human Hippo
signalling pathway, among which YAP1 is a known downstream effector. Then,
separately for the genes coexpressed to yap! at each stage, the intersection with the
genes coding for the proteins that interact with YAP1 was measured. A total of 15
genes were found to overlap between the genes coexpressed to yapl and the YAP1
protein interactors. To assess whether the observed overlap was higher than expected
by chance, we estimated the size of the intersection by taking 10000 random samples
of genes of the same size as the number of genes coexpressed to yap/ and then for
each sample we measured its overlap with genes coding for YAP1 interactors. Based
on the distribution of the resulting values we estimated a numeric p value. A significant
overlap was found between the genes coexpressed to yapl and YAPI1 protein

interactors at prenatal period (p = 0.0013) and after birth (p = 0.0666, shown in Table
1).

The fact that two genes are coexpressed does not imply a directional regulation of one
gene to the other, it merely reflects the synchrony in increases and reductions of
expression levels, thus unlike protein-protein interactions provides only an indirect
association between genes. However, if among yapl coexpressed genes there were
some downstream effectors of yap! we would expect that some of them, at least more
than expected by chance, would to be differentially expressed when yapl is
knockdown. In this case we asked if among yapl coexpressed genes we find an

overrepresentation of differentially expressed genes in a YAP1 knockdown.

To test this idea, yap! was interfered by a small hairpin RNA at human cell spheroids.
RNA was extracted and sequenced for 3 biological replicates of cells transformed with
a yapl-shRNA and another 3 for the corresponding control shRNA. Based on the
RNA-seq expression data we were able to perform a differential expression analysis

using a linear model approach (Ritchie et al 2015). This method allowed us to identify
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1316 up regulated and 988 down regulated genes at the yap! knockdown. From which
only 819 and 669 (up and down regulated respectively) had detectable expression in
the human brain. The overlap between differentially expressed (DE) genes in the yap1-
shRNA and the yap! coexpressed genes was measured separately for up and down
regulated genes, and for genes highly coexpressed to yapl at specific stages. To
determine how significant the observed overlap were, an estimated overlap and
corresponding numeric p value was calculated based on the overlap from 10,000
random samples of equal size as the yap! coexpressed genes population. Remarkably,
an overrepresentation of DE genes in every single subpopulation of yap! coexpressed
genes was detected, with no particular preference for up or down regulated genes

(Figure 6, Table 2).

Discussion

Here we have used a coexpression network approach to identify gene populations that
are associated to yapl in a context dependent manner, contrasting two brain
developmental stages marked by different degrees of cell proliferation thus allowing
us to gain insights on the architecture of the gene network of yap! in non-proliferative

functions which have remained poorly understood.

To start with, we identified the gene populations of genes highly coexpressed to yap!
particularly at prenatal and postnatal stages of brain development. The gene
populations associated to yapl at prenatal and postnatal stage had little overlap
(Jaccard index = 0.06, r >= 0.75, figure 1). When compared to a random partition of
the samples there is no other comparison where this difference is particularly marked
as when developmental periods before and after birth are compared, this was supported
by a two different and complementary simulation approaches (figure 2). This
difference in yapI coexpression profiles between prenatal and postnatal development
is likely to reflect change in the relevance of yap! interactions in the context of
proliferative and non-proliferative developmental stages in the brain. As a further
support of our coexpression network approach, we were able to identify significantly
overrepresented proteins that directly bind to YAPI among the prenatally yapl
coexpressed genes, and an almost significant enrichment within the corresponding

postnatal gene population (Tablel). It is reasonable that the difference between the
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results between prenatal and postnatal yapl coexpressed genes is due to the fact that
HEK cells that Hauri et al. used to determine YAP1 protein-protein interactions are
highly replicative, thus, biased towards proteins present while YAP1 is likely to be

involved in a proliferative role.

By performing an enrichment analysis of cellular components, the only common
significantly enriched term was the cytoplasm, a rather general and large cellular
compartment, while more specific, smaller and importantly non-overlapping
components were overrepresented only at precise developmental periods, such as
chromosome part and replication fork at prenatal development, and cell adhesion and
cytoplasm-membrane bounded vesicle at the postnatal stage. Functional enrichment
analyses of gene Ontology biological processes and KEGG pathways confirmed our
expectations, prenatally yapl coexpressed genes tend to participate in a more
proliferative related functions (i.e. cell cycle), opposed to a postnatal development
where this functional signature is no longer detected, and instead a completely
different set of functions is revealed. As an example, exclusively coexpressed to yap/
during prenatal brain development were the proliferating cell nuclear antigen (PCNA),
along with two cyclins (CCNA2 and CCNBI1), a cyclin dependent kinase (CDK2), cell
cycle division proteins (CDC14A, CDC20, CDCAS) among over forty genes directly

associated to cell cycle.

The apparently heterogeneous functions enriched among yap! coexpressed genes at
postnatal stage are actually coherent and include elements mediating the interactions
between cells (gap junction, cell junction organization, cell communication and
regulation of cell communication), and the extracellular matrix (focal adhesion, ECM
receptor interaction), denoting the role of postnatal yap! coexpressed genes as both
sensors of mechanical force and external signals as well as components integrating
those signals within the cell (cell surface receptor signalling pathway, enzyme linked
receptor protein signalling pathway, signalling, regulation of signalling, single
organism signalling, TGF beta signalling pathway) which might derive in cellular
responses including developmental processes, migration, differentiation,
morphogenesis and even changes in some metabolic processes (organic acid

biosynthetic process, fatty acid metabolic process, amino acid metabolism).
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During normal morphogenesis cells must interact with others and their surroundings.
It has been proposed that during development different cells can be spatially sorted
according to their surface tensions (Foty et al 1996). Accordingly, cell types
characterized by a greater cohesion are sorted within cell with minor cohesion reaching
an equilibrium state once arranged (Foty et al 1996). Differences in tension and cell
cohesion between cell types depend on a combination of adhesion between cells,
between cell and the extracellular matrix as well as the response of the internal
architecture to external forces in order to maintain a specific shape (Foty & Steinberg
2005, Lecuit & Lenne 2007). In the present work, coexpressed to yap I during postnatal
brain development we found several genes coding for the proteins that mediate cell-
cell contacts, including to ocludin (OCLN) and tricellulin (MARVELD?2), the first
allows bicellular tight junctions while latter as its name indicates allows the contact
between three cells and have a critical in the formation of the epithelial barrier
(Ikenouchi et al 2005). For instance tissue surface tension increase as the expression
levels of cadherins gets higher (Foty & Steinberg 2005), here we have found one of
these calcium-dependent cell adhesion proteins cdh20 and the genes coding for the
cadherin-associated protein (CTNNA1) highly coexpressed to yap! during postnatal
development. YAP1 itself has been propose to regulate tissue tension upstream
ARHGAPI18 by altering the actin and fibronectin assembly in human spheroids
(Porazinski et al 2015), however the role of other GTPase-activating proteins has not
been excluded. In accordance to these findings, we found arigap3! to be highly
coexpressed with yapl in the postnatal brain; this gene codes for another GTPase-
activating protein which mutations has been linked to Adams-Oliver syndrome, a rare
disease involving congenital scalp defects and terminal transverse limb defects (Isrie
et al 2014). We also found genes coding for fibronectin (fz/) and moesin (msn) to be
highly co-expressed with yap! at postnatal stage. While FNI1 is a major glycoprotein
of the extracellular matrix that typically binds to integrin molecules (Busk et al 1992),
MSN is a notable linker between the plasma membrane and actin cytoskeleton at the
cell cortex (Amieva & Furthmayr 1995). Both fin/ and msn (together with arhgap19)
has been found down regulated by the microRNA miR-200c (Howe et al 2011), whose
binding sequence was found overrepresented in yapl coexpressed genes (Figure 5b,
right panel). Some members of the integrin gene family itgal, itga6, itgbl and itgh5,
along with erzin (erz) which product forms a protein complex with that of msn, and

vimentin (vim) a member of the intermediate filament, are also part of the machinery
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that permit a cell to respond to its environment (Gary & Bretscher 1993).These genes
were all found to be highly coexpressed to yapl in a postnatal non-proliferative
context. Notably, erz and vim were found differentially expressed at human spheroids

when yapl was knockdown.

Beyond the actual sets of functions identified for each set of yap! coexpressed genes,
we further investigated the potential common regulators of these gene groups with
both an enrichment of transcription factor binding sites and mi-RNA binding sites.
These analyses revealed mostly different TF binding sites and in the case of mi-RNA,
the overrepresentation was only among the yap coexpressed genes at postnatal stage,
signifying a predominant regulatory role of mi-RNAs over yap! associates in a non-

proliferative context.

As a co-activator, YAP] interacts with several transcription factors to promote or
inhibit the expression of a large number of target genes. Is worth mentioning that based
on the brain expression data analysed here, we found tead! and fead? coexpressed to
vapl exclusively during prenatal development, suggesting that particularly at this
developmental stage they may be working together to promote the transcription of
other genes. However we cannot rule out the possibility the involvement of TEAD

proteins in other non-proliferative functions.

In summary, by applying a coexpression network approach to analyse the role and the
interactors of the yapl gene in highly proliferative and low proliferative prenatal and
postnatal brain development stages we have identified a distinct set of gene interactors
to each stage. The functional analyses of these sets of genes have revealed a marked
difference in the functions of the genes related to yapl at each stage. Our findings
reveal that interactors for yapl in both stages are enriched in different cell
compartments and identify novel molecular interactors of yap! which might be key to

yap1’s roles in non-proliferative functions.

Conclusions

Based in a differential coexpression approach involving human brain we were able to

identify a significant change in the way yap1 is coexpressed to other genes before and
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after birth. Being YAP1 a major hub in signal transduction, the contrast between the
prenatal and postnatal associates in terms of their localization, function, and potential
regulation (by transcription factors and microRNAs) allow us to separate the
proliferative and non-proliferative role of yap/ in the human brain. Furthermore,
known protein-protein interactors of YAP1 and down regulated genes when yap! was
knockdown in human spheroids. Strongly suggesting that at this latter stage yap! and
its associates is involved in integrating external cues, and conceivably involved in the

maintenance of tissue tension.
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Tables

Table 1. Overlap between yapl coexpressed genes and YAP1 known protein interactors

(Hauri et al 2013). We obtained different gene subpopulations of genes coexpressed to yap1,

depending if the genes were highly coexpressed to yap either only during prenatal or postnatal

development or at both developmental stages. In the other hand, we were able to match the

human brain expression data available with 225 genes coding for known physical YAPI

interactors. For each subpopulation of yap ! coexpressed genes we test if there was a significant

enrichment of genes coding for YAP1 protein interactors based on a simulation analysis (see

Methods).

Observed
Yapl1 coexpressed Number  YAPI protein Numeric
genes (r >=0.75) of genes  interactors Expected SEM p value
At any stage 494 15 5.1247 2.2272  0.0001
Only during prenatal 180 8 1.8748 1.3692  0.0013
stage
Only during postnatal 282 6 2.8797 1.6636  0.0666
stage
At both prenatal and 32 1 0.3372 0.5743  0.2886

postnatal stage

76



Table 2. Overlap between yapl coexpressed genes and differentially expressed (DE) genes

in human spheroid cells yapl knockdown. Gene expression was compared between cells

where yap I expression was repressed through the expression of a yap1-shRNA and cells where

a control shRNA was introduced. Gene differential expression was tested using limma, as a

result we found a total of 1316 and 819 genes up and down regulated respectively in the yap1-

shRNA cells (see Methods). For each subpopulation of yapl coexpressed genes (genes

coexpressed at a particular developmental stage), we test if there was an enrichment of genes

differentially expressed in human cell spheroids yap! knockdown. Enrichment was tested

separately for up and down regulated genes:

Yapl1 coexpressed Number Numeric
genes (r >= 0.75) of genes UP regulated Expected SEM p value
At any stage 494 54 29.1365 5.1689  0.0001
Only during prenatal 180 20 10.8188 3.1316  0.0059
stage

Only during postnatal 282 27 16.4665 3.8615  0.0084
stage

At both prenatal and 32 7 1.8841 1.3194  0.0021
postnatal stage

Yapl1 coexpressed Number DOWN Numeric
genes (r >= 0.75) of genes regulated Expected SEM p value
At any stage 494 49 19.7786 43146  0.0001
Only during prenatal 180 23 7.3648 2.6219  0.0001
stage

Only during postnatal 282 22 11.1164 3.2342  0.0020
stage

At both prenatal and 32 4 1.289 1.0978  0.0354

postnatal stage
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Figures
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Figure 1. Yapl coexpressed genes at different developmental stages in the human brain.
(a) The nodes in the graph denote genes and the edges their coexpression with yap!l (r >=
0.75). Colour code indicate whether the high level of coexpression in maintain only in prenatal
(pink), postnatal (blue) or at both developmental stages (grey). Yap! is coexpressed with an

almost different set of genes at each stage.
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Figure 2. The observed differences in yapI coexpression profiles between developmental
stages are higher than expected by chance. (@) Histogram showing the resulting 1000
correlations measuring the similarity between each pair of yapl coexpression profiles
constructed from a random division of all samples, while the arrow indicates the significantly
reduced similarity between the prenatal and postnatal yap! coexpression profiles (p < 0.001).
In a complementary approach, all prenatal samples were randomly divided in 5 non
overlapping groups of 15 samples, based on each group the Pearson correlation between the
expression of every single gene and the expression of yap ! was obtained. Thus obtaining five
coexpression profiles for yap! (profile 1 to 5) based on prenatal samples, likewise we built
five coexpression profiles for yap! based on all postnatal samples (profile 6 to 10). Lastly, the
similarity between the resulting yap 1 coexpression profiles was obtain as a Person correlation.
(b) Dendrogram shows the dissimilarity (1 - r) between yapI coexpression profiles built from
either prenatal (salmon) or postnatal (blue) non-overlapping samples. (¢) Barplot showing the
average similarity (r) within yap! coexpression profiles built from prenatal samples (salmon),
within yapl coexpression profiles built from postnatal samples (blue) or between yapl
coexpression profiles built from samples of different stages (purple), error bars denote the
standard error of the similarity between pairs of profiles (within prenatal profiles vs. between
prenatal and postnatal profiles t = 8.36, p = 5.85x107; within postnatal profiles vs. between
prenatal and postnatal profiles t = 7.73, p = 7.62x10°°).

79



(@)

extracellular matrix

(b)

extracellular matrix

cleus

OO OO OO S e

organelle lumen
intraccllular organclle part
membrane—enclosed lumen
condensed chromosome
intracellular organclle lumen
nuclear chromosome
organcllc part
chromosome
chromosomal part
1lular membr
nucleoplasm

1 Asd

organelle

| membrane—bounded organclle

cytoplasmic part
spind!

pindle
condensed nuclear chromosome
nuclear chromosome part
cytoplasm | .

endoplasmic reticulum lumen
nuclear lumen

MCM complex

cell periphery

cell surface

focal adhesion

cell—substrate adherens junction
cytoplasm

cytoplasmic membranc—bounded vesicle
basal plasma membrane
membrane—bounded vesicle
cytoplasmic vesicle

cell cortex

actin cytoskeleton

apical part of cell

membrane raft

platelet alpha granule

vesicle

apical junction complex
caveola

nuclear part

organelle

intracellular organelle

intracellular part

microtubule cytoskeleton .
condensed nuclear chromosome kinctochore
anaphase—promoting complex

replication fork R

condensed chromosome kinetochore

Golgi apparatus

nucleus i .
condensed chromosome, centromeric region
intracellular

nuclear ubiquitin ligase complex

pigment granule

melanosome |

endoplasmic reticulum part

microfibril

cytoskeleton

Kinetochore

- log10 (p value)

Figure 3. The products of yapl coexpressed genes at different stages localize
preferentially at specific cell components. Using the online WebGestalt toolkit we
performed a Gene Ontology enrichment analysis for all the genes that are highly coexpressed
(r>=0.75) with yap1. The cell diagrams summarize the significantly overrepresented cellular
component GO terms after Benjamini Hochberg correction (p B adjusied < 0.05) among (a) yap 1
highly coexpressed genes only during prenatal development and (b) yap! coexpressed genes
only during postnatal stage. Squares next to each gene ontology indicate the minus logarithm
of the adjusted p value, as the red intensity increases the more significant overrepresentation

of genes among that particular GO term.
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Figure 4. GO and KEGG enrichment analysis reveals clear functional differences among
yapl coexpressed genes at different developmental stages. Barplots represent the minus
logarithm of Benjamini Hochberg adjusted p value for categories significantly enriched among
genes highly coexpressed with yap! only during prenatal (left) or postnatal period (right).
Dashed line mark the threshold above which categories were deemed significant (p s adjusted <
0.05). (@) Shows biological process GO terms significantly enriched while (b) denote
overrepresentation of genes among KEGG pathways. Black labels denote GO terms and

KEGG pathways exclusively enriched at a particular developmental stage.
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Figure 5. TF and miRNA targets enrichment analysis of yapl coexpressed genes at
different developmental stages shed light into a differential regulation. Barplot represent
the minus logarithm of Benjamini Hochberg adjusted p value for categories significantly
enriched among genes highly coexpressed with yap! only during prenatal or postnatal period
(left and right, respectively). Dashed line mark the threshold above which categories were
deemed significant (p BH adjustea < 0.05). (@) Barplot shows significantly overrepresented
transcription factor binding motifs while (b) denote enrichment of target genes containing a
sequence recognized by a specific miRNA. Black labels denote TF and miRNA binding sites

exclusively overrepresented at a particular developmental stage.

82



11d0s | ueM  Wwiouwvd  1duso
sttt

Jojoey uonduasuedy Aq uoissaidxs jo uonenbal jejusjod - -«
juawdojanap ssoloe | deh yym uoissaldxaod ybiy

juswdojaaap |ejeulsod Buunp Ajuo LdeA ypm uoissaldxaod ybly =

yuawdojanap |ejeuald Buunp Ajuo | deA yum uoissaidxaod ybiy

[iw0a] “iear |

pajuasalidaliano Ajjueoyiubis ays Buipuiq e 0} pajeoosse o |
LdVA Uim joesajul AjlesisAyd jyonpoud suab [ ]

ay 1deA ui suab pajeinbas umop N

ay LdeA ur suab pajeinbal dn

(6270 < 4) LdeA o) passaldxa09 Ajybiy suab

| edsna | szmany 1avawy| Haro an Tmawo _ 210sH _ LaMN  veLom omNEId 2vrroTs [ romra | zoow | [0 ] wvs | [B6SES) [Zonams
Wivo |- sessud a:zuxw o | me w zdvzva [owidly | zavd " iveHa
& o Vioedsz [@ekn | issov | eazs | [iGHERD) [snnad
#n_._w>z<_r qmm:.rﬁ 1IN0 [~ 1aHovol: zd0s [ vashL wn u_ uway [ounow | szado  ordsn [ orumn [or0n | sane | asoaa| anna | jeocasz| |EREEEY
1 == o ESUSNSN S - —— SN
aroan || zxnL ﬁ ssnL o v [esiaond taiano et o] e wraiian | noN S busHeo _Haxom _HU_:SuJm onciy H_mx s | ST
- gy by —— e
e | doam zsag L Nid h_ 10OV [3889HADE! LILVIH u 2Zv4SS | 2410 L0890V , ZV0ZOTS T LHSVS :xE I N nwwné_ 4l :.n_ - l
w73 | vera Emoxzﬁ axan g_(omm 0815 ;. suova £ €008y 3 2idav § veown1 z0o0n [ casa S avsiau y sooa \ oviots o sexns o svo - svoao mer_nmm - va100 |-[rasona I I
L Erov] 4 g o A A A ﬂr
E«ET gspuam| | sdrL - eziw W 1advd [ 0£0Xad S IYNNLO S LOMIHO  10M19 & 19YQ JISINVaY 119uSY B ZHa40L § 82divld \ﬂc 2 ennd 3 vanry o tosme mwm,«xnisr u_upli E
- on3 r!’znx [ woins 1 ividdd [rravinolf vesa £ sonv F edas § eNaHy 5 02400 11800 § zowd B zuwza VWS o vOwN o 6rHoso | wan n_ DRIN | pdvaN ilvng_
PVFOTS §.m_5,m TVIOTS |£ SVdd hdd OLIVYING PYIO1S 8 SSOY F 1OXOd 8 21d9 4 / L09SM f£ SvwNO E NuL3W o oLy pmm.._ m?xwaHm:uz o vaHa3 E ~{ !NOLS l
@. I_NEET SaLOM rﬁ5:<- WL [y edvoruYLosuldddy vavd ZHaW g 1003N §188107 £aNdD Z ozt 7008 {04 10NN, 13838 | 5231 _o[2dvOIN a0V ={S000I0 | 2404 -
SO | AHOHG |- VO |- GMVEN = 911D o EXY = ZIND = ZNTD = WIOSTd = IXOOV 86wl 89000 = TNH o 11x01 o 103 { e H sdsvo 5 1aam Tl- @
Ini&zm:%&ﬁ:xﬁ 1oaH P{iaasH ] zand foivosord shwt Tizanndz| nvos “Jiusudos iiaonvE cTivs T R R i e e ) B
———
N = ——
— \tzwz: 1omv wnia v493A 4 1auds /| sanvaz / = 92«6 B [HoddT]
e > e — 2 85H050 P
q i mm\m 14diS = €ud0d 7 78491 auﬁ Ny £4M 2 1837 7 2xHZ | tvoois nzxum v600 7} 0z0ds /| 511013 Ndad // / e 3_<m W EW o g
- W o Es AN —
9490d zoi | bddTHd F o3dN3 ] Ha3H “wiido | 1w Jeawaa .dx«% wou [ s [ vas vaounaN' eizanz | zaiel | zios [N[ZIALL MG | NS Sl - =
3 - s et (s ey |t ?:87 8&. 1] s EwEo/%Eu “veruvdf zaavon]” stami abarnt | rE
taav - E§ 1-252 J = v sero [| aoL :nﬁ.om ovoL “_ i \_ \azun g0 mwmuw m«mmE meOm_ FOS.._ $oas _/m S TS TS W:( el 1
7 ™ TASYM aa(‘nm 1330 rlhg r YN N(Ex( nw_ﬂﬂl.r 2] WNOd .
| mas aai | <ozx G iavo 0n<_zmw s, e T G-Ez_ —mxmwm_ nZEer::mzp k{ ﬁ f F W ”3

2000 | vdixad | zasu3 _9\&.695

) .«ewo . 80Z9H |- :._.m:oﬁ swion

83



Figure 6. YapI coexpression network integration. (@) The network represents as rectangles
all those genes that are highly coexpressed to yap! at different developmental processes.
Rectangles are coloured in either red or blue depending on whether they were significantly
over or under expressed at the yap! knockout in human spheroids. Thicker border line denote
genes coding for proteins that are known to bind YAP1 according to Hauri (Hauri et al 2013).
Diamonds represent TF binding sites overrepresented among the different populations of
coexpressed genes. Solid lines denote a high association between the expression levels of two
genes at either prenatal (red), postnatal (blue) or both stages (grey). Purple dashed lines link a
gene to its potential regulator given the overrepresented TF binding site (or the

overrepresented if there is not any known factors that bind that sequence).
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Abstract

Lifespan is a highly variable trait among mammalian species, differences can be
counted in orders of magnitude. Evolution of a longer lifespan may be linked to
genomic adaptations that reduce damage and/or promote maintenance, increase
resistance to stressors, pathogens and/or environmental threads. Still, the nature of
genomic changes accounting for such variations in species lifespan are only beginning
to be explored (Li & de Magalhaes 2013). Although overall gene number has remained
relatively constant over metazoan evolution, whole genome comparisons have
revealed dramatic changes in size of individual gene families (Demuth et al 2006,
Fortna et al 2004, Hahn et al 2007a, Hahn et al 2007b, Hughes & Friedman 2004,
Rubin et al 2000). These variations have been proposed to play a major role in shaping
morphological and physiological differences between species. Here we found, a
significant enrichment of gene family size (GFS) variations in line with increased
lifespan. Using a comparative approach including 28 sequenced mammalian species
and 11943 gene families we show parallel changes in GFS and maximum lifespan that
are not secondary to known correlates of lifespan (degree of encephalization and
neocortex to brain ratio) and are not completely explained by phylogenetic effects.
Immune and defence response related functions are overrepresented among these
families, and most remarkably gene variants previously associated to longevity in
humans. We propose that during evolution of longer lifespan in mammals, underlying
genetic adaptations of longevity and defence response mechanisms were in part

brought about by changes in the number of gene copies within selected gene families.
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Introduction

Lifespan is in part limited by aging, a complex process of accumulation of molecular,
cellular, and organ damage, leading to loss of function and increased vulnerability to
disease and death. The most accepted theories of ageing fall into two camps,
programmed and damage or error theories. Program theories imply that lifespan is
limited, presumably an unavoidable by-product of the intrinsic program controlling
development and growth (Walker 2011). This developmental program is proposed to
depend on changes in gene expression that affect the systems responsible for
maintenance, repair and defence responses. Error theories on the other hand emphasize
environmental factors and insults compromising the organism’s integrity leading to
cumulative damage at various levels resulting in aging (Kirkwood et al 2000, Wensink

etal 2012).

Comparative studies suggest that variations in maximum lifespan across species reflect
intrinsic differences in the molecular machinery governing the ability of organisms to
cope with age-related cellular damage and vulnerability to disease (Finch et al 2010,
Harper et al 2007, Kirkwood et al 2000, Kourtis & Tavernarakis 2011, Perez et al
2009, Ricklefs 2010, Schumacher et al 2008). Among these studies Ricklefs and
Cadena identified a significant genetic contribution to the age of death in captive
populations of wild mammals (Ricklefs & Cadena 2008). A general positive relation
between the survival of primary fibroblast cultures exposed to various stressors and
the corresponding lifespans of the species from which the fibroblast came from has
been reported (Finch et al 2010). Furthermore it has been proposed that species specific
cellular responses to stress and inflammation may contribute to the evolution of
longevity (Finch et al 2010, lannitti & Palmieri 2011). Comparative studies have been
proven to be useful to identify genes and pathways relating accelerated protein
evolution and mammalian longevity (Li & de Magalhaes 2013). However other
genomic changes accounting for the observed differences in longevity across species

remain largely unexplored.

While overall gene number has changed little over the last 800 my of metazoan
evolution, recent analyses of gene family evolution have shown instances of dramatic

gene family expansion and contraction with frequent gene turnover (Ashburner et al
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2000, Demuth et al 2006, Fortna et al 2004, Hahn et al 2007a, Hahn et al 2007b,
Hughes & Friedman 2004). The fact that these variations are accentuated in gene
families associated with certain functional categories suggests that changes in gene
number within gene families may reflect evolutionary responses to specific functional
demands (Castillo-Morales et al 2014, Hahn et al 2007a, Hahn et al 2007b, Hughes &
Friedman 2004, Kapheim et al 2015). Here we use a comparative genomics strategy
covering 28 fully sequenced mammals in order to identify the connections between

lifespan and GFS variation.

Methods

Gene family size annotations

Annotated gene families encompassing 28 fully sequenced mammalian genomes were
obtained from Ensembl release 76 (Flicek et al 2014). In the context of this annotation,
Ensembl families are defined by clustering all Ensembl proteins along with metazoan
sequences from UniProtKB. Any given gene family constitutes a group of related
genes that include both paralogs within the same species and orthologs and paralogs
from other species. GFS represents the total number of genes per gene family. In order
to maximize the number of families covered in this study we included all gene families
with members present in no less than six of the 42 sequenced mammalian species and
excluded any family with no variance in GFS across the subset of 28 species analysed
(n=11943).

Maximum lifespan, encephalization index and neocortex to brain ratio

Maximum lifespan (MLSP) recorded for each species was obtained from the animal
ageing and longevity database (Tacutu et al 2013). Encephalization index values (Ei),
which measures the brain mass controlling for the allometric effect of body size, were
computed as log [brain mass/body mass]. The slope (b) was estimated as 0.64 by
Gonzalez-Lagos et al. (Gonzalez-Lagos et al 2010) based on a log—log least squares
linear regression of brain mass against body mass over 493 mammalian. Neocortex to
brain ratio (Nr) was defined as the ratio of neocortex volume to the volume of the rest

of the brain (Beatty & Laughlin 2006, Bush & Allman 2004, Ebinger 1974, Georg
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Baron 1996, Hakeem et al 2005, Kruska & Rohrs 1974, Kruska 2014, Pirlot 1981,
Pirlot & Jiao 1985, Reep et al 2007, Stephan et al 1981). All MLSP, Ei and Nr values
used in this study are presented in Table 1.

Longevity related genes

We used publicly available databases containing genes that are either associated to
longevity or that may regulate or influence longevity. Among these, LongevityMap
(Budovsky et al 2013) is a collection of gene variants associated to longevity in human
populations. GeneDR is a database of genes related to dietary restriction, which has
been studied as a conserved mechanism to extend lifespan in multiple organisms
(Wuttke et al 2012). REPAIRtoire contain genes involved in DNA repair (Milanowska
et al 2011) while DeathBase is a compilation of genes related to apoptosis (Diez et al

2010).

Correlation coefficients of gene family size and phenotypes

Pearson correlations between GFS and MLSP were calculated using R software. In
order to determine whether the resulting correlation coefficient distribution was
expected by chance, 10000 Monte-Carlo randomizations we performed, the resulting
correlation coefficient distribution was averaged, and then compared to the true
observed distribution of correlation coefficients for each variable. In order to control
the potential contribution of Nr and Ei on the relationship between MLSP and GFS,
partial correlation coefficients were computed for each gene family including Nr and
Ei as covariates. The resulting partial coefficient represents the contribution of MLSP
to the variance in GFS which is not explained by variations in the other two

confounding phenotypes.

Phylogenetically controlled regression

In order to further unravel the contribution of each phenotype to GFS, we accounted
for the phylogenetic non-independence of taxa on the relationships of morphological
traits, phylogenetic independent contrasts (PIC) analysis were used (Felsenstein 1985,
Paradis et al 2004). We first obtained residuals of MLSP, by regressing it against the

other two phenotypes in a multivariate lineal model. The same regression was
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performed on GFS of each family, again, using the other two as predictors. PIC for
both the partialized phenotype and the partialized GFS of each family were computed
using the ape package in R. Pearson correlation was then carried out between each of
these partialized phenotypes and the partialized size of each family. This correlation
coefficient reflects the degree of association between MLSP and GFS when both
confounding variables and phylogenetic non-independence are controlled. Ultrametric
phylogeny of the 28 analysed mammalian species obtained from TimeTree website

(Kumar & Hedges 2011) http://www.timetree.org/, last accessed on 05/01/2015

Gene Ontology enrichment analyses

Gene ontology annotations for each species were obtained from Ensembl’s Biomart
release 76. In the present study, a particular GO term was associated to a family
whenever that term was linked to any of its members in any species. Only terms found
to be linked with more than 200 families were examined (n = 116). Gene ontology
annotations are mainly separated in three groups, a set that include biological
processes, a set for molecular functions and finally a set of cellular component
localization. We performed a separate GO enrichment analysis for each group of
ontology terms. Gene families not annotated to any GO term of a particular group in
any species were grouped into a “not annotated” category. Gene families annotated to
any GO term with less than 200 families were assigned to a “small terms” category.
Enrichment analysis of these GO terms was carried out by counting the number of
families assigned to each GO term within the analysed set of gene families. Statistical
significance was numerically assessed by obtaining the expected number of families
per GO in 1000 equally sized random samples derived from the overall population of

gene families.

Results

Here we investigate if size variations of gene families in 28 fully sequenced
mammalian species have occurred in line with increased lifespan. Annotated gene
families were obtained from Ensembl (Flicek et al 2014) and the resulting 461845
genes in this dataset were distributed among 11943 gene families with an average of

38.67 genes per family across all 28 genomes and the number of copies per gene family
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per species ranging from 0 to 292. Only families represented in at least 6 of the 42
sequenced mammalian species were included in this study. We used maximum
longevity (MLSP), obtained from a comprehensive collection available in AnAge
database (de Magalhaes & Costa 2009), as this measure, unlike mean lifespan, is
determined by the intrinsic species specific characteristics that allows them to survive

to certain age.

For each gene family we calculated the Pearson correlation between MLSP and the
number of genes present for that family across 28 mammals. The resulting distribution
of 11943 correlation coefficients showed a highly significant shift towards positive
values when contrasted with Monte Carlo simulations of the expected distribution
based on random permutations of GFS values across species (P << 0.0001, Figure 1A).
Relative to an expected zero-valued average correlation, we found 9055 families with
correlation coefficient above zero, representing a shift of 3083 gene families from the
negative to the positive tail of the distribution, well above chance expectations (X2 =
3184.45, p = 0). This result demonstrates a significant surplus of gene families
displaying a specific positive association between GFS and increased lifespan.
Moreover, within those families 528 were found to have a statistically significant
association with MLSP after correcting for multiple testing (Benjamini-Hochberg
correction 1 mLsp Ges > 0, P BH adjusted < 0.05). It is worth mentioning that we only
observed two gene families with significantly negative association between GFS and

MLSP (r mLsp GFs < 0, p BH adjusted < 0.05).

Other phenotypic traits, such as relative brain size and neocortex to brain ratio has
been found strongly correlated with lifespan in mammals (Allen et al 2005,
Barrickman et al 2008, Gonzalez-Lagos et al 2010) and thus, any potential associations
between MLSP and GFS could be secondary to an underlying association between
GFS and either encephalization, neocortex to brain ratio, or both. (In this particular set
of 28 species the correlation between MLSP and neocortex ratio is r = 0.861, while the
correlation between MLSP and encephalization is r = 0.857). Accordingly, using GFS
as the predicted variable, we carried out multivariate regressions including MLSP,
neocortex ratio and encephalization (Castillo-Morales et al 2014, Gonzalez-Lagos et
al 2010, Gutierrez et al 2011) as covariates and obtained the corresponding partial

correlation coefficients for MLSP each of the 11943 gene families. Within the
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resulting partial correlations we also found a significant bias towards positive
association between MLSP and GFS (X? = 790.699, p = 5.676 x1077%) and a set of 183
families where GFS is significantly associated to MLSP once the variance of the

confounding phenotypes has been removed.

For a given gene family, a strong association between MLSP and GFS could be the
spurious result of existing phylogenetic relationships, as in the absence of any selective
forces, closely related species will tend to have both similar maximum longevities and
similar GFS (Felsenstein 1985, Freckleton et al 2002, Pagel 1999). In order to
determine the extent of phylogenetic contribution to the observed shift in the
correlation distribution, we carried out Felsenstein's phylogenetically independent
contrasts (PIC). For this, first we calculated the residuals of MLSP by regressing it
against Ei and Nr in a multivariate lineal model. Similarly for each gene family we
regressed the GFS using Ei and Nr as predictors, obtaining both a partial correlation
coefficients for MLSP and GFS per gene family. Then for each pair of partialized
variables we calculated a PIC and finally a Pearson correlation between each pair was
performed. The resulting distribution of correlation coefficients, were both
confounding phenotypes and phylogenetic non-independence were controlled, still
shows an overrepresentation of positive correlations (X? = 668.226, p =2.428 x 10-'47)
with a large number of families with a significant association between GFS and MLSP

after Benjamini Hochberg multiple testing correction (n = 1059).

So far, our results show a specific set of gene families where GFS is significantly
associated to MLSP, first using simple Pearson correlations, next partial correlations,
and then through phylogenetic contrast analysis (Venn Euler Diagram). In order to
further assess the nature of the gene families specifically associated with lifespan-
related GFS variations, we performed a functional enrichment analysis in Gene

Ontology terms (Ashburner et al 2000).

As shown in figure 2A, among those gene families displaying the strongest association
between GFS and MLSP, measured with the simple Pearson correlation (r > 0, p u
adjusted < 0.05, n = 528) we found a significant overrepresentation of gene families with
no biological process annotated, followed by immune response, chemotaxis, defence

response to bacterium, cell-cell signalling, defence response, inflammatory response,
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response to virus, negative regulation of endopeptidase activity, neuropeptide
signalling pathway and finally epidermis development. Interestingly, after removing
the variance of the confounding phenotypes (Nr and Ei) within the gene families
showing a significant association between GFS and MLSP (r mrsp, NrEi > 0, P BH adjusted
< 0.05, n = 183) neuropeptide signalling pathway, a gene ontology term undoubtedly
related to brain function, is no longer enriched, remaining significantly
overrepresented immune response and defence response along with ATP catabolic
process and cytokine-mediated signalling pathway (Figure 2B). Moreover, when
focusing in the population of gene families where GFS are significantly liked to MLSP
once we have controlled the effect of the confounding phenotypes and the phylogenetic
relatedness (R pic MLSP, Nr Ei vs PIC GFS, Nr Ei > 0, P BH adjusted < 0.05, n=1059), only immune

and defence response persist significantly overrepresented (Figure 2C).

When detecting particular molecular functions among the genes from families
showing a significant correlation between GFS and MLSP (r > 0, p BH adjusted < 0.05),
we found several GO terms significantly enriched, among which chemokine and
cytokine activity can be easily linked to the immune function, and interestingly
cytochrome-c oxidase activity, decreases in an age dependent manner in rodents
(Petrosillo et al 2013), leading to an increase in ROS production, an augment in
oxidative stress and feasibly accelerating ageing (Kim et al 2015), and has been shown
that the reduction of this activity reduces lifespan in flies (Sohal et al 1995). However,
once we controlled for the effect of neocortex ratio, encephalization and account for
the phylogenetic relatedness, those gene families which size is positively associated to
lifespan (R pic MLSP, Nr Ei vs PIC GFS, Nr Ei > 0, P BH adjusted < 0.05) are no longer enriched in
genes with this activity, but instead signal transducer activity and G-protein coupled
receptor activity are significantly overrepresented. Finally, in the case of cellular
component enrichment analysis, we found an enrichment of genes localized at the
keratin and the intermediate filament, plasma membrane, as part of the integral
component of plasma membrane, at the lysosome and its membrane, and at the

membrane in general.

We investigated if the changes we observed on GFS in line with lifespan, would affect
genes already known to play a significant role in influencing or promoting maximum

lifespan in mammals. If this was the case, it would strongly suggest that these changes
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in GFS are an evolutionary response to the functional demands required to live a longer

life.

To this end we used the Longevity Map database, which contains an extensive
compilation of human genetic variants associated with longevity in human populations
(Budovsky et al 2013). And because their involvement in regulating or influencing
lifespan we also used GeneDR a collection of genes associated to caloric restriction
which delays degeneration by ageing and extends lifespan in multiple organisms
(Wuttke et al 2012); DeathBase which comprise a collection of genes involved in
apoptosis (Diez et al 2010) and REPAIRtoire a database that contains genes involved
in DNA repair (Milanowska et al 2011). From each database we ascribed all genes to
their corresponding gene families. Then, we look if within the gene families showing
a significant association between GFS and MLSP (R pic mLsP, Nr Ei vs PIC GFS, NrEi > 0, P
BH adjusted < 0.05) there was an enrichment of families containing genes from the
Longevity Map database. A significant enrichment of longevity associated genes
among our selected gene families (p = 0.00063) was observed (Figure 3A). Though
we find some overlap with the genes contained in CRgene, Deathbase and
REPAIRtoire, there is no significant enrichment of those genes within the families that

we identify changing their GFS along with MLSP.

Taken together, once confounding phenotypes and phylogeny has been controlled for,
MLSP-associated changes in GFS are significantly enriched in immune and defence
response functions, enriched in signal transducer and G-protein coupled receptor
activity, and are overrepresented at the filament, as well as lysosome and plasma
membrane. Furthermore, we found an enrichment in gene variants that has been

associated to longevity in human populations.

Our results also suggest that during evolution of longevity in mammals, the underlying
adaptations of immune and defence response mechanisms were, at least in part,

brought about by changes in the number of gene copies within selected gene families.

In summary our findings, show that lifespan-associated GFS variations, most likely
represent an evolutionary response to the specific functional demands to live a longer

life.
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Discussion

An extended lifespan is a defining characteristic of the human species. Among
mammals, there are strong variations in lifespan but what at the molecular level
accounts for the evolution of this trait remains poorly understood. A step in this
direction has already been taken, Li et al. have looked for accelerated protein evolution
among long-lived mammalian species, hinting towards repair mechanism and the
proteasome-ubiquitin pathway (Li & de Magalhaes 2013). Previous multispecies
analyses have revealed marked variations in the size of gene family and it has been
proposed that differences in GFS could play a role in shaping phenotypic differences
among species. By examining variations in GFS and lifespan in 28 sequenced
mammalian species we have demonstrated a significant enrichment of GFS variations
in line with increased lifespan in mammals and that this enrichment is independent of
phenotypic variables known to correlate with lifespan such as degree of
encephalization and neocortex to brain ratio. Demonstrating, with a purely correlative
approach, a specific association between a phenotypic trait and number of genes within
a particular gene family can be difficult as spurious coincidences cannot be ruled out.
However, the statistical signature of such changes when affecting a large number of
gene families can be robustly detected. Our analysis indeed revealed an excess of 3083
gene families with a positive association between GFS and MLSP, a figure well above
chance expectations. Moreover, 170 gene families were found to be robustly
associated with MLSP after correcting for multiple testing and this result persist once
we have account for the shared variance given by the phylogenetic relationships
between mammalian species, supporting the view that this variation may be under

selection.

Though the genetic contribution to longevity per individual gene may not be large, the
combined effect of gene groups have a larger effect. Remarkably, in the present study
we found an overrepresentation gene variants previously associated to longevity in
humans among the gene families showing GFS variations in line with MLSP. Which
denote the importance of certain gene groups that, potentially increasing diversity
through different mechanisms can influence longevity. This result strongly indicates a
functional role for gene family variations during the evolution of longevity in

mammals.
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Numerous gene mutations and experimental manipulations have been shown to
influence or extend lifespan in a variety of model organisms ranging from yeast to
mammals (Johnson et al 2002, Suh et al 2008). It has become increasingly apparent
that most of those interventions ultimately interface with cellular stress response
mechanisms, suggesting that longevity is intimately related to the ability of the
organism to effectively cope with both intrinsic and extrinsic stress. Accordingly in a
comparison between human and chimpanzee Perry et al. found an increased copy
number variation particularly in inflammation response genes (Perry et al 2008) when
the predominantly cause of death in humans are atherosclerosis, diabetes, obesity and
neurodegenerative diseases compare to that of adult chimps who died mostly by

infections (Finch et al 2010).

Our inspection of biological process gene ontology terms revealed a consistent
significant enrichment of genes involved in immune and defence response processes
within the families where GFS changes occur along with changes in MLSP. This
observation suggests that during evolution of longevity in mammals, the required
adaptations of defence response mechanisms were, at least in part, brought about by
changes in the number of gene copies within selected gene families. Gene products
embedded or attached to the plasma membrane, as well as those components of the
intermediate filament, suggesting that the intercommunication with the surrounding
environment as well as the spatial integration of the cell components as important

factors that could affect lifespan.

The fact that the observed enrichment of enlarged families in line with MLSP is
significantly pronounced in certain functionally defined sets but not others, further
supports an instrumental role for variations in GFS during evolution of mammalian
longevity. Our results support the notion that lifespan-associated GFS variations
represent an evolutionary response to the specific functional demands of longer

lifespan in mammals.

Conclusion

Using a comparative approach including 28 sequenced mammalian species and over

11000 gene families to look for parallel changes in GFS and maximum lifespan, we
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demonstrated that these changes are not secondary to known correlates of lifespan
(degree of encephalization and neocortex to brain ratio) and are not completely
explained by phylogenetic effects. The functional enrichment analysis, suggest that
during evolution of longer lifespan in mammals, the underlying adaptations of immune
and defence response mechanisms were, at least in part, brought about by changes in
the number of gene copies within selected gene families. Most remarkably these gene
families are overrepresented in gene variants previously associated to longevity in
humans. We propose that the underlying genetic adaptations for a longer lifespan were
in part brought about by changes in the number of gene copies within selected gene

families.
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Tables

Table 1. Maximum lifespan (MLSP), encephalization index (Ei) and neocortex to brain

ratio (Nr) for the 28 mammalian species analysed.

Species name Common name MLSP Ei Nr

Ailuropoda melanoleuca Giant Panda 36.8 -2.01376 1.81
Callithrix jacchus Marmoset 16.5 -1.62664 1.52
Canis familiaris Dog 24 -1.69931 0.63
Cavia porcellus Guinea Pig 12 -2.94818 0.51
Echinops telfairi Tenrec 19 -3.27431 0.1

Erinaceus europaeus Hedgehog 11.7 -2.86287 0.21
Gorilla gorilla Gorilla 554 -1.41552 2.65
Homo sapiens Human 122.5 0.151656 4.1

Loxodonta africana Elephant 65 -1.08197 1.72
Macaca mulatta Macaque 40 -1.19216 2.6

Macropus eugenii Wallaby 15.1 -2.20734 0.61
Microcebus murinus Mouse Lemur 18.2 -1.9849 0.79
Mus musculus Mouse 4 -2.83246 0.32
Mustela putorius furo European polecat 11.1 -2.54831 0.87
Ornithorhynchus anatinus Platypus 22.6 -2.21869 0.92
Ovis aries Sheep 22.8 -1.96105 1.16
Pan troglodytes Chimpanzee 59.4 -0.94796 3.22
Papio anubis Olive baboon 37.5 -1.17774 2.76
Pongo abelii Orangutan 59 -0.89249 2.6

Procavia capensis Hyrax 14.8 -2.25494 0.78
Pteropus vampyrus Megabat 20.9 -2.20381 0.68
Rattus norvegicus Rat 5 -2.86154 0.52
Sarcophilus harrisii Tasmanian devil 13 -2.79237 0.33
Sorex araneus Shrew 3.2 -2.83174 0.16
Sus scrofa Pig 27 -2.46825 1.04
Tarsius syrichta Tarsier 16 -1.79503 1.09
Tursiops truncatus Dolphin 51.6 -0.32137 3.78
Vicugna pacos Alpaca 25.8 -1.68822 1.28
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Figure 1. Enrichment of gene family size variations in line with increased lifespan in
mammals. (a) Histogram showing the distribution of correlation coefficients for GFS and
MLSP in 11943 gene families encompassing 28 mammalian genomes. Expected distribution
derived from 10000 Monte Carlo simulations is represented by the solid grey line. Inset:
Barplot showing the number of positive and negative correlations relative to the expected
frequency (dashed line), a strong bias in the number of positive correlations was found (X* =
3184.45, p = 0). (b) Venn Diagram showing the gene families displaying a significant
association between GFS and MLSP, obtain with either a simple Pearson correlation, using

partial correlations in order to control for Nr and Ei, or through PIC analysis.
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Figure 2. Gene Ontology enrichment analysis of families with GFS variations in line with
MLSP. We performed a gene ontology (GO) term enrichment analysis among the families
with a significant association between GFS and MLSP, the heatmap shows the Benjamini
Hochberg adjusted p value per GO term, as the intensity of the colour increases the adjusted p
value is smaller for, white denote GO terms not significantly enriched. Included in the heatmap
are only GO terms significantly enriched in (a) the gene families most significantly associated
with species maximum lifespan (r mrsp Grs > 0, P BH adjusted < 0.05, n = 528) (b) the gene families
whose GFS variations display the most significant association with MLSP after accounting for
the shared variance with Ei and Nr (1 mrsp rs NrEi > 0, P BH adjusted < 0.05, n = 183) or (c) gene
families displaying a significant association between GFS and MLSP once we account for the
confounding phenotypes and the phylogenetic relatedness (r pic (GFs ~ N, Ei) Pic (MLSP, NrEi) > 0, P

BH adjusted < 0.05,n= 1059).
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Figure 3. Enrichment analysis of gene compilations regulating, influencing or associated

to longevity. We performed an enrichment analysis of genes related to longevity among the

families with a significant association between GFS and MLSP. Barplots show the observed

and expected number of gene families annotated to (@) LongevityMap, which is a curated

collection of gene variants that had been found associated to longevity in human populations,

(b) GenDR, a set of genes related to dietary restriction known to delay degeneration by ageing

and extending lifespan in multiple organisms, (¢) DeathBase, a compilation of genes involved

in apoptosis and (d) REPAIRtoire a set of genes involved in DNA repair. Error bars denote

the standard error of the mean from 1000 random samples drawn from the whole population.

** denote p value < 0.001.
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General discussion

In this thesis I explored functional associations between components from the genome,
transcriptome and to a minor degree the protecome and the phenotypic complexity of
the nervous system. I have started by asking whether transcriptional networks (and
their underlying regulatory architectures) are a variable or a constant feature of normal
development in the brain. The widespread regulatory changes we observe, not only
reveals an additional level of complexity in the developmental dynamics but also
illustrates the flexibility with which biological components rearrange into different
genetic networks to achieve specific functions at particular times. While differential
coexpression analysis has been widely used to characterize disease conditions, there
has been fewer attempts to characterize changes in the coexpression networks during
normal development. Here we provide evidence that such rearrangements occur. We
next sought to determine the extent of involvement of immune system-related
signalling and regulatory components in the normal development of the nervous
system. Our results reveal a potential recruitment of these genes by the nervous
system, to achieve neural specific functions. We next, took advantage of the
occurrence of coexpression network rearrangements at different developmental stages
to examine possible changes in the functional role or the proliferative regulator yap!
in the context of prenatal brain development to elucidate its involvement in other non-

proliferative functions.

Finally, at whole genome level we showed that changes in particular gene families
associated to lifespan have occurred preferentially in immune and defence response-
related gene families, illustrating the particular importance of the immune system on
the evolutionary changes that allowed some mammalian species to increase their

lifespan.

Evidence of intense regulatory reorganization occurring in this
transition from prenatal to postnatal brain development

Several studies of the human brain transcriptome have shed light into how the different

brain structures, hemispheres, ages, gender and even cell types differ in their specific
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gene expression patterns (Darmanis et al 2015, Kang et al 2011, Oldham et al 2008,
Weickert et al 2009). During the development of the nervous system we need to
coordinate the regulation and expression of thousands of genes to ensure the functional
integrity of this complex system. Given that most of the genes are at some time and/or
place expressed in the human brain (Johnson et al 2009, Kang et al 2011, Stead et al
2006), we expect that a large proportion of the variance in the transcriptome profiles

would reflect the particular developmental trajectories of specific tissues.

In the analysis presented in Chapter 1, we used gene expression data for a diversity of
cortical areas through a series of developmental stages and found that most of the
variation in the transcriptome can be explained by the developmental age and
particularly by the division of prenatal and postnatal stages. Even when we
incorporated ontogenetically diverse structures such as cerebellum, amygdala and
hippocampus (but through a reduced number of developmental ages), the main source
of variance in the transcriptome was markedly associated to the transition from
prenatal to postnatal development. Although changes in the expression of a particular
gene can have a profound phenotypic effect, most of the cellular, physiological and
developmental functions are the result of gene groups interacting and cooperating
instead of individual genes acting in isolation (Hartwell et al 1999). Clusters of genes
involved in the same pathway, biological process, and/or even under common
regulators tend to display correlated expression patterns reflecting their functional

associations (Eisen et al 1998, Homouz & Kudlicki 2013, Marco et al 2009).

Being the development of the nervous system an extremely dynamic, elaborated and
complex process, the precise temporal and special coordination of the gene expression
is crucial. In the study described in the first chapter we asked whether transcriptional
changes during brain development are just limited to the expression levels of certain
genes or gene groups, or alternatively whether these changes are the result of a wider
regulatory reorganization affecting the way in which genes are coordinated with each
other. In other words, we tested whether the architecture of the underlying regulatory
network is a constant or variable feature of the developmental programme. It is
important to mention that either model is compatible with our finding of a sharp divide
in expression patterns between specific for prenatal and postnatal samples. In the case

of the existence of a more dynamic network, this creates a larger number of
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possibilities given a limited number of genes, where individual genes have the
potential to participate in numerous seemingly unrelated functions depending on

which genes they associate with.

Changes in the coexpression of certain gene groups have been associated to
pathological states even in the absence of significant changes of gene expression (Choi
et al 2005, Miller et al 2008). These changes in gene coexpression effectively reveal
events of deregulation and dysfunction affecting specific certain biological processes
(i.e. energy metabolism in cancer) or the (pathological) coordination of other genes to
promote certain functions (i.e. proliferative functions in cancer) (Choi et al 2005).
Changes in coexpression have been described in the context of age-related changes,

and as such, mainly linked to aspects of functional decline (Southworth et al 2009).

However changes in coexpression throughout normal development have so far never
been explored. In our study, we found a massive rearrangement in the architecture of
the global coexpression network in the transition from prenatal to postnatal
development. First we demonstrated that even when we divided all expression data
into subsets according to brain structures and developmental stage, the resulting gene
coexpression networks are more similar between different structures of the same
developmental period than they are to themselves before and after birth. Having
observed that the coexpression networks group in two defined clusters before and after
birth, we used a differential coexpression analysis approach to directly compare
regulatory architectures at prenatal and postnatal development (Tesson et al 2010).
This method allows unsupervised clustering of differential coexpression networks and
is sensible to both changes in gene coexpression within a module between conditions
and to changes in module to module coexpression between conditions. Our results
revealed a widespread regulatory rearrangement of the entire transcriptome in the
perinatal boundary and that this rearrangement is itself organized into discreet

reorganization modules.

Moreover the resulting differentially coexpressed gene clusters are functionally
coherent, that is, they are integrated by genes preferentially associated to particular
biological processes, revealing a reorganization in which each of the clusters consist

of genes involved in specific and almost non-overlapping sets of functions.
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The fact that this massive rearrangement precisely coincide with the transition from
prenatal to postnatal development, may reflect the specific functional demands
associated to this abrupt change in environmental conditions. Apart from the obvious
alterations that occur at birth, including going from intra to extra uterine conditions,
changes in the availability and type of nutrients, levels of oxygen and the exposition
to a different array of stressors; the brain goes through an extremely active period
during which most neuronal connections are formed as the newborn refine motor and
sensory skills, learns and remember from its surrounding, develops social interactions
and learns a language. This major transition demands a whole new set of cellular
functions required to adapt the developmental programme to the new environmental

conditions.

Coordinated pattern of expression of the immune system-related
genes in the context of the developing and adult human brain.

In recent years, several signalling and regulatory component of the immune system
have been described to play key roles in a variety of neural-specific functions,
including critical roles in the developing neural system such as promoting survival of
neural precursors, dendritic and axonal growth in addition to the participation in
synaptic remodelling and more elaborated cognitive functions such as learning and
memory (Carriba et al 2015, Galenkamp et al 2015, Gavalda et al 2009, Gutierrez &
Davies 2011, Gutierrez et al 2005, Gutierrez et al 2013, Nolan et al 2011, O'Keeffe et
al 2008). Genes displaying a highly variable pattern of expression in the brain during
childhood have been found enriched in immune system-associated genes along with
other genes such as BDNF which has a critical role during brain development (Sterner
et al 2012). Recently, based in a comparative approach we have identified gene family
size variations in line with encephalization in mammalian species and found among
these gene families an overrepresentation of immune system-related genes (Castillo-
Morales et al 2014). Taken together these findings suggest a potentially wider
involvement of large numbers of immune system-related genes in key aspects of

nervous system development and function.

While the involvement of isolated immune-related signalling components in neural

functions may reflect their otherwise ubiquitous character, it could alternatively reflect
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a much wider genetic network of immune-related molecules acting as an intrinsic
component of the neural-specific regulatory machinery that shapes the functional

complexity of the nervous system.

In chapter two, we aimed to gain insights into the wider functional organization of
immune-related genetic networks in the developing and adult nervous system and to
this end we examined the large scale pattern of coexpression of these genes in the

developing and early adult brain.

Our results show a highly significant correlated expression and transcriptional

clustering among immune-related genes in the developing and adult brain.

It is worth noting that, to avoid any overestimation of the involvement of the IS genes
in the nervous system, we remove from all analyses all the genes that were already
annotated to both immune and neurological system process, it is worth mentioning that
there is a large overlap between this two gene ontology annotations, over a quarter of
immune system genes are also annotated to neurological system process, and even
taking these genes out we found a highly coordinated activity of the remaining immune

system-related genes in the human brain.

We estimated this coordinated involvement of IS genes in the nervous system as the
median coexpression level and compared it to the background population of genes, we
did not only found that IS genes have a higher coexpression to other IS genes than
expected by chance, but we find that IS genes display an ever higher clustering when
compared to random networks of the same density and the equal density and degree
distribution. These findings reveal a robust functional association among large

numbers of IS components in the nervous system.

In addition we found that this coordinated pattern of expression between IS genes is
not a generalized feature of these genes in any tissue. To this end we analysed
microarray gene expression data from endothelial cells, liver, muscle, kidney and brain
and found that among this tissues it is precisely in the brain where the highest level of

coordinated expression is observed.
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The fact that immune system genes are highly coexpressed in the developing human
brain does not necessarily mean that they are involved in neural specific functions.
However, because these analyses were done in normal healthy human tissues, it is
unlikely that their highly coordinated expression is related to an immune function or
response. Instead, these findings suggest that [S-associated genes are directly engaged
in normal neural specific functions. This assertion is further supported by the finding
that apart from being highly coexpressed with each other, IS —associated genes are also
significantly coexpressed with genes specifically annotated to “nervous system
processes”. Together these results suggest that [S-associated genes are not only highly
coordinated in the nervous system but are also heavily engaged in neural specific
functions and further support the notion of a coherent recruitment, by the nervous
system, of a substantial proportion of immune system-related signalling and regulatory

components.

If, as our results suggest, there is a coherent functional recruitment of entire segments
of the IS regulatory machinery by the nervous system, we would expect evidence of
this clustering in preparations of dissociated neurons in culture. We experimentally
tested this assertion using cultures of dissociated sympathetic neurons. We took
advantage of the fact that sympathetic neurons are known to respond to the
inflammatory cytokine TNA-alpha (Nolan et al 2014). Accordingly, we stimulated
cultured sympathetic neurons with TNF-alpha and characterized the transcriptome by
microarray profiling. Among the up-regulated (and also down regulated) genes we
found a significant overrepresentation of IS components, (significantly larger than
expected by chance). This finding is in agreement with the notion of a modular
recruitment of immune system regulatory components by the nervous system. As
mentioned in chapter two, the fact that we tested a prediction derived from human
expression patterns in experimentally tractable cultured neurons derived from the
developing rat, further suggests that the coherent recruitment of IS regulatory clusters

1s conserved between rodents and humans.

Taken together, our findings support the idea of a widespread and modular recruitment
of IS regulatory and signalling circuits by the NS developmental programme in both

primates and rodents.
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Yapl1 function indicated by its coexpressed genes in different brain
developmental stages

YAP1 has been involved in a diversity of functions, being proliferation one of the best
studied. Its functional diversity is reflected by its involvement in numerous signalling
pathways, its direct interaction with hundreds of proteins, including, most importantly,
a wide range of transcription factors and consequent its involvement in promoting the
expression of a large number of target genes. Given that yap/ has shown the potential
to respond and interact with so many other genes, and given that genes working in
similar functions, and pathways are likely to share patterns of expression, we used a
differential coexpression approach to identify potential yap! interactors at different

stages of brain development.

We looked for close coexpression associates of yapl at two contrasting stages of brain
development: prenatal and postnatal development. It is important to stress that
prenatal development is characterized by a highly proliferative activity due to the rapid
growth of the brain at this stage. Postnatal brain development, on the other hand, is
characterized by a substantially reduced proliferative activity (Bergmann et al 2015,
Bhardwaj et al 2006, Goritz & Frisen 2012, Jiang & Nardelli 2015). This contrast
between prenatal and postnatal brain development offers an opportunity to identify
potentially different roles for yapl at these two stages state by identifying existing

differences in complement of close associates at these two stages.

While our results reveal a proportion of genes that are constantly coexpressed to yap!
at both prenatal and postnatal stages, these genes are not the strongest correlates of
yapl. These observation indicates that those genes that are transiently coexpressed at
either stage are not the trivial result of noise in the analysis. Indeed, we find that yap1/
is highly coexpressed with different sets of genes before and after birth. The
importance of the specific split of close correlates occurring at the perinatal boundary
is underscored by the fact that when we compared with random partition of the
samples, none of these reveal significant differences in the complement of
coexpression associates of yap I strongly suggesting that the observed differences only

respond to the existing differences between prenatal and postnatal development.
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We propose that the observed differences in yapl coexpression profiles specifically
respond to existing differences in the functional demands of prenatal and postnatal
development, is, therefore, most likely a reflection of the different functions adopted
by yapl at these two stages. Along these lines, we confirmed that coexpression
associates of yapl at these two developmental periods are enriched in components
located in specific and non-overlapping cellular compartments. At prenatal
development most yapl associates are enriched in components located in nuclear
compartments such as chromosomes and the replication fork. By contrast yapl
coexpressed genes during postnatal development are cytoplasmic or membrane
components (i.e. focal adhesion, cell cortex). Second, functional enrichment analysis
aligned with these findings showing that, prenatally, yap! associates are enriched in
proliferative-related functions (i.e. mitosis, cell cycle) whereas postnatal associates of
yapl suggest the emergence a complete new set of cellular functions with a statistical
enrichment of components involved in processes to detect, integrate signals and
engage in a range different cellular response (i.e. migration, differentiation,
morphogenesis, metabolic and biosynthetic processes). In line with these observations
we found an almost completely different set of upstream regulators of coexpressed

associates of yap! at these two developmental stages.

Our analysis identifies previously known YAPI protein-protein interactors,
significantly overrepresented in the prenatal period and in agreement with the highly

proliferative activity of this developmental period (Hauri et al 2013).

The physiological significance of our findings was supported by yapl knockdown
experiments in spheroid human cells followed by transcriptome profiling, where we
found an overrepresentation of up and down regulated genes the yap! coexpressed

genes we identify in our analyses.

As for the emerging non proliferative function of yap! associates during postnatal
development, we found compelling evidence of its potential role in tissue tension at
this stage, being tissue tension a new function recently described for yap! (Porazinski

etal 2015).
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Along these lines, among the genes coexpressed with yapl during postnatal
development, we found arhgap31 another GTPase activating protein, which has been
associated to a rare disease distinguished by scalp and limb defects (Isrie et al 2014).
Also coexpressed with yap! postnatally was fnl and msn, major components of the
extracellular matrix and a linker between cell cortex and plasma membrane,
respectively, and known to be downregulated by miR-200c (Howe et al 2011), a
microRNA significantly overrepresented among the same group of yapl coexpressed
genes at postnatal period. Moreover several proteins responsible for mediating cell-
cell contacts were also found. Among these oc/n and marveld2 mediate bicellular and
tricellular contacts respectively (Ikenouchi et al 2005). Also important players in tissue
tension such as cdh20 cadherin and the cadherin associated protein ctnnal (Foty &
Steinberg 2005) were found among postnatal yap! associates. Furthermore members
of the integrin gene family including itgal, itghl and itgh5, along with erz, which
forms a complex with msn and vim are key components incorporating environmental
cues to generate a cell response, we suggest that these components may be crucial for
a non-proliferative role of yap1. Interestingly, erz and vim are among the differentially
expressed genes at yap ! knockdown in human spheroids. Taken together this evidence
suggests the involvement of yap!/ in integrating and presumably maintaining tissue

tension at postnatal brain development.

GFS variation as part of the underlying genomic changes associated
to lifespan.

There have been a number of comparative studies looking for genomic signatures
associated to lifespan. Thus for instance, studies focused in proteins under accelerated
evolution at particular lineages of long-lived species have found particularly
overrepresented components of the proteasome—ubiquitin system and genes in charge
of cellular responses to damage such as COL3A1, DDBI1, and CAPNSI1 (Li & de
Magalhaes 2013).

Gene duplications provide the raw material to increase genetic variability. Over
evolutionary time, rounds of gene gain and loss in specific gene families have resulted
in differences in the number of genes in different gene families across species. Indeed,

previous comparative analyses have suggested that differences in gene family size
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could be shaping phenotypic differences among species (Fortna et al 2004). Lifespan
is also a highly variable phenotypic trait with differences of orders of magnitude across

mammalian species.

In chapter 4 we presented a comparative analysis across 28 mammalian species where
we demonstrate a significant overrepresentation of GFS variations in line with
increased lifespan. This effect is independent of other phenotypic correlates of lifespan
such as encephalization and neocortex to brain ratio. A significant bias in the positive
association between increased longevity and gene family size was detected in an
excess of over 3000 gene families showing a positive correlation relative to random
expectations. This bias remained after correcting for the shared variance accounted
for by the phylogenetic relatedness between species with at least 170 gene families

robustly associated to maximum lifespan.

It is worth mentioning that we used maximum lifespan (MLSP) as a measure of
longevity, given that it better reflect the intrinsic longevity potential (de Magalhaes &
Costa 2009).

Interestingly, genes with variants previously associated with longevity in human
populations were found overrepresented among MLSP-associated gene families. This
observed association between lifespan and gene family size and the enrichment of
longevity associated genes among these gene families suggest a functional role for

gene family variations during the evolution of longevity in mammals.

Among the genes families displaying a strong correlation with maximum lifespan we
found an overrepresentation of gene families involved in immune and defence
response. Along this lines, we can speculate that long-lived species are expected to
demand more efficient mechanisms to cope both intrinsic and extrinsic stressors and
pathogens. Our finding of a particular enrichment of gene families involved immune
and defence response, supports the notion that during evolution of longevity in
mammals, the required adaptations of defence response mechanisms were, at least in
part, brought about by changes in the number of gene copies within selected gene
families. Additionally, we found an overrepresentation of particular molecular

functions and cellular components that further suggest the importance of sensing the
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surrounding environment and signal transduction as key mechanisms to in the

evolution of longevity in mammals.

Together, the results presented support the idea that lifespan-associated GFS variations
represent an evolutionary response to the specific functional demands of longer

lifespan in mammals.

General conclusions

Using a range of functional genomics approaches, including differential expression, as
well as coexpression, and differential coexpression network approaches we have
explored the dynamics of gene regulatory networks at different levels of nervous
system development. First, we described a widespread and modular reorganization of
the global network of gene regulatory interactions during perinatal human brain
development. Next, we examined the modular and coordinated expression of immune
system regulatory and signalling components in the developing and adult nervous
system, discussing its functional significance. Then, we focused in the transcriptional
co-activator yapl, where we were able to identify transient functional associations
differentially engaged between prenatal and postnatal brain development suggesting
the involvement yap1 in distinct non overlapping functions at these two developmental
stages. Finally, in our last study we used a slightly different approach comparing
mammalian species to investigate the genomic bases of organismal lifespan, and
proposed that underlying genetic adaptations for a longer lifespan were in part brought

about by changes in the number of gene copies of specific gene families.
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Appendices

Attached to this thesis there is a published article where I significantly contributed to

both experimental design and data analysis.
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Genomic determinants underlying increased encephalization across mammalian
lineages are unknown. Whole genome comparisons have revealed large and fre-
quent changes in the size of gene families, and it has been proposed that these
variations could play a major role in shaping morphological and physiological
differences among species. Using a genome-wide comparative approach, we
examined changes in gene family size (GFS) and degree of encephalization in
39 fully sequenced mammalian species and found a significant over-represen-
tation of GFS variations in line with increased encephalization in mammals.
We found that this relationship is not accounted for by known correlates of
brain size such as maximum lifespan or body size and is not explained by phy-
logenetic relatedness. Genes involved in chemotaxis, immune regulation and cell
signalling-related functions are significantly over-represented among those gene
families most highly correlated with encephalization. Genes within these families
are prominently expressed in the human brain, particularly the cortex, and orga-
nized in co-expression modules that display distinct temporal patterns of
expression in the developing cortex. Our results suggest that changes in GFS
associated with encephalization represent an evolutionary response to the
specific functional requirements underlying increased brain size in mammals.

1. Introduction

Mammalian species in general tend to have larger brain to body size ratios com-
pared with other vertebrates and in some primate and cetacean species this
relationship is particularly pronounced [1]. Large brains represent an evolutio-
narily costly adaptation as they are metabolically expensive, demand higher
parental investment than in species with smaller brains and impose a substantial
delay in reproductive age [1-5]. In spite of the cost and adaptive impact of larger
brains, the precise nature of genomic changes accounting for variations in
encephalization across mammalian species is at present poorly understood [6,7].

Whole-genome sequencing efforts have made it possible to study not just
individual variations in specific sequences, but also large-scale differences in
gene complements between species. Although overall gene number has changed
little over the past 800 million years of metazoan evolution, comparative genomic
studies have found large disparities among organisms in the number of copies of
genes involved in a variety of cellular and developmental processes, and analyses
of gene family evolution have shown that instances of gene family expansion and
contraction are frequent [8-12]. In a recent analysis of Drosophila species, for
instance, large numbers of gains and losses have been described, with over 40%
of all gene families differing in size among the analysed species. Importantly,
the fact that, in these species, rapid gene family size (GFS) evolution is accentuated

© 2013 The Authors. Published by the Royal Society under the terms of the Creative Commons Attribution
License http://creativecommons.org/licenses/by/3.0/, which permits unrestricted use, provided the original
author and source are credited.
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in some functional categories strongly suggests that changes in
gene number within gene families may reflect evolutionary
responses to specific adaptive demands [10]. In this regard,
gene duplication events specifically linked to distinct aspects
of vertebrate evolution have been described. Examples include
the expansion, during early evolution of the vertebrate lineage,
of HOX and PAX gene families which are widely believed
to have played a key part in the evolution of many known
vertebrate innovations [13,14].

A major goal in evolutionary neurobiology is to under-
stand the molecular changes underlying the extraordinary
expansion in brain size observed in mammalian evolution.
Whether changes in the number of copies of genes involved in
distinct cellular and developmental functions has contributed
to shaping the morphological, physiological and metabolic
machinery supporting brain evolution in mammalian lineages
is not known.

By conducting a genome-wide analysis of 39 fully sequenced
mammalian species, we set out to establish whether changes in
GFS can be linked to increased encephalization. Our results
reveal a proportion of gene families displaying a positive associ-
ation between GFS and level of encephalization significantly
larger than expected by chance. This bias occurs most promi-
nently in families associated with specific biological functions.
By examining expression data in human tissues, we further
found that gene families displaying the highest association
between encephalization and GFS are also statistically enriched
in genes that are prominently expressed in the brain, with maxi-
mal expression in the cortex and displaying an expression
signature distinctly associated with cortical development.

2. Methods
(a) Gene family annotations

Annotated gene families encompassing 39 fully sequenced mam-
malian genomes were obtained from EnsemsL [15]. In the context
of this annotation, a given gene family constitutes a group of
related genes that include both paralogues within the same
species and orthologues and paralogues from other species.
Any given gene can only be assigned to a single gene family.
GFS represents the total number of genes per gene family. In
order to maximize the number of families covered in this study
(more than 10 000), we included all gene families with members
present in no less than six of the 39 mammalian species.

(b) Encephalization index

Because larger species have larger brains, it is necessary to estimate
brain mass controlling for the allometric effect of body size. We
therefore adopted residuals of a log-log least-squares linear
regression of brain mass against body mass as this is the most
widely accepted index of encephalization (Ei; electronic sup-
plementary material, table S1) [16,17]. While direct estimates of
the ratio of brain mass to body mass have also been used as an
alternative encephalization index [2,18], this measure is known to
be poorly related to brain complexity across taxa [16,17]. Accurate
estimates of brain residuals based on a sample of 493 mammalian
species were kindly provided by Gonzalez-Lagos et al. [2].

(c) Correlation coefficients of gene family size and
encephalization index

Simple Pearson correlations between Ei and GFS as well as mul-
tiple regressions (where maximum lifespan (MLSP) was included

as covariate, see below) were carried out using R-based statistical
functions. Numerical randomizations to determine statistical sig-
nificance were conducted using specially written R-based scripts.

(d) Gene ontology terms analysis

Gene ontology (GO) annotations were obtained from the Gene
Ontology database (www.geneontology.org). In this study, a par-
ticular GO term was associated with a family whenever that term
was linked to any of its members in any species. Only terms found
to be linked with more than 50 families were examined.

For each GO category, the average Pearson correlation coeffi-
cient was calculated. Statistical significance and expected average
Pearson correlation per GO was measured using at least 10 000
equally sized random samples taken from the whole gene
family population to directly determine the corresponding
p-values. Bonferroni correction was used in all analyses to correct
for multiple tests.

Enrichment analysis of GO categories was carried out by
counting the number of families assigned to each GO term
within the analysed set of gene families. However, any bias in
family counts per GO within a set of families could be owing
to a bias in the overall density of GO annotation events within
that sample. In order to adjust for differences in the density of
GO annotations between the test and background samples, we
divided the family counts per GO from each sample, by the
samples’ average number of GO annotations per family. Statisti-
cal significance was numerically assessed by obtaining the
expected (adjusted) number of families per GO in 10 000 equally
sized random samples derived from the overall population of
gene families.

(e) Maximum lifespan and partial correlation
coefficients

MLSP recorded for each species was obtained from the animal
ageing and longevity database (AnAge) [19]. To correct for the
potential contribution of MLSP to the association between GFS
and Ei, partial correlation coefficients were calculated for each
gene family, including MLSP as covariate. The resulting partial
coefficient represents the contribution of Ei to the variance in
GFS which is not explained by variations in MLSP. Only those
gene families displaying a significant partial correlation coefficient
(p < 0.01) between GFS and Ei were considered further.

(f) Phylogenetic relatedness test

Phylogenetic generalized least-square approach (PGLS) and maxi-
mum-likelihood estimation of A-values were carried out using the
CAPER module in R. Because the parameter A measures the degree
to which the phylogeny predicts the pattern of covariance of a
given trait across species (wWhere A-values close to 0 represent no
phylogenetic autocorrelation while values close to 1 represent
full phylogenetic autocorrelation) [20-22], this approach allows
us to obtain a single accurate measure of phylogenetic autocorrela-
tion for each individual gene family. In order to remove the effect
of phylogenetic relationships from our analysis, we determined the
parameter A for each of the 713 gene families with significant par-
tial correlation coefficients for Ei and GFS (correcting for MLSP)
and eliminated all gene families with a significant phylogenetic
interdependence (p < 0.05of A = 0, and p > 0.05 of A = 1). This fil-
tering resulted in 501 gene families on which GO enrichment
analyses were subsequently carried out as described above.

(g) Gene expression in human brain

RNA-seq data were obtained for 18052 genes in a total of 16
human tissues, including brain, derived from the Illumina
human body map dataset (EnsemBL v. 62). Individual genes were

QTVTEL0 1187 § 205 Y 20l Biobunsiqndfieposielorgds: g


http://www.geneontology.org
http://rspb.royalsocietypublishing.org/

Downloaded from http://rspb.royalsocietypublishing.org/ on September 30, 2015

categorized as prominently expressed in the brain if their expression
level in this tissue was the highest or second highest among all
16 tissues included (top 12.5th percentile). Over-representation
was assessed by counting the number of these genes within a
given sample. Statistical significance was assessed by comparing
this count with those observed in 10000 equally sized random
samples drawn from the wider pool of gene families.

(h) Co-expression network analysis

Weighted gene co-expression network analysis was carried out
based on pairwise Pearson correlations between the expression
profiles obtained from the BrainSpan database (http://www.
brainspan.org) for over 21000 genes. Unsupervised hierarchical
clustering was used to detect groups, or modules, of highly co-
expressed genes following the method described by Zhang &
Horvath [23].

3. Results

(a) Gene family size variations in line with
encephalization are over-represented in mammals

In order to assess the relationship between encephalization
and GFS variations in mammalian taxa, gene family annota-
tions for 39 fully sequenced mammalian genomes were
obtained from EnsemsL [15]. We included in this study all
families with members present in no less than six of the
39 mammalian species (see Methods). This resulted in a
total of 12 373 non-overlapping gene families encompassing
595535 genes, with a mean number of 48.13, and a number
of copies per gene family per species ranging from 0 to 448.

Ei for each species was defined as the residual of a log—
log least-squares linear regression of brain mass against
body mass (see Methods). We obtained correlation coeffi-
cients for GFS and Ei for each gene family and the resulting
distribution of correlation coefficients showed a distinct
shift towards positive values (figure 1a). A Monte Carlo
simulation of the expected distribution based on random
permutations of GFS values across species revealed that
the observed bias is highly significant (p < 0.0001). In total,
we found 8789 families with r > 0, representing a shift of
2602 gene families from the negative to the positive tail of the
distribution relative to the expected equal number of positi-
vely and negatively correlated families (y* = 2189.608, p ~ 0;
figure 1a, inset). This result demonstrates a highly pronounced
over-representation of gene families displaying a positive
association between GFS and Ei. This observation is not
explained by an overall expansion in gene number across
species in line with Ei (r = 0.251, p = 0.127), but rather by an
over-representation of small gene families among those
highly associated with encephalization, combined with few
larger gene families displaying decreases in size.

We next asked whether the observed enrichment of
Ei-related GFS variations was unspecific in terms of the gene
populations involved or, alternatively, if this enrichment
occurred in gene families specifically associated with certain
biological functions. To this end, we used functional GO
annotations for ‘biological processes” and carried out two comp-
lementary tests to assess deviations (from random expectations)
in the distribution of GO terms associated with gene families
displaying a high correlation between GFS and Ei. First, we
examined whether there were any significant deviations in the
mean correlation coefficient of gene families associated with

individual GO terms (see Methods). Out of all 260 functio-
nal categories included, only gene families associated with
cell—cell signalling, immune response, chemotaxis, neuropep-
tide signalling pathways and regulation of immune response
displayed a significantly higher than expected average corre-
lation values, between GFS and Ei, after Bonferroni correction
(figure 1b). By contrast, no significant bias was observed in func-
tional categories containing families with negative average
correlations (not shown).

Second, we measured over-representation of GO terms
among the gene families whose GFS variations were most
significantly associated with Ei (r >0, p <0.05, n=1292).
Among these families, we found that GO terms for immune
response, chemotaxis, regulation of immune response,
female pregnancy, cell-cell signalling, signal transduction,
energy reserve metabolic processes, positive regulation of
peptidyl-tyrosine phosphorylation and neuropeptide signal-
ling pathways were significantly over-represented after
Bonferroni correction (figure 1c). No GO terms were found
to be significantly over-represented among gene families
with the highest negative covariance between GFS and Ei
(not shown). Taken together, these results show that the
observed collective variation in GFS in line with encephaliza-
tion is not randomly distributed across functional categories
but is significantly pronounced in families associated with
specific biological functions.

(b) Association between gene family size and
encephalization is not explained by lifespan
variations

A number of studies on brain evolution have uncovered a
robust relationship between relative brain size and lifespan
[2,24,25]. In agreement with this, we found a strong association
between MLSP and Ei among the species included in this
study (r=0.7912, p < 1078). Thus, the observed associations
between Ei and GFS could be secondary to an underlying
association between MLSP and GFS. Of the 1292 most signifi-
cantly correlated families (r >0, p < 0.05), 927 displayed a
stronger association with Ei than with MLSP (re; ars) >
roise, Grs)), thereby suggesting a preferential contribution of
Ei to the observed bias in the correlation distribution (y* =
858.74, p = 3.3572¢ ¥ relative to a random equal distribution
of stronger associations). GO enrichment analysis was then
repeated including only these 927 families revealing a signifi-
cant over-representation of gene families associated with
immune response, chemotaxis, regulation of immune response,
energy reserve metabolic processes, female pregnancy, cell-
cell signalling, positive regulation of peptidyl-tyrosine phos-
phorylation and activation of cysteine-type endopeptidase
activity involved in apoptotic processes (figure 1d). It is
worth noting that the complementary GO enrichment analysis
carried out on gene families with both the most significant
association between MLSP and GFS (r >0, p <0.05) and
a stronger association with MLSP than Ei (ramspe, Grs) >
t&i, Grsy 1= 1321), resulted in no significant enrichment of
any GO category. These results shows that enrichment of
specific GO terms occurred only among gene families preferen-
tially associated with degree of encephalization, whereas GFS
variations potentially associated with increased MLSP
showed no significant association with any particular func-
tional category.
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Figure 1. Enrichment of gene family size variations in line with increased encephalization in mammals. (a) Histogram showing the distribution of correlation
coefficients for GFS and £i in 12 373 gene families encompassing 39 mammalian genomes. A randomization-based estimation of the expected distribution is rep-
resented by the dashed line. Inset: distribution of positive and negative correlations relative to the expected distribution (dashed line). (b) Deviations from random
expectations in the mean correlation coefficient of gene families associated with individual GO terms (expressed as —log( p-value)). Only GO categories with a
significant bias are shown. (c) Over-representation of GO terms among gene families most significantly associated with encephalization (p < 0.05,
n=1292). (d) GO enrichment analysis among the families displaying the most significant correlation with encephalization after removing all families with a
stronger association with MLSP than with £i (n = 927). (e) GO-terms enrichment analysis among gene families with the most significant positive partial correlation
coefficients for £i after controlling for the contribution of MLSP in a multiple regression analysis (n = 713). (f ) GO-terms enrichment analysis among gene families
with the most significant positive partial correlation coefficients for £i with no significant phylogenetic interdependence (n = 501). Bonferroni-corrected significance
thresholds are indicated with a dashed line. Dark bars indicate common GO terms across all five analyses.

Because MLSP may still partly explain the covariance
between GFS and Ei even if the correlation coefficient of
GFS with Ei is higher than with MLSP, we used multiple
regression analysis to obtain partial correlation coefficients
between GFS and Ei after controlling for the contribution of
MLSP (see Methods). GO terms enrichment analysis was
then carried out only among those gene families with the
most significant positive partial correlation coefficients

(partial r >0, p <0.05, n=713). This analysis revealed a
significant enrichment of families functionally associated
with regulation of immune response, chemotaxis, cell—cell
signalling and neuropeptide signalling pathways (figure 1e).
These results show that variations in GFS specifically
associated with encephalization (i.e. not accounted for by vari-
ations in MLSP) are also specifically associated with distinct
biological functions.
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(c) Phylogenetic relatedness does not explain the
observed bias in the distribution of gene families
associated with encephalization

For a given gene family, any association between Ei and GFS
could be the secondary to existing phylogenetic relationships
among the species analysed, as in the absence of any selective
forces, closely related species will tend to have both similar
degrees of Ei and similar GFS [20,22]. In order to determine
the degree to which phylogenetic effects contribute to the
observed shift in the correlation distribution, we used a
PGLS approach (see Methods) [20,22]. Out of 713 gene families
with the most significant positive partial correlation coefficients
between Ei and GFS (after correcting for MLSP, see previous
analysis), we found a total of 501 gene families for which phy-
logenetic relationships among species could not account for the
covariance between GFS and Ei. Among these families, we
observed a significant over-representation of gene families
associated with regulation of immune response, cell-cell
signalling, energy reserve metabolic processes, female preg-
nancy and activation of endopeptidase activity involved in
apoptosis (figure 1f). These findings demonstrate that the
over-representation of specific biological functions among
those gene families most strongly associated with higher Ei is
neither explained by the known association between MLSP
and Ei nor by existing phylogenetic relationships among the
species analysed.

(d) Gene families with size increases in line with
encephalization show expression signatures
consistent with brain functions

To assess whether gene family variations in line with ence-
phalization were directly associated with brain function, we
characterized the potential relationship between Ei-associated
GFS variations and patterns of gene expression in the human
nervous system. For this analysis, we selected the top 501 Ei-
associated gene families with both the most significant partial
correlation coefficient between Ei and GFS and no significant
phylogenetic effects (figure 1f ). Using available expression
data from the Illumina human body map (see Methods),
we looked at the possible over-representation of genes
highly expressed in the human brain within the selected
501 gene families. Individual genes were categorized as
prominently expressed in the brain if their expression level in
this tissue was the highest or second highest among all 16 tis-
sues included (top 12.5th percentile). Statistical significance
was assessed by comparing with equally sized random
samples drawn from the wider pool of gene families (see
Methods). This analysis revealed a significant enrichment,
within these gene families, of genes prominently expressed
in the brain (figure 2a). By contrast, no significant enrichment
of genes prominently expressed in the brain was detected
among those gene families with the strongest association
with MLSP and no significant phylogenetic effects (figure 2a).

Genes involved in cortical development have been shown
to display higher variance in expression level during the
developmental period of the cerebral cortex compared with
adulthood [26]. We therefore looked at the possible represen-
tation of genes displaying the highest expression variance
during human cortical development relative to adulthood,
as defined by Sterner et al. [26], within the same 501 gene

families and found a significant enrichment of genes display- [ 5 |

ing this pattern of expression (figure 2b). By contrast, no
significant enrichment of these same genes was observed
among the top MLSP-associated gene families (figure 2b).

We next asked whether there was any statistical bias in the
relative expression of Ei-associated gene families across differ-
ent brain regions. Using human brain RNA-seq data from the
BrainSpan dataset (see Methods), we obtained the average
expression for each gene in the cortex, subcortical regions or
cerebellum and split them into three categories according to
the region where the highest average expression was found.
This analysis revealed a statistically significant enrichment,
among those genes contained within the top 501 Ei-correlated
gene families, of genes maximally expressed in the cortex
(figure 2c). No significant enrichment of genes maximally
expressed in subcortical regions was observed among these
families. By contrast, genes maximally expressed in the cerebel-
lum were found to be significantly under-represented among
the top Ei-correlated gene families. Taken together, these
results reveal that gene families displaying the highest associ-
ation between Ei and GFS are enriched in genes that are
prominently expressed in the brain, with maximal expression
in the cortex and display an expression signature distinctly
associated with cortical development.

In order to characterize further the cortical expression
profile of Ei-associated gene families, we used a weighted
gene co-expression network analysis approach to identify
modules of co-expression among genes contained within the
top 501 Ei-correlated gene families. Using human develop-
mental expression data derived from the BrainSpan dataset,
we identified 18 modules (figure 3a) associated with distinct
temporal patterns of expression. Figure 3b shows the time
course of expression of six of these modules summarized by
the eigengene associated with each module’s co-expression
matrix. Some of these modules showed the highest expression
levels during the early or late fetal period followed by a pro-
gressive decline in expression levels with age. This trend
may reverse in some instances in late-adult stages (black
module, figure 3b) or show a progressive increase throughout
development as illustrated by the yellow module.

4. Discussion

Our results reveal a highly significant over-representation
of gene families displaying a positive association between
GFS and level of encephalization. This bias occurs most
prominently in families associated with specific biological
functions. The most robust and consistent bias was obser-
ved in gene families associated with cell signalling, immune
regulation and chemotaxis.

While chemotaxis and cell signalling functions are known
to play central roles in the nervous system, the significance of
the observed enrichment of immune system-associated func-
tions among gene families displaying the highest association
between GFS and Ei is less clear. In recent years, however,
signalling and regulatory mechanisms originally described
in the immune system have increasingly been found impli-
cated in key neural-specific roles both in the developing
and adult nervous system [27-33]. In addition, in the
human cerebral cortex, immune system-related functions
have been found to be significantly over-represented among
genes displaying higher expression variability in the
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Figure 2. Relationship between Fi-associated GFS variations and patterns of gene expression in the human nervous system. (a) Over-representation of genes pro-
minently expressed in the human brain (top 12.5th percentile) among the top 501 £i -associated or the top MLSP-associated gene families compared to random
expectations. (b) Over-representation of genes displaying the highest expression variance during human cortical development relative to adulthood among the top
Fi-associated or the top MLSP-associated gene families. (c) Percentage of genes maximally expressed in the cortical (CX), subcortical (SC) and cerebellar (CB) regions
respectively. Expected values (mean + s.e.m.) were numerically determined using sized-matched random samples of genes drawn from the wider pool of gene

families. *p < 0.01; **p < 0.001; ***p < 0.0001.

developing cerebral cortex than in the adult [26], suggesting a
substantial involvement of immune-related signals during
cortical development.

Our results, showing a significant over-representation of
immune-related functions among Ei-associated gene families,
support the notion of an underlying and substantial overlap
in the regulatory and signalling machinery shared by both
the immune and nervous system and in particular during
development of the latter.

One possible interpretation is that the observed enrich-
ment of immune-related functions among Ei-associated gene
families reflects an underlying expansion of immune sur-
veillance in mammals that could be in some way permissive
to increased encephalization. While we cannot rule out
this possibility, at present, there is little evidence in support
of any systematically pronounced and sustained expansion of
immune functionalities in mammalian lineages [34]. An
alternative interpretation is that signalling and regulatory
molecular components that were originally involved in
immune-specific functions became gradually recruited by
the nervous system in response to the developmental and
functional demands of increasingly more complex brains.

The observed association between degree of encephaliza-
tion and variations of GFS in a large number of gene families
is further supported by our finding that Ei-associated gene
families display a transcriptional signature consistent with

brain-specific functions. Indeed, among the gene families
most highly correlated with encephalization with no signifi-
cant phylogenetic effects, we found a statistically significant
enrichment of genes prominently expressed in the brain,
strongly indicating that these genes are under comparably
higher demand in the nervous system relative to other tissues.
When restricting the analysis to the relative expression levels
within central nervous system regions, we found that these
families are enriched in genes prominently expressed in the
cortex, suggesting that Ei-correlated changes in GFS may
have played a substantial role supporting key aspects of corti-
cal evolution. In this regard, it is worth noting that brain
evolution in mammalian lineages is characterized by a dispro-
portional expansion of the brain cortex [35,36]. Analysis of the
developmental pattern of expression of these families in the
human cortex showed that these genes are organized in co-
expression clusters or modules with distinct temporal profiles
suggesting a substantial involvement of these families in the
developmental organization of the brain.

Genes with the highest degree of connectivity within a
module are termed hub genes and are expected to be function-
ally important within the module. By way of illustration, we
examined the turquoise module (figure 3b) and identified a
member of a zinc finger gene family (gene family ID:
ENSFMO00620000999432) as its main hub gene. Interestingly,
all but two of the 20 members of this gene family in humans
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Figure 3. Temporal patterns of cortical expression of Ei-associated gene families. (a) Weighted gene co-expression network analysis was used to detect co-expression
modules among genes contained within the top 501 £i-associated gene families using human brain temporal expression data, revealing 18 co-expression modules
(coloured). (b) Developmental time course of expression of six representative modules summarized by the level of expression of the eigengene associated with each

module’s co-expression matrix. Birth point is indicated with a dashed line.

are contained within the same co-expression module. Because
genes contained within a co-expression module are thought to
be functionally related [23,37], the fact that most members of
this zinc finger family are found within the same co-expression
module strongly suggests that these genes are functionally
related during brain development. We reconstructed the phylo-
genetic tree of this family and found that the observed pattern is
the result of a combination of events of gene loss and gene gain
from an original set of four ancestral proteins at the base of the
mammalian evolution, overall resulting in a steady increase in
the number of gene family members in line with increased
level of encephalization (r = 0.7547, p = 2.86 x 1079).

5. Conclusion

In this study, we have found a significant over-representation
of GFS variations in line with increased encephalization in
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