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Abstract 

Episodic  memory  refers  to  the  ability  to  store  and  recall  place  and  time  related  information.  

The  hippocampus  is  essential  to  the  encoding  of  new  memories  via  long-­‐term  remodelling  of  

neuronal   synapses.   However,   the   understanding   of   the   genetic   mechanisms   of   memory  

formation  and  how  these  genes  relate  to  neuropsychiatric  disease  is  incomplete.  

In   this   study,   I   integrate   the   information   from   genome-­‐wide   expression   patterns   from   the  

human   hippocampus   with   multiple   genome-­‐wide   studies   to   identify   hippocampal   gene  

regulatory  networks  associated  with  memory  and  neuropsychiatric  disease.  I  construct  gene  

co-­‐expression   networks   from   human   hippocampi,   surgically   resected   from   patients   with  

temporal   lobe   epilepsy   and   show   that   some   of   these   networks   are   conserved   in   healthy  

human   brain.   By   integrating   hippocampal   gene   expression   with   pre-­‐operative   memory  

performance   scores   I   identify   networks   whose   expression   is   significantly   correlated   with  

memory  performance.  I  then  show  that  the  same  networks  are  enriched  for  common  genetic  

variants   (SNP   –   single   nucleotide   polymorphisms)   associated  with   verbal   recall   using   data  

from   two   independent   genome  wide   association   studies   (GWAS)   of  memory.   In   addition,   I  

integrate   hippocampal   gene   co-­‐expression   networks  with   common   variants   (SNP)   and   rare  

de-­‐novo  mutations  (DNM)  relating  to  neuropsychiatric  disease.  

These   analyses   identify   two   candidate   networks   of   genes   co-­‐expressed   in   the   adult   human  

hippocampus  (M1  and  M3)  that  may  underlie  variation  in  healthy  human  memory  and  reveal  

a   convergent  gene  network   for  neuropsychiatric  disease  and  memory.  This   information  can  

be   used   as   a   starting   point   for   in   vitro   and   in   vivo   investigations   to   identify   the   genes  

regulating  human  memory  performance  in  health  and  disease.  
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Chapter 1: Introduction, current understanding of memory and 
overlap between neuropsychiatric diseases. 

1.1 Introduction 

Memory  is  defined  as  the  ability  to  store  and  recall  previous  experiences,  facts  and  skills  in  a  

temporal   context.   Memory   is   not   a   product   of   a   single   mechanism,   instead   the   process   of  

remembering  requires  coordinated  activity  of  multiple  processes  across  several  brain  regions  

to   construct   a   mental   representation   that   is   experienced   as   a   copy   of   the   original   past1.  

Retrieval   of   these   associations   can   enable   an   organism   to   make   behavioural   responses  

informed   by   prior   experience.   Memory   mechanisms   also   encompass   learned   reflexes,  

emotional   responses   and  other   types  of   learned  associations  many  of  which  do  not   require  

awareness  of  the  learning  process.  

  

1.1.1 Types of memory 

Human  memory  is  separated  into  conscious  recall  -­‐  declarative  (or  explicit)  memory  and  non-­‐

conscious   learning  of  new  motor  skills  and  emotional  responses  termed  non-­‐declarative  (or  

implicit)   memory.   Current   theories   distinguish   between   conscious   recall   of   factual  

information   (declarative   semantic  memory)  and  personally   experienced  events   (declarative  

episodic  memory).    

Episodic  and  semantic  memory  are  hypothetical  memory  systems  that  can  work  together  to  

provide  spatial  and  temporal  contexts  (episodic)  to   learned  factual   information  (semantic)2.  

Semantic  knowledge   is  defined  as   the  encyclopedic   information  about  objects   their   features  

and   qualities   e.g.   the   sky   is   blue   and   sometimes   has   clouds.   Semantic   knowledge   is  

accumulated   over   time   as   it   is   learned   at   various   times   from   observation,   discussion   and  

contemplation.   Episodic   memory   is   characterised   by   capacity   to   remember   sequences   of  

events   such   as   landmarks   and   turns   taken   on   a   particular   journey.   Amalgamation   of  



   19  

representations  of  many   journeys  provides  knowledge  about   the  spatial   layout  of   the  area3.  

Episodic   memory   also   includes   autobiographical   information   such   as   the   time   an   event  

happened,  the  sequence  of  events  as  well  as  the  information  about  the  event.  

  

Long-­‐term  memory  (LTM)  is  the  ability  to  store  and  recall  information  learned  days  or  years  

previously.   It   can   take   3-­‐6   hours   for   new   information   to   become   established   as   long-­‐term  

memories.   Short-­‐term  memory   (STM)   is  defined  as   the   capacity   to  hold   conscious   thoughts  

and  perceptions.   It  can  hold  a   limited  amount  of   information,  usually  5-­‐9  unrelated   items   in  

adult  humans  and  requires  conscious  attention,  otherwise  information  degrades  over  a  period  

of  about  18  seconds.  Duration  of  short-­‐term  memory  can  be  extended  with  repetition.  Some  

definitions  of  STM  include  memory  that  develops  within  a   few  seconds  and   lasts   for  several  

hours2.  

Unlike   STM   and   LTM,   which   archive   information   for   future   use,   immediate   or   working  

memory   (WM)   is   a   limited   capacity   very-­‐short-­‐term   store   that   uses   attention   to   hold  

information   in   very   accessible   format   it   also   acts   as   an   organising   element   for   new   and  

existing  information3.  Working  memory  is  used  to  make  sense  of  sensory  information  based  

on   previous   experience   as   well   as   to   store   and   manipulate   new   information   and   existing  

memories   during   cognitive   tasks4.   Associative   connections   formed   by   the   activity   of   WM  

between   existing   knowledge   and/or   new   information   may   also   be   stored   as   long   term  

memory5.   Examples   of  WM   include   remembering  what  was   said   before   to  make   sense   of   a  

sentence,   remembering   salient   points   to   make   in   the   argument,   mentally   solving  

mathematical   problems   or   imagining   what   an   object   might   look   like   from   a   different  

perspective.   Working   memory   persists   only   as   long   as   electrical   activity   is   maintained   in  

relevant   cells   of   prefrontal   cortex   and   their   associative   links   to   relevant   brain   regions   that  

contain  active  sensory  information  and  memories.  As  such  it  is  rarely  considered  as  a  type  of  
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memory   and  more   as   an   organising   element.   Tests   that  measure  working  memory   tend   to  

correlate  more  with  intelligence  scores  such  as  IQ  than  measures  of  STM  and  LTM.  

  

1.1.2 Brain distributed neural networks underlie memory and cognition 

Memory   is   not   a   disconnected   collection   of   stored   information   but   a   highly   interconnected  

network  of  neurons   representing  experience  of  objects   and   their   associations.  New  sensory  

inputs  are  processed   in   the  context  of  previously  stored  associations  and  this  often   leads   to  

formation   of   additional   connections   and   refinement   of   existing   ones   in   light   of   new  

information.  

The  human  brain   is   composed  of   sub-­‐populations  of  neurons  with  distinct  morphology  and  

connectivity   often   termed   brain   regions.   Sensory   input   from   various   perception   organs   are  

analysed   by   specialised   brain   regions.   Memory   plays   an   important   role   in   analysis   and  

comprehension   of   such   signals.   Moreover   there   are   theories   about   how   cognition   and  

memory  are  the  result  of  related  processes  occurring  in  the  same  neuronal  networks6,7.    

The   neocortex   is   a   collection   of   cortical   areas   (neuronal   sub-­‐populations)   devoted   to  

processing   and   storage   of   sensory   information.   The   four   lobes   of   the   brain   are   broadly  

specialised  in  different  types  of  sensory  inputs:  frontal  cortex  (FC)  is  responsible  for  thinking  

and  imagination,  occipital  cortex  (OC)  –  visual  processing,  temporal  cortex  (TC)  –  sounds  and  

speech,   parietal   lobe   (PC)   –   tactile   processing.   For   example   hearing   the   word   ‘chair’   can  

trigger  neuronal  representations  of  past  experiences  an  individual  had  relative  to  that  sound  

and   the  object  associated  with   it.  This  may   include  visual   and   tactile   information  as  well   as  

personal   experiences   associated   with   chairs.   Such   cross-­‐talk   between   cortical   regions  

requires   synaptic   connections   between   neural   assemblies   associated   with   information  

gathered  from  different  sensory  organs  as  well  as  other  episodic  and  semantic  memories.  
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While   the   neocortex   acts   as   a   repository   of   learned   associations,   episodic   memory   also  

requires   the   activity  of   the  medial   temporal   lobe   (MTL)  which   is   composed  of  highly   inter-­‐

connected   regions:   perirhinal,   parahippocampal,   and   entorhinal   neocortical   regions   with  

hippocampus   (HC)   in   the   centre.   The   human   hippocampus   is   sub-­‐divided   into   four   regions  

CA1-­‐4  and  is  very  closely  connected  with  adjacent  dentate  gyrus  and  the  subiculum.  Virtually  

all   neocortical   regions   send  projections   to   the  hippocampus  directly  or  via   the   surrounding  

MTL   areas.   Hippocampal   areas   are   internally   connected   starting   from   the   dentate   gyrus  

through  to  CA3,  CA1  towards  the  subiculum.  Outputs  of  hippocampal  processing  in  CA1  and  

subiculum  contain  feedback  connections  back  to  neocortical  regions  via  the  parahippocampal  

areas.   The   anatomical   position   and   connectivity   between   these   regions   suggests   a   central  

processing  role  for  the  hippocampus  in  memory  and  cognition  and  this  arrangement  is  highly  

conserved  across  mammalian  lineage3.  

  

1.1.3 Brain regions involved in episodic memory storage and retrieval 

The   hippocampus   has   an   essential   role   in   establishment   and   consolidation   of   network  

representations   of   episodic  memory   in   cortical   areas  with   perirhinal   and   parahippocampal  

cortexes   acting   as   intermediaries8.   Neocortical   areas   involved   in   processing   sensory  

information   regarding   the   features   of   the   experienced   object   (i.e.   the   'what')   project  

connections  to  the  perirhinal  cortex  and  lateral  entorhinal  area.  Similarly,  information  about  

the  spatial  content  about  the  location  ('where')  of  objects  flows  from  neocortical  areas  to  the  

parahippocampal   cortex   and   the   medial   entorhinal   area3.   While   there   are   connections  

between   medial   temporal   lobe   areas,   the   'what'   'where'   and   'when'   information   streams  

converge   in   the   hippocampus,  which   acts   to   support   recognition  memory   by   providing   the  

context  for  experienced  sensory  stimuli.  

To  facilitate  episodic  memory  storage  and  recall,  the  hippocampus  projects  connections  back  

to  neocortical  areas  via   the  medial   temporal   lobe   that  may  support   recollection  of   'what'   in  
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the   context   of   'when'   and   'where'   in   the   respective   neocortical   areas3.   Subsequent   sensory  

experience  of  the  same  object  'what'  or  context  'when'  or  'where'  may  trigger  recollection  of  

previous   experience  where   the   hippocampus   acts   to   facilitate   reactivation   of   contextual   or  

object   associations   in   the   perirhinal   and   parahippocampal   cortexes   and   subsequent  

reactivation  of  neocortical  areas  that  originally  processed  this  information.  

The  direct  connections  between  the  neo-­‐cortex  and  perirhinal  and  parahippocampal  cortexes  

are  strengthened  overtime  leading  to  consolidation  of  memories,  which  allows  recall  without  

hippocampal   activity.  This   is   based  on  observations  where   subjects   received  damage   to   the  

HC  and  suffered  subsequent  loss  of  memories  dating  back  a  1-­‐4  years.  In  the  cases  where  both  

HC  and  surrounding  brain  regions  were  damaged,  memory  loss  could  extend  as  far  back  as  15  

years9.  

  

1.1.4 Cellular mechanisms of new memory formation and consolidation 
On   cellular   level,   memory   is   encoded   by   associative   connections   between   neuronal  

representations  of  concepts  such  as  ‘who’  or  ‘what’  with  contexts  such  as  ‘what’  and  ‘where’10.  

Novel   information   causes   stimulation   and   formation   of   activity-­‐dependent   associative  

connections  across   the  network  of  neurons  –  memory   trace   (aka  engram),  which   represent  

sensory   information   about   an   object   and   its   properties   or   associations   between   objects,  

events,  context  and  concepts2.    

Memories  can  be  reactivated  during  either  'online'  states  (such  as  task-­‐relevant  situations)  or  

'offline'  states  such  as  during  sleep  or  quiet  wakefulness/  day  dreaming11.  When  triggered,  the  

neuronal  assemblies  operate  together  to  re-­‐instate  initial  signalling  to  form  a  representation  

of   stored   associations12,   which   is   experienced   as   a   recreation   of   the   past   event   or   learned  

association13.  After  initial  signalling,  connections  representing  the  memory  engram  are  weak  

and  are  consolidated  and  refined  over  time  by  repeated  stimulation11,  which  causes  formation  
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of   new   synaptic   connections   and   strengthening   of   the   existing   ones   across   the   neuronal  

assembly   representing   the   engram.   Reactivation   of   neuronal   assemblies   is   driven   by  

contextual   or   internally   generated   cues   that   correspond   to   one   of   the   events   stored   in   the  

memory,  such  as  the  ‘who’,  ‘what’  or  ‘where’.  

  

1.1.5 Genes involved in memory formation 

Synapse-­‐based   signalling   is   essential   to   brain   function   and   there   is   substantial   variance   in  

synaptic  function.  The  strength  and  type  of  synaptic  response  can  be  modulated  by  different  

neurotransmitters,  receptors  and  ion  channels14.  High  frequency  stimulation  of  hippocampal  

neurons   can   trigger   long-­‐lasting   enhancement   of   downstream   responses   to   subsequent  

synaptic  signalling,  termed  long-­‐term  potentiation  (LTP).  

On   the   molecular   level,   stimulation   by   new   information   triggers   glutamate   and   other  

neurotransmitter   receptors,   which   work   with   ion   channels   to   activate   CA2+   influx.   This  

activates   intracellular   phosphor-­‐relay   signalling   pathways   and   subsequent   transcriptional  

cascades   to   strengthen   future  synaptic   response   to   the  same  stimuli.  The  NDMA   receptor   is  

essential  for  memory  formation,  which  is  a  co-­‐incidence  receptor  as  it  can  only  be  opened  by  

the   binding   of   glutamate   neurotransmitters   only   when   the   membrane   is   already   de-­‐

polarised15.  Activity  of  post-­‐synaptic  receptors  such  as  AMPA  and  NMDA  triggers  intracellular  

signalling   molecules   such   as   PKC,   PKG,   CaMKII,   ERK1/2,   RAS   and  MAPKK,   which   activate  

transcriptional  pathways  that  re-­‐model  the  synapse  and  lead  to  LTP.  

While   the   study   of   precise   effects   of   such   signalling   processes   is   difficult   and   further  

confounded  by  variable  response  in  different  parts  of  the  brain,  it  is  clear  that  activity  of  these  

signalling   pathways   is   required   for   STM   and   LTM   formation.   Moreover   some   of   these  

molecules  are  required  to  be  active  at  different  times  in  the  transcriptional  response  for  STM  

and  LTM2.  For  example,  PKA  signalling  activity  20-­‐90  minutes  after  stimulation  is  essential  for  
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STM  formation  via  activation  of  CREB1  transcription  factor.  In  addition,  PKA  signalling  is  also  

essential   for   LTM   formation,   however   the   activity   peaks   immediately   after   stimulation   and  

again  3-­‐6  hours  later.  

  

1.1.6 Genetic mechanisms of axon guidance 

Newly  differentiated  neurons  migrate  and  grow  axonal  connections  to  other  neurons  during  

embryonic   brain   development   and   in   adult   brain   during   memory   formation   or   to   repair  

damage.   Axonal   guidance   proteins   (AGP)   are   a   varied   class   of   membrane   receptors   and  

secreted  proteins  that  play  a  major  role  in  guiding  migrating  cells16  and  axons  to  their  targets  

to   establish   neural   circuits.   Combinations   of   AGP   secreted   by   neurons   in   different   brain  

regions  act  as  short  and  long  range  attractants  and  repellents,  which  diffuse  across  the  brain  

to   create   gradients   for   growing   axons   to   follow.   These   cues   are   detected   by   sensory   AGP,  

expressed   at   the   axon   growth   tip   (growth   cone),   which   respond   by   initiating   signaling  

cascades  that  lead  to  changes  in  the  cytoskeleton  to  direct  the  growth  cone.  Once  axons  reach  

their  destination,  they  recognize  the  relevant  connection  partners  with  the  help  of  membrane  

bound  AGP  and  form  synaptic  connections.  

As  axon  growth   tip  extends   towards   the   target   region,   it   relies  on   local  protein  synthesis   to  

grow  and  respond   to   local  environmental   cues  provided  by  secreted  AGP  gradients  and  cell  

adhesion  molecules.  Growth  cones  contain  mRNA  transported  from  and  translation,  regulated  

by  AGP,  enables  rapid  changes  in  local  proteome  in  response  to  the  environment  as  well  as  for  

continued  growth  towards  the  target17.  Axon  guidance  proteins  have  been  shown  to  also  act  

as  cell  morphogens  and  cell  adhesion  molecules  and  some  have  been   initially  discovered  as  

proteins  with  roles  in  angiogenesis  and  bone  formation  in  other  tissues16.  
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1.1.7 Role of axon guidance in disease 

Proper   functioning   of   the   nervous   system   relies   on   the   formation   of   correct   neural  

connections  and  disruptive  mutations  in  AGP  can  lead  to  a  variety  of  neurological  disorders.  

Axon   guidance   disorders   are   characterized   by   aberrant   migration   and   path   finding   in   the  

embryonic  brain16.  For  example  dyslexia  is  thought  to  the  result  mutations  in  AGP  regulating  

of   cell  migration   in   auditory   pathway18.   Recent   discoveries   of   a   large   number   of   candidate  

genes  for  neuropsychiatric  disorders  have  identified  many  mutations  in  axon  guidance  genes  

as   causative   determinants.   This   led   to   the   theory   that   complex   neuropsychiatric   disorders  

with   a   wide   variety   of   symptoms  may   be   caused   by   changes   in   neuronal   morphology   and  

structural  connectivity  during  development.  In  contrast,  more  subtle  defects  in  AGP  have  been  

implicated  in  development  of   late-­‐onset  neurodegenerative  disease19.  Due  to  the  wide  range  

of  function  of  AGP,  mutations  can  also  indirectly  cause  neurological  disorders  such  as  multiple  

sclerosis  where  AGP  mediate  aberrant  immune  response  to  neurons20.  

  

1.1.8 Neurological disorders 

Here  I  briefly  introduce  some  neurological  disorders  that  are  relevant  to  the  work  of  my  PhD,  

with  particular  attention  to  the  genetics  and  the  interrelationships  of  these  diseases.  

  

1.1.8.1 Autism Spectrum Disorder (ASD) 

Autism  spectrum  disorder  (ASD,  OMIM:209850)   is  a  broad  category   for  a   large  spectrum  of  

developmental   disorders   characterised   by   lack   of   communication   and   social   interaction   as  

well  as  repetitive  behaviour.  Developmental  delay  is  observed  in  two  thirds  of  ASD  sufferers.  

Broader   definitions   of   ASD   can   include   Asperger   syndrome,   which   has   similar   symptoms  

without  developmental  delay  and  pervasive  developmental  disorder.  
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Axon  guidance  genes  are  particularly  important  for  this  disorder,  as  it  is  believed  to  be  caused  

by   increased   connectivity   within   brain   regions   characterised   by   increased   numbers   of  

neurons  as  well  as  axonal  links  between  them.  In  addition,  in  ASD  there  is  a  decrease  in  axonal  

connections   across  brain   regions21.  Genetic   studies  have   also   identified   genes  with   function  

synapse  development  with  a  role  in  ASD21.  

  

1.1.8.2 Attention deficit and hyperactivity disorder (ADHD) 

Attention  deficit  and  hyperactivity  disorder  (ADHD,  OMIM:143465)  is  an  early  onset  disorder  

characterised  by   excessive  motor   activity,   persistent   impulsivity   and   attention   impairments  

which  causes  academic,  social  and  family  difficulties22.  

ADHD   follows  polygenic  model  of   inheritance  with  high   incidence   in   the  general  population  

(3-­‐6%)   and   high   heritability   (68-­‐81%)   in   monozygotic   twins   and   lower   risk   (~20%)   in  

siblings.   Males   are   8   times   mode   likely   to   develop   ADHD   than   females.   Numerous   genetic  

studies   have   identified   causative   mutations   in   a   broad   range   of   synaptic   and  

neurotransmission   genes   as   well   as   neurodevelopmental   and   axon   guidance   genes21.  

Environmental  causes  such  as  low  birth  weight,  toxin  exposure  and  food  additives  have  been  

also  implicated23.  

  

1.1.8.3 Schizophrenia (SCZ) 

Schizophrenia  (SCZ,  OMIM:181500)  is  a  late  onset  disorder  with  symptoms  including  loss  of  

concentration  and  erratic  behaviour  driven  by  disordered   thinking  as  well  as  hallucinations  

and   delusions.   Additional   symptoms   include   deficits   in   attention,   cognitive   ability,  

concentration  and  working  memory  as  well  depression  and  anxiety23.  Schizophrenia  has  ~1%  

incidence   in   the   general   population,   with   ~17%   incidence   in   dizygotic   twins   and   50%   in  

monozygotic  twins.  While  there  does  not  appear  to  be  a  sex  bias,  males  may  have  more  severe  
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symptoms,  poorer  response  to  treatment  and  less  favourable  outcome  than  females24.  Similar  

to   ASD,   environmental   factors   such   as   exposure   to   infections,   toxins   or   trauma   during  

gestation  or  childhood  may  play  a  role  in  the  aetiology  of  the  disease.  

Schizophrenia  is  an  apparent  neurodevelopmental  disorder  with  more  subtle  dysfunctions  in  

neuronal  circuitry  compared  to  ASD  and  ADHD  and  symptoms  do  not  manifest  until   later   in  

life.   The   subtle   mutations   affect   the   function   and   connectivity   of   neuronal   networks   less  

robust   to   perturbations   such   as   developmental   events   and   environmental   stress.    

Developmental   brain   maturation   includes   processes   such   as   synaptic   pruning,   myelination  

and   apoptosis   that   occur   during   adolescence   and   may   trigger   onset   of   disease21.   This   is  

supported  by  the  post-­‐mortem  observations  of  reduction  in  neurons  in  the  thalamus  as  well  

as   reduction   in   synaptic   connectivity   in   the   pre-­‐frontal   cortex   and   hippocampus.   Genetic  

studies   have   identified   numerous   mutations   in   genes   such   as   DISK1   with   roles   in   neuron  

proliferation,  migration,  axon  outgrowth  and  synapse  formation  and  maturation24.  

  

1.1.8.4 Epilepsy (EE) 

Epilepsy  (EE,  OMIM:604364)  is  a  highly  heterogeneous  disorder,  characterised  by  recurrent  

seizures   that   vary   in   type,   frequency   and   severity.   Epilepsy   appears   more   commonly   in  

families,   however   heritability   estimates   vary   greatly   -­‐   between   ~0.37-­‐0.8   for   monozygotic  

twins  and  0.03-­‐0.32  for  dizygotic  twins25.  Age  of  onset  also  varies  with  early  onset   for  some  

severe  epilepsies  and  later  onset  in  others.  At  gene  level,  seizures  are  associated  with  genetic  

variants   in   synaptic   ion   channel   proteins   such   as  SCN1A,  GabrG2   and  PCDH19   identified   in  

patients  with  monogenic  epilepsy26.  

Focal  seizures  have  been  associated  with  damage  leading  to  neuronal  cell  loss  and  subsequent  

glial   scar   formation.   Epilepsy   can  be   classified  based  on   the  brain   region   localisation  of   the  

cause   of   seizures   (e.g.   focal),   of   which   the   most   common   form   (~50%   cases)   is   mesial  
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temporal  lobe  epilepsy  (mTLE)27  where  the  hippocampus  is  considered  to  play  a  critical  role  

in  initiating  and  propagating  the  seizures28.  

Seizure  activity  can  induce  synaptic  plasticity  and  axon  guidance  pathways,  which  can  cause  

progressive   re-­‐modelling   of   axon   connectivity.   In   cases   of   mTLE,   dentate   gyrus   axons   that  

connect  to  CA3  cells,  instead  loop  back  to  innervate  their  own  cells,  which  creates  a  recurrent  

excitatory   circuit.   Such   remodelling   may   contribute   to   spontaneous   recurrence   of   seizures  

and  propagation  of  epilepsy  and  might  explain  the  chronic  nature  of  the  disease.  One  potential  

causal  factor  of  this  is  the  reduced  expression  of  axon  guidance  proteins  in  CA3  as  well  as  loss  

of  inhibitory  axon  guidance  cues  in  dentate  gyrus16.  

  

1.1.8.5 Bipolar disorder (BP) 

Bipolar   disorder   (BP,   OMIM:125480)   is   characterised   by   severe   mood   symptoms   such   as  

mania   and  depression  occurring   cyclically.  BP   is   highly  heritable,   if   one  of   the  monozygotic  

twins  has  BP  the  risk  for  the  other  twin  to  have  BP  is  38-­‐43%  and  ~5%  for  dizygotic  twins29.  

Genetic   studies   have   found   associations   between   BP   and   genes   involved   in   neuronal   ion  

channel  function,  dopamine  and  glutamate  neurotransmitter  pathways.  In  addition,  numerous  

studies   have   found   associations   with   genes   (CLOCK   and   BMAL1)   involved   in   circadian  

rhythms  by  controlling  the  transcriptional  feedback  loop  that  drives  circadian  rhythm  cycling  

over  24  hour  period29.  

  

1.1.8.6 Major depressive disorder (MDD) 

Major   depressive   disorder   (MDD,   OMIM:608516)   is   characterised   by   prolonged   depression  

and  is  often  referred  to  as  the  unipolar  rather  than  the  bipolar  disorder.  Estimates  of  disease  

prevalence  in  the  population  varies  between  3%  in  Japan,  ~17%  in  the  US  and  8-­‐12%  in  other  

countries30.  Heritability  estimates  range  around  ~30%  in  men  and  ~40%  in  women31,32.  
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Despite  the  high  heritability,  few  genes  have  been  identified.  Nine  published  GWAS  studies  of  

MDD   failed   to   detect   any   candidate   genes   that   reach   genome   wide   significance30.   Some  

candidate   gene   studies33   were   also   done   based   on   known   biology   and   drug   targets   of  

depression,  however  the  results  do  not  appear  to  be  robustly  reproducible.  Based  on  genetics  

studies   a   number   of   pathways   have   been   implicated   in   increasing   the   risk   of   MDD30:  

serotonin,  norepinephrine,  neurotrophic,  and  glucocorticoid  signalling  as  well  as  monoamine  

metabolism   and   fibroblast   growth   factors.   Environmental   effects   are   thought   to   be  

particularly  important,  due  to  the  high  correlation  between  stress  and  risk  of  MDD34.    

  

1.1.9 Overlap between neuropsychiatric disorders 
Neurodevelopmental   and   neuropsychiatric   disorders   are   commonly   defined   by   diverse  

phenotypes.  However,  many   such   disorders   have   specific   phenotypic   traits   in   common   and  

there   is   substantial   co-­‐morbidity   between   neuropsychiatric   disorders.   For   example,  

depressive  disorders  such  as  anxiety  and  BP  often  overlap  with  MDD  and  ~60%  of  individuals  

with   MDD   are   diagnosed   with   anxiety   disorders30.   Similarly,   there   is   a   strong   symptom  

overlap   between   ASD   and   Asperger   syndrome,   and   SCZ   sufferers   may   exhibit   epileptic  

seizures  and  epileptic  patients  have  increased  risk  of  psychotic  symptoms  similar  to  SCZ35.  

  

1.2 Hypothesis 

Memory   performance   is   a   complex   phenotype   dependent   on   interactions   of   many   genes.  

Processes  such  as  long-­‐term  potentiation  are  triggered  by  regulatory  mechanisms  to  establish  

long  lasting  changes  in  synaptic  plasticity.  My  main  hypothesis  was  that:  gene  co-­‐expression  

patterns   in   the   human   hippocampus   reflect   the   mechanisms   responsible   for   memory  

formation.  Since  many  neuropsychiatric  disorders  are  characterised  by  memory  impairments,  
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my  secondary  hypothesis  was  to  investigate  whether:  neuropsychiatric  disorders  are  caused  

by  mutations  in  the  genes  responsible  for  memory  and  cognitive  function.    

  

1.2.1 Previous studies to identify memory genes 

Previous   studies   of   memory   and   intelligence   have   been   focused   on   identifying   individual  

genes.  Numerous  studies  used  animal  models  to  study  the  role  of  individual  genes  involved  in  

LTP  and  synaptic  remodeling  following  Ca2+  signaling.  For  example,  inducible  and  reversible  

knock-­‐out  systems  have  been  used  to  show  the  essential  role  NMDA  receptors36  on  long  term  

stability  of   synaptic   stability  associated  with   long   term  memory   storage.   Similarly,   knock-­‐in  

studies   were   used   to   demonstrate   importance   of   auto-­‐phosphorylation   of   αCaMKII   for  

hippocampal   LTP.   One   study37   used   three   different   transgenic  mice  models.   One  mutation,  

designed   to   prevent   inhibitory   auto-­‐phosphorylation   αCaMKII   created   a   phenotype   that  

lowered   the   threshold   of   LTP,   however   the  mice   developed   less   flexible  memory   and  were  

unable   to   adapt   to   changes   in   the  memory   test   compared   to   controls.   Similarly,   a  mutation  

where   inhibitory   auto-­‐phosphorylation   of   αCaMKII   is   ‘always   on’   resulted   in   profound   LTP  

and  learning  deficits.  

Genome  wide  association  studies  have  also  been  used  to  look  for  genes  outside  of  the  known  

canonical   pathways   with   strong   effect   on   memory   in   human   populations.   Such   studies,  

identified  individual  genes  such  as  Kibra38    and  Camta139  that  passed  stringent  genome-­‐wide  

significance   thresholds,  however  observed  associations  were  not  reproduced  by  subsequent  

studies40.  

  

1.2.3 Previous attempts to identify genes associated with neuropsychiatric traits 

From   the   genetics   perspective,   there   is   substantial   overlap   between   the   candidate   genes  

identified   so   far   for   many   neurodevelopmental   disorders.   Genetic   variants   associated   with  
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SCZ   have   also   been   identified   in   patients   with   BP,   mental   retardation   and   ADHD21.   For  

example  variants  in  Neurexin1  (NRXN1)  gene  have  been  shown  to  increase  risk  of  both  ASD  

and   SCZ.   Family-­‐based   studies   offer   other   good   examples   such   as   the  DISC   gene,   originally  

identified   in   familial   Schizophrenia.   Among   a   family   of   87  members,   of  which   29   carry   the  

DISC  mutation,  7  were  diagnosed  with  SCZ,  one  with  BP  and  10  with  MDD.  None  of  the  family  

members   without   the   DISC   mutation   were   diagnosed   with   psychiatric   disease41.   Similar  

studies   have   also   shown   an   increased   risk   of   MDD   in   family   members   of   BP   cases,   while  

patients  with  early  onset  of  BP  had  increased  risk  of  disruptive  behaviour  disorders  such  as  

ADHD.   In   addition,   phenotypic   features   aggregate   in   families  with   BP   such   as   age   of   onset,  

polarity   of   illness   (mania   or   depression),   frequency   of   episodes   and   psychosis   as   well   as  

responsiveness   to   treatment,   which   suggests   that   familial   mutations   can   be   predictive   for  

such  traits.  

Several  studies  have  taken  a  variety  of  approaches  to   investigate  the  hypothesis  of  common  

genetic   component   underlying   different   neuropsychiatric   traits.   The   psychiatric   genomics  

consortium  (PGC)  performed  a  meta-­‐analysis  of  GWAS  of  five  different  neuropsychiatric  traits  

(BP,   MDD,   SCZ,   ADHD)   to   determine   the   overlap   of   susceptibility   for  multiple   traits   at   the  

genetic   level42.   The   study   identified   four   common   variants   that   have   associations   across   all  

four  disorders.  Notably,  the  association  signal  common  to  all  four  disorders  was  enriched  for  

genes  involved  in  calcium  signalling  pathway42.  

  

Another   study16   used   a   hypothesis-­‐driven   approach   based   on   the   evidence   from  

neuroanatomical   studies   where   most   neuropsychiatric   diseases   appear   to   be   the   result   of  

disruptive   mutations   in   axon   guidance   proteins   and   receptors,   which   affect   neuronal  

migration   and   axon   path-­‐finding.   The   authors   reviewed   a   large   number   of   axon   guidance  

genes   that   have   been   implicated   in   neurological   disorders   and   classified   neurological  

disorders  into  three  classes  based  on  the  developmental  time-­‐points  when  mutations  have  the  
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greatest   impact:   fetal   development,   brain   development   during   childhood   and   adult-­‐onset  

disorders.  Disruptions  during  fetal  development  can  lead  to  incomplete  connectivity  between  

hemispheres   and   spinal   cord   and   affect   co-­‐ordination   of   sensory,   motor   and   cognitive  

functions.  Disruptions  during  childhood  development  may  cause  hyper  or  hypo  connectivity  

observed   in   ASD,   ADHD   and   possibly   in   EE.   Neurodegenerative   disorders   may   also   be   the  

result   of   subtle   defects   in   axon   guidance   proteins   contributing   neuronal   networks   that   are  

less  robust  to  environmental  stress  and  remodelling  of  the  brain  during  development,  puberty  

and  adulthood.  

  

Other  studies  have  tried  to  determine  if  there  is  a  common  genetic  component  by  compiling  

genes  implicated  in  ASD,  ADHD,  SCZ  and  x-­‐linked  intellectual  disability  from  a  large  number  of  

independent  investigations.  These  genes  were  then  used  to  build  a  protein-­‐protein  interaction  

network   using   databases   of   known   interactions.   The   resultant   network   of   ~4,000   proteins  

was   enriched   for   a   variety   of   pathways   including   synaptic   transmission,   intracellular   and  

extracellular  signalling,  transcriptional  regulation,  nervous  system  development  and  cell  cycle  

and  metabolic  processes.  The  authors  of  this  study  also  showed  that  these  genes  are  enriched  

for   regulatory   sites   for  microRNA  and   transcription   factor  binding   sites   and   concluded   that  

the  network  appears   to  be  co-­‐regulated21.  This  result  appears   to  be  broadly  consistent  with  

the  axon  guidance  and  neuronal  development  pathways  implicated  in  other  studies.  

  

  

1.3 Project Goals 

Given   the   evidence   for   common   pathology   of   neuropsychiatric   disease   and   associated  

phenotypic  traits,  my  aim  is  to  identify  gene  networks  associated  with  memory  performance  

and   to   evaluate   their   relationship   to   neuropsychiatric   disease.   I   take   advantage   of   an  
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informative   dataset   from   epilepsy   surgery  where  memory   performance   testing  was   carried  

out  in  pre-­‐operative  assessment  and  relevant  (fresh)  hippocampal  tissue  was  then  extracted.  

Previous  work  on  this  data  showed  that  networks  derived  from  epilepsy  surgery  tissue  reflect  

biological  processes  relevant  to  the  tissue43.  

The   over-­‐arching   aim   of   the   project   is   to   identify   neurobiological   pathways   common   to  

memory   and   neuropsychiatric   disease   by   applying   systems   genetics   approaches44   in   the  

human  hippocampus.  While  the  gene  expression  patterns  in  the  mTLE  hippocampus  are  likely  

to  be  affected  by  epilepsy  pathology,  including  neuronal  cell  loss,  in  my  analysis  I  determined  

whether   gene   networks   also   reflect   co-­‐expression   patterns   observed   in   healthy   brain.  

Memory   test   scores   can   then   be   used   to   identify   genes   whose   expression   is   correlated   to  

memory   performance   (assessed   pre-­‐operatively).   I   also   used   genetic   susceptibility   data   to  

determine   if   any   networks   are   enriched   for   genetic   variants   associated   with   memory   and  

neuropsychiatric   traits.   For   this   purpose   I   leveraged   common   variants   (single   nucleotide  

polymorphisms   (SNP))   from   genome-­‐wide   association   studies   (GWAS)   and   rare   de-­‐novo  

mutations   (DNM)   from   family-­‐based   studies.   Networks   with   robust   genetic   associations   to  

memory   and   neuropsychiatric   traits   can   be   assayed   for   upstream   transcription   factor   and  

microRNA   binding   sites   to   determine   whether   such   networks   are   regulated   by   common  

mechanisms.  

Finally,  the  identification  of  co-­‐expression  networks  associated  with  neuropsychiatric  disease  

may  help  design  future  experiments  and  inform  possible  avenues  of  treatment.  Such  networks  

may   also   assist   in   the   diagnosis   of   neuropsychiatric   disease   cause   based   on   individual's  

genetic  mutation  load  rather  than  descriptive  phenotype-­‐based  syndromes.  
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1.3.1 Project Aims 

The  work  presented  in  this  thesis  can  be  structured  by  a  series  of  steps:  

1. Analyse  genome  wide  gene  expression  data   in  human  hippocampus  and  define  gene  

co-­‐expression  networks  

2. Determine   the   robustness   of   co-­‐expression   relationships   using   gene   functional  

annotations  and  protein-­‐protein  interactions  

3. Identify  networks  whose  co-­‐expression  relationships  are  conserved  in  healthy  human  

brain  and  across  multiple  brain  regions  

4. Analyse  expression  of  network  genes  for  correlation  with  memory  performance  

5. Determine  the  causal  role  of  network  genes  using  information  on  genetic  association  

with   healthy   memory   (GWAS)   and   GWAS/DNM   data   for   neuropsychiatric   disease  

traits  

6. Identify  potential  transcriptional  regulators  of  the  candidate  gene  networks  

7. Propose  new  hypotheses   on   the   genetic   relationship   between   episodic  memory   and  

neuropsychiatric  disease  given  the  results  generated.     
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Chapter 2: Construction of gene co-expression networks using 
whole-transcriptome data from human hippocampus 

2.1 Introduction 

The   aim   of   this   chapter   is   to   group   genes   co-­‐expressed   in   the   human   hippocampus   into  

transcriptional  modules   (or   networks),   which  may   reflect   functionally   related   genes   under  

common  regulatory  mechanisms.  The  genes  in  the  modules  can  be  annotated  based  on  known  

function   to   determine   if   such   grouping   makes   biological   sense   based   on   current  

understanding   of   brain-­‐related   molecular   processes.   The   gene   co-­‐expression   relationships  

summarised   by   the   networks   can   be   validated   using   additional   independent   datasets   to  

confirm   that   such   co-­‐expression   relationships   are   not   unique   to   this   particular   dataset.   Co-­‐

expressed  genes   in  modules   can  also  be  assessed   for  known  protein-­‐protein   interactions   to  

confirm  that  they  are  known  to  interact  on  protein  level.  

  

2.1.1 Interaction networks facilitate understanding of complex traits 
Complex  phenotypic  traits,  such  as  memory  are  the  outcome  of  interactions  between  various  

cellular   molecules   such   as   DNA,   RNA,   proteins   and   other   small   molecules.   In   order   to  

understand   how   multiple   genes   and   their   products   interact   to   form   complex   phenotypes,  

whole  genome  assays  are  used   to  assay   the  biomolecules   in  a  particular   tissue  and   link   this  

information   to   the   phenotype   of   interest.   The   information   on   gene   expression   levels   and  

interactions   between   gene   products   at   the   genome-­‐wide   level   are   often   represented   as  

networks  of  related  gene  products.  All  gene  products  in  a  particular  tissue  (or  cell  type)  can  

be   used   to   form   a   single   over-­‐arching   interaction   network   (or   gene   regulatory   network),  

which   describes   all   interactions   that   allow   the   cell   to   perform   its   functions.   This   global  

network   can   be   partitioned   into   sub-­‐networks   (modules)   of   gene   products   whose   activity  

might  be  informative  of  a  specific  cellular  process45,46.  The  mRNA-­‐mRNA  interaction  networks  
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reconstructed   from   experimental   data   can   be   used   to   understand   cellular   processes   in  

hypothesis-­‐free   and   unbiased   way.   Transcriptomics   data   have   often   been   used   to   identify  

gene   co-­‐expression  networks   involved   in   various  processes   such   as   the   expression   changes  

caused  by  the  onset  of  Alzheimer’s  disease47,48  and  Major  Depressive  Disorder49.  Such  studies  

can   be   a   useful   starting   point   to   understand   the   functional   interactions   between   genes   and  

gene  products,  however  due  to  the  noise  inherent  in  genome-­‐wide  assays,  such  findings  need  

to  be  experimentally  validated.  

Gene   product   (protein)   interaction   networks   are   potentially   more   complex   than   the  

underlying   transcriptional   networks   and   can   be   more   strongly   affected   by   temporal   and  

environmental   conditions   than   transcriptional  networks.  Biological   cells   constantly   regulate  

protein  activity  and  abundance  in  response  to  external  and  internal  cues.  Similarly  to  gene  co-­‐

expression   that   inform   mRNA-­‐mRNA   interactions,   proteins   that   are   known   to   interact   on  

physical   level   can   be   used   to   define   protein-­‐protein   interaction   (PPI)   networks.   However,  

even   if   two   proteins   are   capable   of   interaction,   it   is   still   difficult   to   quantitatively   assess  

whether   proteins   interact   and   quantify   the   interaction   in   a   particular   cell   population   at   a  

given   time  with   current   technologies.   Complementary   to   PPI   networks,   functional   gene   co-­‐

expression  networks  aim  to  group  genes  with  related  function  even  if  they  do  not  physically  

interact.   Expression   data   is   often   used   to   detect   known   and   novel   functional   relationships  

between  genes.  This  method  relies  on  the  ‘guilty  by  association  principle’,  i.e.,  an  observation  

that   sets   of   genes   that   co-­‐vary   across   samples   tend   to   be   involved   in   the   same   biological  

process50.  Genes  that  interact  to  produce  a  particular  phenotypic  outcome  are  often  required  

in  optimal  ratios  and  evolved  to  be  regulated  by  common  transcriptional  control  mechanisms.  

The   co-­‐expression   information   of   an   uncharacterized   gene   with   other   genes   with   known  

function  therefore  allows  to  functionally  link  a  gene  to  a  biological  process51.  
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2.1.2 Weighted Gene Co-expression Analysis (WGCNA) to identify co-
expression modules 
Transcriptomic   networks   (also   called   gene   co-­‐expression   networks   or   transcriptional  

modules)  describe  co-­‐expression  relationships  of  genes  in  a  sample  cohort.  There  are  several  

statistical  methods   to   analyse   genome-­‐wide   expression   data   and   group   genes   based   on   the  

similarity   of   their   pairwise   co-­‐expression   profiles   (e.g.,   reviewed   in52).   For   instance,   the  

weighted  gene  co-­‐expression  analysis  (WGCNA)53  approach  uses  correlation  methods  (robust  

to   effects   of   outliers54)   to   assess   the   strength   of   co-­‐expression   between   genes   and   identify  

significantly  co-­‐expressed  genes.  The  pairwise  gene  connections  within  a  network  (defined  by  

significant   co-­‐expression   relationships)   allow   to   define   the   ‘topological   overlap’55   between  

two   genes,  which   is   calculated   based   on   the   number   of   connections   any   two   genes   have   in  

common.  This   topological  overlap  measure   is   important  as   several   studies  have   shown   that  

two  genes  having  a  higher  topological  overlap  are  more  likely  to  belong  to  the  same  functional  

class   than   genes   having   a   lower   topological   overlap.   Therefore   analysing   the   topological  

overlap  can  inform  functional  relationship  between  genes  in  a  particular  tissue  or  cell-­‐type.  In  

addition,   transcriptional  modules   (as   those   identified  by  WGCNA)  are  defined  as  clusters  of  

highly  inter-­‐connected  genes  based  on  the  topological  overlap  between  genes.  More  details  on  

the  WGCNA  approach  and  its  practical  application  to  infer  gene  co-­‐expression  networks  in  the  

human  hippocampus  are  provided  below  (2.2.8  Co-­‐expression  network  construction).  

  

2.1.3 Summarizing gene networks 

The  gene  networks   identified  by  WGCNA  (or  by  other  approaches)  can   include  hundreds  of  

co-­‐varying   genes.   It   is   therefore   useful   to   introduce   an   additional   level   of   data   synthesis   to  

analyse   these  complex  and  often   large  gene  co-­‐expression  networks.  To   this  aim,   the  global  

expression  profile   of   a   gene  network   can  be   summarised   into   a   single   variable   using   latent  

factor   analysis56,57.   This   single   variable   is   called   the  module   eigengene   (ME),   which   can   be  

used   for   comparing  modules   and,   for   instance,   to   associate   the  module’s   expression   profile  
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with  other  phenotypic  traits  (such  as  memory,  seizure  frequency,  etc.).  Latent  factors  analysis  

methods   assume   that   the   expression   profiles   of   all   genes   in   a   network   are   determined   by  

several  (unobserved)  factors  and  covariates.  Principal  component  analysis  (PCA)58  is  a  latent  

factor  analysis  method  that  can  be  used  to  estimate  the  specific  contribution  of  covariates  and  

hidden  factors  to  the  amount  of  variance  in  the  expression  data.  PCA  assumes  that  the  latent  

variables  influencing  the  data  are  independent  of  each  other  and  therefore  allow  to  estimate  

the   source   of   greatest   variation   –   e.g.,   the   first   principal   component      (PC1)   typically  

summarizes  the  greatest  source  of  variation.  Subsequent  components  (PC2,  PC3,  etc.)  can  be  

calculated  in  such  a  way  that  they  explain  additional  sources  of  variation,  independent  to  that  

explained  by  PC1.  Here,   I  have  used  this  class  of  approaches  to  summarize  the  hippocampal  

gene  network  expression  profile  and  compare  it  with  covariates  and  specific  traits,  as  detailed  

below.  
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2.2 Materials and methods 

2.2.1 Genome-wide microarray assay of human hippocampal tissue 

Genome-­‐wide   gene   expression   data   was   generated   from   122   whole   hippocampus   samples  

from   patients   Table   6,   who   underwent   en   bloc   amygdalahippocampectomy   for   mesial  

temporal   lobe  epilepsy  (mTLE)  with  hippocampus  sclerosis  (HS).  This  work  was  completed  

prior   to   the   project   start   by   the   collaborators   who   performed   the  

amygdalahippocampectomy43.  Excised  tissue  was  fresh  frozen  in  liquid  nitrogen  and  stored  at  

-­‐80  °C.  Up  to  8  sections  of  50  µμm  were  used  for  genomic  DNA  and  total  RNA  isolation.  Total  

RNA  was  isolated  from  hippocampal  tissue  samples  using  AllPrep  DNA/RNA  Mini  Kit  (Qiagen,  

Hilden)   according   manufacturer’s   protocol.   Tissue   lysate   was   passed   trough   an   AllPrep  

RNeasy  spin  column  to  selectively  isolate  RNA.  For  all  cases  the  RIN-­‐range  was  from  6.5  to  10.  

In  order  to  synthesize  cDNA  from  total  RNA  and  in  vitro  transcription  to  biotin-­‐labelled  cRNA,  

Illumina  TotalPrep-­‐96  RNA  Amplification  Kit  (Life  Technologies  Corporation,  Darmstadt)  was  

used  according  to  the  manufacturer’s  protocol.  Briefly,  a  reverse  transcription  procedure  was  

applied   to   synthesize   first   strand   cDNA   from   50   ng   total   RNA.   Second   strand   synthesis   to  

convert   the   single-­‐stranded   cDNA   to   double-­‐stranded   DNA   was   carried   out.   After   cDNA  

purification,   in   vitro   transcription   was   performed   for   biotin-­‐labelling   and   following  

purification  of  the  resulted  cRNA.  A  total  amount  of  750  ng  cRNA  was  used  for  hybridization  

on   Human   HT-­‐12   v3   Expression   Bead   Chips   with   Illumina   Direct   Hybridization   Assay   Kit  

(Illumina,  San  Diego,  CA).  Preparation  of  cRNA  samples  and  BeadChips  was  done  separately  in  

BeadChip   Hyb   Chambers   and   the   incubation   was   carried   out   overnight   to   hybridize   the  

labelled   cRNA   strand   to   the   beads   containing   respective   complementary   gene-­‐specific  

sequences.  BeadChips  from  overnight  hybridization  were  cleaned  in  several  washing  steps.  To  

detect  the  differential  signals  on  the  BeadChip,  Cy3-­‐Streptavidin  was  incorporated  to  bind  to  

the   hybridized   probes.   The   Illumina   BeadArray   Reader   was   used   to   scan   the   excited  

fluorescent   signals   of   the   hybridized   single-­‐stranded   product   on   the   BeadChips.   The   data  

were   further   analysed   using   Illumina’s   GenomeStudio   Gene   Expression   Module   and   were  
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normalized  by  means  of  quantile  normalization  with  background  subtraction.  The  microarray  

probes  were   annotated   using   both   the   Human  HT-­‐12   v3   annotation   file   from   Illumina   and  

Ensembl  (Human  release  74).    

  

2.2.2 Microarray gene expression data analysis and filtering 

Probes   were   removed   if   they   were   not   expressed   at   significant   levels   or   if   they   were  

expressed  at  the  same  level  across  all  samples  (i.e.,  probes  with  no  varying  expression).  Probe  

expression   was   assessed   using   the   internal   p-­‐values   of   detection   provided   by   Illumina  

BeadArray  Reader,  if  a  cDNA  is  present  in  such  low  numbers  as  to  fail  95%  confidence  level  of  

detection,   then   it   is   assumed   that   the   signal   is   too   low   to   be   detected   and  may   be   due   to  

spurious   binding.   The   probes   were   therefore   only   retained   if   they   passed   95%   confidence  

threshold  in  at  least  30%  of  the  samples.  

The   coefficient   of   variation   (cv  =  !"#$%#&%  !"#$%&$'(
!"#$

)   in   gene   expression  was   used   to   remove  

5%   of   the   probes   with   the   lowest   variation   in   gene   expression   in   the   mTLE   cohort.   If  

expression  of  a  gene  is  near  constant  across  all  individuals  it  is  unlikely  that  expression  of  this  

gene  is  associated  with  any  other  gene  or  phenotypic  trait  that,  on  the  contrary,  vary  between  

individuals.   Such   genes   are   usually   involved   in   cell   processes   such   as   transcription,   DNA  

replication,  and  other  house-­‐keeping  mechanisms  vital   to  cell   survival  and  general   function.  

As   expected,   the   removed   probes   are   enriched   for   functional   KEGG   pathways   involved   in  

ribosome  formation  and  function,  splicing  and  protein  synthesis  which  are  highly  expressed  

but  do  not  vary  between  samples.  

In   addition,  probes  were   removed   if   their   sequences  did  not  map  uniquely   to   the   reference  

genome  or  if  the  target  regions  contained  at  least  one  known  SNP,  as  accessed  by  ReMOAT59.  

Such   probes   are   potentially   unreliable   as   SNPs   can   affect   binding   affinity   of   cDNA   to  
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microarray  in  some  individual  and  not  in  others  and  therefore  introduce  an  arbitrary  bias  in  

expression  measurements.    

These  filtering  steps  reduced  the  whole  genome  array  of  48,767  probes  to  a  dataset  of  11,837  

highly  expressed  and  varying  probes  in  the  human  hippocampus,  representing  9,616  unique  

protein  coding  genes  (Ensembl  version  74).  

  

  

Figure 1: Microarray probe filtering. The black distribution represents all expression values in the array prior to 
filtering. The first peak represents signal from non-specific binding and noise. A smaller second peak is representative of 
the strong signal usually seen due to real expression of genes. Microarray confidence p-values are used to remove probes 
that do not pass 5% confidence threshold. Remaining probes (red) match the expected distribution of real signal. 
Additional filtering steps remove probes that have known SNPs or bind non-uniquely to the genome (blue+green). Green 
probes remain after 5% of the least varying probes are removed. 

  

2.2.3 Univariate linear modelling 

I   used   generalized   linear   modelling   (a   flexible   generalization   of   the   linear   regression  

framework)   to   determine   the   strength   of   relationships   between   clinical   covariates   and  

memory   performance.   This   approach   is   preferable   to   parametric   correlation   analysis   since  
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verbal  delayed  recall  is  not  a  continuous  variable  and  cannot  be  assumed  to  follow  a  normal  

distribution.    

Linear   models   describe   the   relationship   between   the   dependent   variable   (y)   and   one   or  

several   independent  variable  (x),   in  other  words  thorough  liner  modeling  we  can  determine  

to  what   extent   does   y   change   in   response   to   a   change   in   x.   Linear  models   are   particularly  

useful   as   they   have   the   power   to   predict   the   behavior   of  y   if  x   is   known   and   vice   versa.   In  

general  the  linear  relationship  is  modeled  using  an  equation:  

𝑦 = 𝑎 + 𝑏𝑥 + 𝑒  

Where  y  is  the  dependent  or  response  variable,  x  is  the  independent  or  explanatory  variable,  a  

describes   the   y   intercept,   b   is   slope   of   the   regression   line   and   e   is   the   error   term.   This  

modelling  method   assumes   that   the   x   and   y   variables   are   normally   distributed   and   have   a  

linear   relationship,   although   generalized   linear   modelling   is   sufficiently   flexible   to   be   also  

applied  when  these  assumptions  are  not  strictly  met.  Linear  regression  modelling  generates  a  

confidence  estimate  (P-­‐value)  for  the  ‘goodness  of  fit’  (quantified  by  R2)  between  the  x  and  y  

variables.  The  R2  (also  known  as  coefficient  of  determination)  is  the  measure  of  how  well  the  

model   fit   the  data  and  describes   the  proportion  of  variance  explained  by   the   fitted   line  (the  

linear   model).   In   this   work,   linear   modelling   was   carried   out   in   R   (https://www.r-­‐

project.org/)  using  the  lm  function,  and  it  was  used  to  investigate  associations  between  gene  

expression  (either  at  the  gene  or  network  level)  and  clinical  covariates  as  well  as  memory.  

  

2.2.4 Measures of similarity  

There   are   a   number   of   different   metrics   that   can   be   used   to   assess   the   similarity  

(dependence)  of  any  two  variables  (e.g.,  similarity  of  gene  expression  profiles,  to  identify  set  

of   co-­‐expressed   genes).   For   instance,   the   correlation   coefficient   is   a   measure   of   linear  

dependence  between  two  variables  and  it  ranges  between  1  (complete  positive  similarity  or  
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association)  and  -­‐1  (complete  negative  similarity  or  association).  Correlation  coefficient  of  0  

defines   no   similarity   between   variables   (vary   completely   at   random   with   respect   to   each  

other).  In  my  analysis  of  genome-­‐wide  expression  data,  given  the  high  likelihood  of  outliers  in  

the  expression  data  from  heterogeneous  human  tissue  samples  I  used  correlation  coefficients  

that  are  robust  to  effects  of  outliers  and  noise  in  the  data.  The  Tukey’s  biweight  method54  can  

be   used   to   compute   ‘robust’   pairwise   correlations   of   microarray   probe   expression.   This  

method  is  more  robust  to  outliers  than  the  traditional  Pearson  correlation  coefficient  and  it  is  

more   computationally   efficient   than   the   non-­‐parametric   Spearman   correlation  method.   The  

Tukey’s   correlation   estimate   is   defined   iteratively   using   a   weighting   function   that   down-­‐

weights   data   points   that   are   far   from   the   center   of   the   data   distribution   (most   likely  

outliers)54.    

The   Kendall   rank   correlation60   coefficient   is   also   robust   to   outliers   and   can   be   used   to  

compare  non-­‐normally  distributed  variables.   In   contrast  with   the  Tukey’s  biweight  method,  

the  Kendall  method  performs  a  non-­‐parametric   test  of   the  strength  of  dependence  between  

two  variables,  where  the  variables  are  individually  ordered  based  on  their  quantiles.  Both  the  

Tukey’s   and   Kendall   rank   correlations   are   used   here   (especially   for   hierarchical   clustering  

and  WGCNA),  as  indicated.  

  

2.2.5 Hierarchical clustering 

Hierarchical   clustering   uses   a   measure   of   distance   (e.g.,   the   Tukey’s   correlation)   between  

every   data   point   to   group   them   together   based   on   similarity   or   distance   (1   -­‐   similarity)  

between  them.  The  distance  between  two  data  points  is  usually  measured  as  1  –  coefficient  of  

correlation  between   them.  As   the   clustering   is  highly   influenced  by   the   adopted   correlation  

measure  (as  detailed  above),   it   is  essential  to  use  statistically  robust  measures  to  avoid  bias  

due   to   noise   and   outliers   common   to  microarray  datasets54.   Bottom-­‐up  methods  where   the  

algorithms   start   at   a   single   point   and   progressively   add   other   data   points   (e.g.,   gene  
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expression  profiles)  based  on  the  distance  between  them  can  be  used  to  build  gene  clusters.    

The   output   of   hierarchical   clustering   is   usually   represented   as   a   dendrogram  plot,   showing  

each  of   the  data  point  arranged   into  their  respective  clusters  and  the  relationships  between  

these   clusters   in   terms  of   dissimilarity.   The   relatedness   of   a   cluster   can  be   assessed  by   the  

length  of   lines   that  separate   the   two  clusters,  which  usually  represent   the  distance  between  

clusters  in  terms  of  dissimilarity.  The  dendrogram  can  be  interpreted  as  the  ‘chronology’  of  all  

merging  steps  from  the  bottom  (where  each  gene  is  assigned  to  a  specific  cluster)  to  the  top  

(where  all  genes  are  assigned  to  a  single  cluster)  of  the  dendrogram.  

There  are  a  number  of  different  hierarchical  clustering  algorithms  to  group  sets  of  variables  

or  of  co-­‐varying  genes  from  genome-­‐wide  expression  data.  For  my  analyses  I  chose  the  Ward-­‐

D2  minimum  variance  method61.  This  is  a  bottom  up  method,  which  starts  with  every  variable  

(gene)   as   a   single   data   point   and   then   the   points   are  merged   to  minimize   the   inter-­‐cluster  

variance.  When  applied  to  the  data,  this  approach  creates  highly  cohesive  gene  clusters  since  

only   the   points   that   vary   in   the   same   way   are   merged   together   and   assigned   to   the   same  

group62.    

  

2.2.6 Principal component analysis (PCA) 

Principal   components   analysis   (PCA)58   is   a   factor   analysis   method   that   can   be   used   to  

separate   the   variation   in   a   dataset   into   a   few   orthogonal   variables   or   components.   The  

derived  orthogonal  variables  may  be  good  approximations  of  the  latent  factors  influencing  a  

set  of  highly  inter-­‐correlated  variables  and  can  explain  a  large  percentage  (e.g.,  >50%)  of  the  

variation  observed  in  the  original  dataset.  The  method  separates  the  observed  variation  into  

components.  The  first  component  –  principal  component  1  (PC1)  is  taken  along  the  direction  

of   greatest   variability   and   therefore   summarizes   the   largest   fraction   of   variability   ion   the  

dataset.   Subsequent   PC’s   are   taken   in   orthogonal   directions   to   each   other   and   therefore  

capture  different  sources  of  variation  in  the  data.  Principal  component  analysis  was  run  in  R,  
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using  the  prcomp,   function  which  is  well  suited  datasets  where  there  are  more  observations  

than  samples63.  

  

2.2.7 Assessing the effect of clinical covariates on gene expression 

To   check   for   potential   batch   effects   on   global   variation   in   gene   expression,   I   used   PCA   to  

calculate   summary   variables   describing   the   variation   in   the   hippocampus   expression   of  

11,837   probes.   Principal   component   analysis   was   used   to   determine   if   the   first   three   PCs  

explained   a   sizeable   proportion   of   variation   between   individuals.   In   the   hippocampus   gene  

expression   dataset   (n=122   samples),   the   principal   components   explained   a   substantial  

proportion  of  variation:  PC1  26%  of  variation;  PC2  15%  and  PC3  8%.  If  the  variance  between  

patients  was  completely  random,   the  PC1  would  only  explain  0.81%  ( !""%
!""  !"#$%&!

  ).   I   checked  

whether  the  large  observed  co-­‐variance  is  primarily  due  to  inter-­‐individual  variation  or  due  to  

confounding  factors  using  the  biweight  correlation  of  PC1,  PC2  and  PC3  against  all  available  

clinical  covariates.  Pathology  ID  was  the  only  clinical  covariate  with  a  significant  correlation  

any  of  the  PCs  (PC1,  P=1.1×10-­‐4)  Table  1.  

  

Table 1: Clinical covariate effect on probe expression. Principal components were used to describe the top three 
major sources of variation on genome-wide profiles of probe expression. The PC were used to establish whether clinical 
covariates have substantial effect using univariate linear modelling. 

	
  	
   Univariate	
  analysis	
  –	
  PC	
  ~	
  clinical	
  covariate	
  

	
  	
   P-­‐value	
   R2	
  

Clinical	
  covariate	
   PC1	
   PC2	
   PC3	
   PC1	
   PC2	
   PC3	
  

Sex	
   3.1E-­‐01	
   8.7E-­‐02	
   3.4E-­‐01	
   0.02	
   0.05	
   0.02	
  
Pathology	
  ID	
   1.1E-­‐04	
   6.8E-­‐01	
   7.8E-­‐01	
   0.24	
   0.00	
   0.00	
  
Epilepsy	
  severity	
  (KPS/month)	
   7.2E-­‐01	
   2.3E-­‐01	
   6.6E-­‐02	
   0.00	
   0.03	
   0.06	
  
Age	
  at	
  psychology	
  assessment	
   2.3E-­‐01	
   3.8E-­‐01	
   7.5E-­‐01	
   0.03	
   0.01	
   0.00	
  
AED	
  load	
   6.2E-­‐01	
   8.1E-­‐01	
   3.4E-­‐01	
   0.00	
   0.00	
   0.02	
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In  addition  I  compared  the  expression  levels  of  all  11,837  probes  to  clinical  covariates  using  

univariate  linear  modelling  and  for  each  probe  I  calculated  the  extent  to  which  each  covariate  

explains  variation  in  expression  (as  indicated  by  R2),  

Figure  2.  

Here   and   in   other   sections   of   this   work   multiple   features   are   tested   (e.g.,   thousands   of  

microarray  probes);  in  this  cases  there  is  the  need  to  correct  for  ‘multiple  testing’  and  control  

type   I   error.   The   False   discovery   rate   (FDR)   is   a   common  way   to   control   the   rate   of   type   I  

errors   (when   testing   a   null   hypothesis).   Therefore,   I   have   adopted   FDR-­‐based   procedures  

(Benjamini-­‐Hochberg  or  BH  FDR  correction)64  to  control  the  expected  proportion  of  rejected  

null   hypotheses   that   were   incorrect   rejections   (‘false   discoveries’).   After   adjusting   for   the  

number   of   probes   tested   and   accepting   a   FDR   of   5%   (i.e.,   FDR<5%),   I   found   that   the  

expression  of  43%  of  the  probes  was  significantly  correlated  with  Pathology  ID.  Additionally,  

expression   of   4%   of   the   probes   was   significantly   correlated   with   age.   Given   that   memory  

performance  has  a  known  correlation  with  age,  adjusting   for   this  covariate  may  have   led   to  

removal  of  real  biological  signal  during  the  network  construction  stage.   I   therefore  opted  to  

only  adjust  expression  for  Pathology  ID  and  account  for  the  effect  of  other  clinical  covariates  

when  calculating  correlations  with  memory  performance.  

     



   47  

  

  

  

  

  

  

Figure 2: Effect of clinical covariates on gene expression. Univariate linear models were used to access the 
significance and strength of association between clinical covariates and each of the 11,837 brain-expressed probes. False 
discovery rate (FDR) used to correct significance of correlation (P) for the number of probes tested. For each covariate 
tested, the distribution of R2 values across all probes is reported using box-plots (thick line: median R2, box: interquartile 
(IQR) range; extreme R2 values outside the IQR are plotted as individual data points). For each covariate, the numbers on 
the right indicate the number of probes (%, where 0% indicates <0.01%) detected with P-value<5% (top line) and 
FDR<5% (bottom line). The most prominent proportion of gene expression variability is due to Pathology ID, which 
explains variation of 43% of the probes (FDR<5%).  

  

2.2.8 Co-expression networks construction 

The  11,837  probes  were  grouped   into  modules  using  weighted  gene  co-­‐expression  network  

analysis   (WGCNA)53   in   122   human   hippocampus   samples.   WGCNA   builds   undirected   co-­‐

expression   networks   where   the   nodes   of   the   network   correspond   to   probes   and   edges  

between  probes  are  determined  by  the  pairwise  correlations  between  the  probes’  expression  

levels.  To  avoid  outlier  bias,  Tukey’s  biweight  method54  was  used  to  compute  robust  pairwise  

correlations  of  microarray  probe  expression.  The  strength  of  relationships  between  probes  is  

defined   as   the   adjacency   matrix,   which   is   calculated   by   applying   a   power   function   (i.e.,  

connection  strength  =  |correlation|β)  on  the  biweight  correlation  matrix.  The  power  function  

parameter  reduces  the  rate  of  false  positives  by  down-­‐weighting  the  weakly  correlated  probes  

while   preserving   strong   correlations.   Higher   values   of   β   increase   this   effect   and   increase  
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specificity  of  gene  interactions,  while  a  lower  β  increases  sensitivity.  The  optimal  β  is  chosen  

by   fitting   a   linear   model   where   R2   =   1   represents   a   scale   free   network.   The   underlying  

assumption   is   that   biological   networks   have   a   few   genes  with  many   interactions   and  many  

genes  with  very  few  interactions  -­‐  scale  free  topology65  a  feature  observed  in  most  biological  

networks66.  Here  I  used  β  =  7,  which  had  a  close  fit  to  a  scale  free  model  (R2  =  0.99).  Then,  the  

adjacency  matrix   is  used  to  calculate  the  topological  overlap  matrix  (TOM),  which  measures  

the  number  of  neighbours   that   a  pair   of  probes  have   in   common,   relative   to   the   rest   of   the  

probes.   Finally,   average   hierarchical   clustering   was   used   to   group   genes   based   on   the  

dissimilarity   of   gene   connectivity,   defined   as   1   –   TOM.   The   dynamic   cut-­‐tree  method67  was  

used  to  cut  the  dendrogram  on  a  branch-­‐by-­‐branch  basis  to  produce  co-­‐expression  clusters.    

  

2.2.9 Conservation of mTLE networks in healthy mouse and human 
hippocampi 

Co-­‐expression  networks   found   in  the  epileptic  human  hippocampus  were   investigated  using  

independent   datasets   to   determine  whether   they   also   reflect   co-­‐expression   topology   in   the  

healthy   human   and   conserved   across   species   in   mouse   hippocampus.   I   refer   to   these  

independent   datasets   as   ‘replication’   datasets.   To   establish   reproducibility   of   module   co-­‐

expression   relationships   in   the   neuropathologically   normal   human   hippocampus   I   used  

human   post-­‐mortem   hippocampus   microarray   expression   data   from   104   healthy   humans  

from   the   UK   Brain   Expression   Consortium   (UKBEC)   (GSE60862)68.   Module   conservation  

across  species  was  investigated  using  available  mRNA-­‐sequencing  (RNA-­‐seq)  expression  data  

from   flash   frozen   100   healthy   (Crl:NMRI(Han)-­‐FR)   mouse   hippocampi.   The   data   was  

generated   and   gene-­‐level   expression  was   determined   for   an   unrelated   case-­‐control   project  

and   has   been   published43   as   part   of   a   study   where   it   was   also   used   show   cross   species  

conservation  of  mTLE  derived  modules.  
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2.2.10 Conservation of mTLE hippocampal networks across human brain 

To   determine   whether   co-­‐expression   of   genes   in   hippocampus   modules   M1   and   M3   are  

conserved  across   topographically  distinct  cortical  regions,   I  analysed  separate  genome-­‐wide  

gene   expression   data   from   five   brain   regions   (hippocampus,   cerebellum,   temporal   cortex,  

occipital   cortex,   frontal   cortex)   using   102   post-­‐mortem   human   brains   from   the   UK   Brain  

Expression   Consortium   (UKBEC)   (GSE60862)68.   Each   brain   region   was   treated   as   an  

independent  dataset.  Raw  expression  profiles  from  the  Affymetrix  Human  Exon  1.0  ST  Array  

were   processed   to   transcript-­‐level   expression   with   Affymetrix   Power   Tools   (APT)  

(http://www.affymetrix.com/partners_programs/programs/  

developer/tools/powertools.affx)   using   the   plier   normalisation   method   with   probe   gc-­‐

content  correction.  Only  the  most  reliable  ‘core’  set  of  probes  was  used  to  generate  transcript  

level  expression  profiles  as  defined  by  the  manufacturer.  I  considered  exons  as  ‘expressed’  if  

more   than   50%   of   the   samples   had   detection   above   background   P-­‐values   below   0.01,   as  

calculated   using   APT.   Gene-­‐level   expression   was   obtained   by   taking   median   expression   of  

multiple  exons  mapping  to  the  same  gene.  Expression  profiles  from  each  brain  region  were  as  

independent   datasets   and   were   processed   separately.   This   means   that   some   genes   are  

considered  as  ‘expressed’  in  some  brain  regions  and  not  in  others  Table  2.  

Table 2: Number of genes considered as expressed in each brain region. Expression profiles from each brain 
region were treated as independent datasets. Values represent the number of expression profiles retained at each step. The 
number of exons is defined by the ‘core’ set of probes mapping to gene transcripts. Detection above background P-values 
were used to reduce this set to remove non-expressed transcripts, defined as P-value of detection greater than 0.01 in more 
than 50% of the samples. The transcripts-level expression was summarised to gene-level expression by taking the median 

Brain	
  region	
   Number	
  of	
  exons	
  mapped	
  
using	
  APT	
  

Number	
  of	
  genes	
  detected	
  
above	
  background	
  

Final	
  number	
  of	
  
genes	
  

Hippocampus	
   22,011	
   18,832	
   14,646	
  
Frontal	
  cortex	
   22,011	
   19,182	
   14,800	
  
Temporal	
  cortex	
   22,011	
   19,092	
   14,777	
  
Cerebellum	
  	
   22,011	
   20,281	
   15,162	
  

Occipital	
  cortex	
   22,011	
   19,160	
   14,815	
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Furthermore,   gene   expression   profiles   were   corrected   for   the   (potential)   effect   of  

confounding   clinical   covariates   –   age,   gender,   post-­‐mortem   interval   (pmi),   cause   of   death  

(cod)  and  the  source  of  the  samples  (i.e.,  brain-­‐bank  ID).  The  data  were  also  adjusted  for  any  

potential  batch  effects  using  probabilistic  estimation  of  expression  residuals  (PEER)69.  PEER  

uses  factor  analysis  to  infer  hidden  determinants  that  explain  large  proportions  of  variability  

in  the  data.  This  approach  allows  expression  data  to  be  corrected  for  the  effects  of  measured  

covariates  such  as  age  and  sex  as  well  as  other  potential  sources  of  bias  such  as  batch  effects,  

environmental   influences,   sample  history  and  other  unknown   factors.  Comparative  network  

analysis   was   undertaken   as   previously   (above)   using   the   default   network   dissimilarity  

measure  in  WGCNA  based  on  the  topological  overlap  matrix  (TOM)53,  and  empirical  P  values  

for  the  reproducibility  of  the  identified  transcriptional  modules  were  calculated  by  comparing  

the   average   topological   overlap   for   module   genes   to   the   average   connectivity   of   10,000  

randomly  sampled  networks,  as  described  in  detail  below.  

  

2.2.11 Test for network conservation – empirical p-value calculation 

The   preservation   of   co-­‐expression   relationships   for   all   network   genes   can   be   tested   using  

non-­‐parametric  permutation-­‐based  methods.  To  determine  whether  the  network  genes  have  

higher   connectivity   in   the   replication   dataset   than   expected   by   chance   alone,   I   calculated  

robust   pairwise   correlation   between   all   the   genes   in   the   replication   dataset   (using   Tukey’s  

biweight  method).   Using  WGCNA   I   then   calculated   a   TOM  matrix   using   a   β   appropriate   for  

each   replication   dataset.   The   average   topological   overlap   of   genes   from   TLE   networks   in  

replication   dataset   is   compared   to   the   distribution   of   average   connectivity   of   10,000  

randomly   sampled   networks   of   the   same   size   in   the   replication   dataset.   Figure   3   shows  

examples   of   conservation   of   three   modules   derived   from   mTLE   hippocampus   in   healthy  

human  hippocampus  replication  dataset.  Absolute  of  average  pairwise  correlations  is  used  to  

compare   the   strength   of   co-­‐expression   in   module   genes   to   10,000   randomly   sampled  
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networks   of   the   same   size.   The   network   on   the   left   has   the   same   co-­‐expression   as   the  

randomly  sampled  networks,  the  network  on  the  right  is  highly  enriched  for  genes  with  very  

strong  co-­‐expression  than  expected  by  random  chance.  

To   properly   quantify   this   relationship   I   calculate   statistical   significance   of   conservation  

empirical  P-­‐value  method.  This  method  compares  the  average  co-­‐expression  of  network  genes  

to   the   distribution   of   randomly   sampled   networks,   similar   to   a   t-­‐test   but   without   the  

assumption  of  a  normal  distribution.  Empirical  P-­‐values  are  calculated  using  the  formula:  P=  

!!!
!!!

  ,  where  r  is  the  rank  of  the  test  value  and  n  is  the  number  of  permutations70.  The  empirical  

P-­‐values  are  then  adjusted  for  multiple  testing  (for  24  modules  tested,  see  below)  using  the  

FDR  method  (as  described  above).  
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Figure 3: Visual representation of empirical conservation of module gene relationships in replication 
dataset. Histogram represents the population of 10,000 randomly sampled networks of the same size as the module. Red 
line represents the average pairwise correlation of module genes in the replication dataset. Non-replicated module (left) the 
module gene correlations are typical of a randomly sampled network. Replicated module (mid) – module gene correlations 
are stronger than most randomly sampled networks. Strongly replicated module – module gene correlations are much 
higher than the randomly sampled population.  

  

2.2.12 Enrichment for Protein-Protein Interactions (PPI) 

Databases   of   known   protein   interactions   can   be   used   to   determine   if   a   set   of   genes  within  

each   co-­‐expression   network   are   known   to   bind   and   interact   on   the   protein   level   (protein-­‐

protein  interaction  -­‐  PPI).  I  used  two  databases  with  built  in  methods  to  test  a  network  for  PPI  

(String71  and  DAPPLE72).  The  methods  utilise  different  approaches  and  databases,  therefore  a  

network   is   more   likely   to   have   a   true   enrichment   for   PPI   if   both   methods   assign   high  

confidence  PPI  to  the  same  network.  
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String71   is  a  database  of  known  and  predicted   interaction  on  the   level  of  proteins  physically  

binding   as   well   as   more   indirect   functional   associations   such   as   catalysing   subsequent  

reactions  in  a  pathway,  joint  contributions  to  large  structural  assemblies  or  post-­‐translational  

modifications.   Grouping   proteins   based   on   such   interactions   can   be   a   useful   method   to  

determine   functional   signalling   pathways.   The   String   database   collates   information   from  

various  primary  repositories  of  experimental  data,  curated  interaction  databases  and  by  text-­‐

mining  scientific  publications.   In  addition,  String  database  has  a  built-­‐in  method  to  calculate  

enrichments  for  String  protein-­‐protein  interactions  for  a  list  of  gene  names.  This  is  done  using  

a  hyper-­‐geometric  test  with  a  random  background  model  designed  to  preserve  the  extent  of  

connectivity  in  the  given  list  of  proteins.  

The  Disease  Association  Protein-­‐Protein  Link  Evaluator   (DAPPLE72)   searches   several  public  

PPI   databases   and   assigns   significance   to   interactions   between   two   proteins   and   the   PPI  

network  based  on  the  number  of  independent  experiments  reporting  the  interaction.  DAPPLE  

reports  both  direct  and  indirect  PPI  -­‐  the  latter  may  have  one  or  two  intermediate  mediators  

that  are  not  in  the  network.  

  

2.2.13 Functional enrichment analysis of networks 

Go-­‐expression   modules   were   functionally   annotated   for   enrichment   in   genes   with   known  

function  in  biological  pathways  using  two  in-­‐web  methods:  WebGestalt73  and  David6.774.  Web  

Gestalt  was  used  to  look  for  enrichments  for  functional  pathways  from  two  databases:  Kyoto  

Encyclopaedia   of   Genes   and   Genomes   (KEGG)75   and   Pathway   Commons76.   The   David6.7  

database  was  used  to  annotate  the  genes  for  Gene  Ontology  (GO)77  terms  (Supplementary  

Figure  1).  The  set  of  9,616  brain-­‐expressed  genes  was  used  as   the  background  gene-­‐set   in  

the  functional  enrichment  analyses.  Also  in  this  case,  appropriate  FDR  corrections  have  been  

used   to   control   the   rate   of   type   I   errors   when   testing   functional   enrichments   in   multiple  

pathways  and  GO  terms.     
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2.3 Results 

2.3.1 Gene expression analysis in human hippocampus 

I   used   genome-­‐wide   transcriptomics   profile   of   human   hippocampus   to   build   gene   co-­‐

expression  networks.  The  dataset   includes  122  samples   from  patients  with  mesial   temporal  

lobe   epilepsy   (mTLE)   who   underwent   undergo   surgery   to   remove   a   portion   of   the  

hippocampus   (amygdalohippocampectomy).   The   extracted   tissue   was   fresh-­‐frozen   and  

subsequently   used   to   quantify   genome-­‐wide   levels   of  mRNA  using   Illumina  microarray  HT-­‐

12v3.  

To   perform   the   analysis   I   first   performed   quality-­‐control   checks   on   the   genome-­‐wide  

expression   to   remove   non-­‐expressed,   non-­‐varying   and   poor   quality   probes.   The   whole  

transcriptome  of  48,767  probes  was  filtered  to  the  final  dataset  of  11,837  probes.  In  addition  I  

used   linear  modelling   to   determine  whether   any   clinical   covariates   have   a   strong   effect   on  

gene   expression.   The   epilepsy   pathology   had   a   significant   correlation   (P=1.1×10-­‐4   and   see  

Table  1,  above)  with  the  first  PC  of  gene  expression  calculated  from  11,837  probes,  therefore  

gene expression levels were adjusted to remove the effect of pathology type by fitting linear models 

on gene expression and accounting for pathology using the lm function in R. The residuals from the 

linear model were then used in the co-expression network analysis. Probes were used for network 

construction with the assumption that if multiple probes target the same gene, they may represent 

different transcripts. Clustering probes based on their expression profiles would therefore group 

probes with similar expression and potentially separate probes representing different transcripts into 

separate modules. 

  

2.3.2 Co-expression networks from mTLE conserved in healthy human 
hippocampus 
To   construct   the   co-­‐expression  modules   I   grouped   the  probes  based  on   their   co-­‐expression  

patterns  using  weighted  gene  co-­‐expression  analysis   (WGCNA)  method. WGCNA  derived  24  



   55  

distinct   co-­‐expression  modules   (M1-­‐M24)  Table  3,   full   list   of   all   genes   in   the  module   is   in  

Supplementary  Table  1.  These  sets  of  co-­‐expressed  genes  can  capture  expression  patterns  

related  to  specific  cell  types  and  cellular  processes  related  to  phenotypes  such  as  memory  and  

epilepsy   severity.   To   determine   whether   any   of   the   networks   are   the   result   of   epilepsy  

pathology,   the   co-­‐expression   relationships   in  24  modules   from  epileptic  hippocampus  were  

checked  for  conservation  in  a  separate  dataset  of  healthy  human  hippocampi.  These  samples  

were   collected   post-­‐mortem   and   were   pre-­‐processed   for   analysis   by   the   Prizker  

Neuropsychiatric  Disorders  Consortium49.  For  each  module  from  the  epileptic  hippocampus,  I  

calculated  the  significance  of  module  gene  co-­‐expression  relationships  conservation   in  post-­‐

mortem  human  hippocampus.   This  was   done   by   comparing   the   average   connectivity   of   the  

genes   in   an   epileptic   hippocampus  module   to   the   average   connectivity   in   10,000   randomly  

sampled  networks  of  the  same  size  in  the  replication  datasets.  Based  on  this  analysis,  gene  co-­‐

expression   relationships   in   16   co-­‐expression   networks   are   significantly   (BH   FDR<0.05,  

multiple   correction   for   24   tests)   conserved   in   the   healthy   brain  while   8   are   specific   to   the  

epilepsy   cohort   (BH   FDR>0.1).   Modules  M6,   M8,   M12,   M15,   M16,   M17   and  M22  were   not  

conserved  in  healthy  human  tissue  (Table  3)  and  may  be  the  result  of  epilepsy  pathology  or  

anti-­‐epileptic  drug  metabolism.  

The  rodent  hippocampus  has  long-­‐been  the  primary  model  for  studying  molecular  processes  

related   to   memory78.   The   molecular   mechanisms   underlying   synaptic   plasticity   other  

processes  underlying  memory  and  learning  are  likely  conserved  in  mammalian  hippocampus.  

Therefore,   I   assessed   the   conservation   of   co-­‐expression   modules   from   epileptic   human  

hippocampus   in  mouse   hippocampus   using   co-­‐expression   relationships   between   the  mouse  

orthologs  of  the  human  module  genes.  I  used  whole-­‐transcriptome  RNA-­‐seq  data  analysed  in  

our   lab   for   a   related   experiment   from   fresh-­‐frozen  hippocampus   samples   from  100  healthy  

mice43.  Of  the  16  modules  conserved  between  epileptic  and  healthy  human  hippocampus,  four  

(M1,   M3,   M11,   M19)   were   also   significantly   conserved   in   the   healthy  mouse   hippocampus  

(FDR<0.05)  (Table  3)  
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Conservation  of  these  16  modules  in  an  independent  dataset  of  healthy  human  hippocampal  

gene  expression  dataset  and  evolutionary  conservation  of  four  of  these  modules  provides  two  

independent   lines   of   evidence   to   support   the   hypothesis   that   these   co-­‐expression  modules  

represent   functional   processes   in   the   mammalian   hippocampus.   Moreover,   this   analysis  

suggests   that   the   tissue   from  mTLE  hippocampus  can  be  used   to  retrieve  networks   that  are  

representative  of  healthy  brain  as  well  as  epilepsy  pathology.  
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Table 3: Gene co-expression module conservation in healthy human and mouse hippocampi. Gene co-
expression modules were constructed using fresh-frozen samples from patients with mTLE. Networks were constructed on 
probe-level, some genes are represented by multiple probes in the same network. Network was considered conserved if 
genes in the network have stronger co-expression relationships than a randomly sampled network of the same size in the 
replication datasets. P-values of conservation were calculated using a permutation method using 10,000 permutations. Not 
all genes from the mTLE discovery cohort were available in the replication datasets, for the purpose of this test all non-
represented genes were discarded, the proportion of genes from the module represented in replication datasets are shown 
(in the mouse replication dataset, only one to one orthologs were considered). Borderline significant conservation 
(0.05>FDR>0.01) highlighted yellow, significant conservation (FDR<0.01) – red, multiple testing correction performed 
using the Benjamini Hochberg (BH) FDR method for each replication dataset on 24 modules. 

Module	
  
Name	
  

Number	
  of	
  
probes	
  

Number	
  of	
  
genes	
  

Conserved	
  in	
  healthy	
  
hippocampus	
  (FDR)	
  

Conserved	
  in	
  healthy	
  
mouse	
  hippocampus	
  (FDR)	
  

M1	
   1244	
   1148	
   1.7E-­‐04	
   3.4E-­‐04	
  

M2	
   38	
   37	
   4.8E-­‐04	
   1.9E-­‐03	
  

M3	
   162	
   150	
   1.7E-­‐04	
   3.4E-­‐04	
  

M4	
   36	
   33	
   1.7E-­‐04	
   5.9E-­‐01	
  

M5	
   158	
   149	
   1.7E-­‐04	
   2.4E-­‐02	
  

M6	
   30	
   29	
   3.9E-­‐01	
   2.4E-­‐03	
  

M7	
   50	
   47	
   1.7E-­‐04	
   3.4E-­‐01	
  

M8	
   739	
   671	
   9.0E-­‐03	
   6.0E-­‐04	
  

M9	
   186	
   171	
   2.1E-­‐02	
   3.4E-­‐04	
  

M10	
   49	
   48	
   1.7E-­‐04	
   1.0E+00	
  

M11	
   150	
   148	
   1.7E-­‐04	
   3.4E-­‐01	
  

M12	
   72	
   66	
   4.9E-­‐02	
   3.4E-­‐04	
  

M13	
   149	
   144	
   1.7E-­‐04	
   5.7E-­‐03	
  

M14	
   129	
   114	
   1.7E-­‐04	
   1.0E+00	
  

M15	
   40	
   37	
   1.9E-­‐02	
   3.4E-­‐04	
  

M16	
   150	
   147	
   5.8E-­‐01	
   4.5E-­‐01	
  

M17	
   42	
   41	
   3.3E-­‐01	
   7.3E-­‐01	
  

M18	
   41	
   37	
   1.7E-­‐04	
   1.0E+00	
  

M19	
   582	
   558	
   1.7E-­‐04	
   3.4E-­‐04	
  

M20	
   460	
   426	
   1.7E-­‐04	
   1.0E+00	
  

M21	
   100	
   92	
   1.8E-­‐02	
   1.0E+00	
  

M22	
   76	
   72	
   6.7E-­‐01	
   3.4E-­‐04	
  

M23	
   148	
   138	
   1.7E-­‐04	
   1.0E+00	
  

M24	
   255	
   231	
   1.7E-­‐04	
   1.0E+00	
  

  

2.3.3 Network conservation at protein-protein interaction (PPI) level 

If  genes  in  a  co-­‐expression  module  are  part  of  the  same  biological  pathway,  they  are  likely  to  

interact  with  each  other  on  a  protein  level72.  Known  PPI  as  reported  using  experimental  data  

are   available   from   the   String   protein-­‐protein   interaction   database71.   The   String   database  



   58  

calculates   the   enrichments   for   known   PPI,   20   of   the   24   networks   are   enriched   for   known  

protein-­‐protein  interactions.  Modules  M2,  M4,  M10  and  M17  are  not  enriched  Table  4.  

In   addition   I   used   a   second   PPI   enrichment   method   -­‐   DAPPLE72,   which   performs   a   more  

conservative  test.  In  addition  the  database  is  potentially  more  accurate  as  it  accounts  for  noise  

from   high   throughput   protein   interaction   screens   and   for   discrepancy   in   available  

information  on  well  studied  proteins  against  relatively  unknown  ones72.  The  DAPPLE  method  

combines  information  from  a  number  of  databases  and  performs  enrichment  test  on  a  set  of  

genes.   According   to   the   analysis,   10   of   the   24   modules   from   the   human   epileptic  

hippocampus,  were  significantly  enriched  for  genes  expected  to  interact  on  protein  level  (M1,  

M3,  M6,  M9,  M13,  M15,  M18,  M19,  M20,  M22)  Table  4.  All  ten  modules  with  enrichments  for  

PPI   using   Dapple   are   also   enriched   for   PPI   using   the   String   enrichment  method,   therefore  

suggesting   the   PPI   information   used   is   highly   consistent   and   the   networks   genes’   products  

forming  PPI  are  robust  to  differences  in  the  underlying  data  (i.e.,  DAPPLE  or  String).  A  group  

of   proteins   can   be   controlled   by   the   same   expression   regulator   or   jointly   contribute   to   a  

particular  cellular  process  without  directly  interacting  on  protein  level.  However,  enrichment  

for   direct   protein-­‐protein   interactions   provides   additional   evidence   that   a   network   is   the  

result  of  real  biological  processes.  
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Table 4: Network enrichments for genes with known protein-protein interactions (PPI). Two distinct 
methods for PPI were used. Strings database performs a test based on observed and expected number of PPI. The 
DAPPLE method uses String and several other data sources to perform a test based on the connectivity of the genes in the 
network. If the genes in the network have few connections, the enrichment is calculated by comparing it to other genes 
with similar number of connections. P-values adjusted for multiple testing in 24 modules using BH FDR method. 

Network	
   Network	
  enrichment	
  for	
  PPI	
  
using	
  String	
  (FDR)	
  

Network	
  enrichment	
  for	
  PPI	
  
using	
  DAPPLE	
  (FDR)	
  

M1	
   1E-­‐16	
   1E-­‐03	
  

M2	
   4E-­‐01	
   5E-­‐02	
  

M3	
   5E-­‐02	
   2E-­‐02	
  

M4	
   4E-­‐01	
   1E+00	
  

M5	
   4E-­‐10	
   2E-­‐01	
  

M6	
   8E-­‐06	
   2E-­‐03	
  

M7	
   5E-­‐03	
   5E-­‐01	
  

M8	
   1E-­‐16	
   2E-­‐01	
  

M9	
   2E-­‐09	
   3E-­‐03	
  

M10	
   2E-­‐01	
   1E+00	
  

M11	
   2E-­‐06	
   1E-­‐01	
  

M12	
   2E-­‐03	
   1E+00	
  

M13	
   2E-­‐05	
   1E-­‐03	
  

M14	
   2E-­‐08	
   1E+00	
  

M15	
   1E-­‐16	
   2E-­‐02	
  

M16	
   1E-­‐02	
   3E-­‐01	
  

M17	
   3E-­‐01	
   9E-­‐01	
  

M18	
   1E-­‐16	
   1E-­‐03	
  

M19	
   1E-­‐16	
   1E-­‐03	
  

M20	
   2E-­‐16	
   2E-­‐03	
  

M21	
   3E-­‐12	
   2E-­‐01	
  

M22	
   1E-­‐16	
   1E-­‐03	
  

M23	
   1E-­‐16	
   2E-­‐01	
  

M24	
   1E-­‐05	
   9E-­‐01	
  
  

  

2.3.4 Hippocampal modules are enriched for distinct KEGG and GO terms 

I   used  WebGestalt73   and   David6.774   enrichment  methods   to   determine   if   the   co-­‐expression  

networks  were  enriched  for  genes  with  known  function  in  biological  processes  and  pathways.  

Notably,   the   M1   network   is   enriched   for   genes   involved   in   pathways   highly   relevant   for  

neuronal   plasticity.   Specifically,   M1   is   enriched   for   KEGG   pathways   calcium   signalling   (BH  

P=8.4×10-­‐7),  axon  guidance  (BH  P=1×10-­‐4)  and   long  term  potentiation  (BH  P=4×10-­‐3)  and  
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gene  ontology  categories  biological  process:  transmission  of  nerve  impulse  (BH  P=6.5×10-­‐9),  

synaptic   transmission   (BH   P=7.4   ×10-­‐10),   neuron   development   (BH   P=3.3×10-­‐8),   neuron  

projection  morphogenesis  (BH  P=5.6×10-­‐9).  The  M1   is  significantly  enriched   for  genes  with  

GO   annotation   for   cellular   component:   synaptic   vesicle   (BH   P=2.8×10-­‐8),   membrane   (BH  

P=7.8×10-­‐13),   synapse   part   (BH   P   =   4×10-­‐18),   synaptic   membrane   (BH   P=9.5×10-­‐8)   and  

molecular   function:   ion   trans-­‐membrane   transporter   activity   (BH   P=1.2×10-­‐3),   calcium   ion  

binding.  The  M8  module  is  also  enriched  for  membrane  trafficking  (BH  P=9.2×10-­‐3).  

Other   networks   are   enriched   for   pathways   less   relevant   to   memory,   such   as   metabolite  

biosynthesis,   immune   response   and   housekeeping   processes,   full   list   of   pathways   and   P-­‐

values  available  in  Supplementary  Figure  1.  Of  the  24  modules,  eight  (M2,  M4,  M11,  M12,  

M13,  M16,  M21,  M22)   did   not   have   any   enrichment   for   any   KEGG   and   Pathway   Commons  

processes.  

Several   networks   are   enriched   for   genes   involved   in   similar   pathways:   M6   and   M15   are  

enriched   for   genes   in   metabolic   pathways   such   as   Oxidative   phosphorylation   (M6,   BH  

P=2×10-­‐2;  M15,  BH  P=1.6×10-­‐10)  as  well  as  genes  involved  in  neurodegenerative  diseases  –  

Alzheimer’s,  Parkinson’s  and  Huntington’s.  Several  modules,  M9,  M14,  M18,  M23  and  M24  are  

enriched   for   immune   response   pathway   genes   such   as   ‘cytokine-­‐cytokine   receptor  

interaction’   (M18   BH   P=3.8×10-­‐12;   M23,   BH   P=3.4×10-­‐6)   and   antigen   processing   and  

presentation’  (M23,  BH  P=3×10-­‐7).  In  addition,  two  modules  are  enriched  for  genes  involved  

in  translation  initiation  -­‐  M19,  M22  and  three  in  translation  elongation  M15,  M19,  M22.  

  

2.3.5 Specificity of hippocampal networks 

As  detailed  in  the  introduction,  hippocampus  is  essential  for  memory  formation.  It  serves  as  a  

hub   that   has   many   neuronal   connections   to   the   neocortex.   These   connections   facilitate  
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integration   of   new   information   by   co-­‐ordinating   formation   of   associative   neuronal  

connections  between  various  neocortical  regions  that  store  episodic  memories.  

I  was  therefore   interested  to   investigate   if   the  reconstructed  hippocampal  networks  (Table  

3,   Supplementary   Table   1)   are   specific   to   the   hippocampus   or   are   found   across   the  

neocortical   regions.  Genome-­‐wide  gene  expression  data   for  102  post-­‐mortem  human  brains  

was  sourced  from  the  UK  Brain  Expression  Consortium  (UKBEC)68,  which  contains  complete  

data   across   three   cortical   regions:   temporal   cortex   (TC),   occipital   cortex   (OC),   and   frontal  

cortex  (FC)  as  well  as  the  hippocampus  (HC)  and  cerebellum  (CR).  I  treated  each  brain  region  

as  an  independent  dataset.  Similarly  to  the  gene  data  processing  from  the  TLE  hippocampus,  

gene  expression   levels   for   each  brain   region   from  UKBEC  dataset  were  adjusted   for   clinical  

covariates:  age,  gender,  post-­‐mortem  interval,  cause  of  death  and  brain  bank  ID.    

Overall,  12  of  the  networks  are  expressed  across  all  five  brain  regions  and  four  networks  are  

not  conserved  in  any  brain  region  Table  5.  Two  of  the  networks  appear  to  be  specific  to  the  

hippocampus   –  M21   and  M14.   Another   two   networks   are   expressed   hippocampus   and   one  

other  brain  region  –  M17  (HC  and  CR),  M4  (HC  and  OC).  This  result  suggests  that  the  majority  

of  the  gene  co-­‐expression  networks  reconstructed  from  hippocampal  data  are  not  specific  to  

the  hippocampus,  but  are  also  observed   in  other  brain  regions  associated  with   learning  and  

memory  storage,  more  generally.  While  cerebellum  is  not  part  of   the  cortex   it   is   involved   in  

co-­‐ordination  of  motor  behaviour  including  learned  motor  skills.  Notably,  the  hippocampus  is  

not  involved  in  motor  skill  learning79,  which  is  thought  to  rely  on  direct  connections  between  

sensory  processing  areas  of  the  cortex  and  the  cerebellum.  

  

  

  

  



   62  

  

Table 5: Module gene co-expression relationship conservation across the cortical brain regions and 
cerebellum. Empirical P-values of mTLE module conservation were calculated for each of the five brain regions from 
the same 102 individuals: hippocampus (HC), frontal cortex (FC), temporal cortex (TC), occipital cortex (OC) and 
cerebellum (CR). Significant conservation (FDR<0.01) highlighted in red, Suggestive conservation highlighted in 
(0.05>FDR>0.01. Multiple testing BH FDR-based correction performed for each brain region for 24 modules as 
indicated before. 

Module	
  
UKBEC	
  HC	
   UKBEC	
  FC	
   UKBEC	
  TC	
   UKBEC	
  CR	
   UKBEC	
  OC	
  

(FDR)	
   (FDR)	
   (FDR)	
   (FDR)	
   (FDR)	
  

M1	
   1.8E-­‐04	
   3.0E-­‐04	
   2.7E-­‐04	
   2.2E-­‐03	
   4.0E-­‐04	
  
M2	
   1.5E-­‐01	
   4.0E-­‐01	
   1.1E-­‐01	
   2.8E-­‐01	
   7.9E-­‐01	
  
M3	
   1.3E-­‐02	
   1.2E-­‐02	
   3.3E-­‐03	
   1.9E-­‐02	
   5.9E-­‐03	
  
M4	
   1.8E-­‐04	
   2.4E-­‐01	
   9.1E-­‐01	
   8.9E-­‐01	
   7.6E-­‐03	
  
M5	
   1.8E-­‐04	
   2.2E-­‐03	
   1.5E-­‐03	
   3.4E-­‐04	
   1.5E-­‐03	
  
M6	
   1.9E-­‐01	
   6.3E-­‐01	
   2.5E-­‐01	
   5.4E-­‐01	
   1.7E-­‐01	
  
M7	
   1.8E-­‐04	
   3.0E-­‐04	
   2.7E-­‐04	
   2.7E-­‐02	
   4.0E-­‐04	
  
M8	
   1.8E-­‐04	
   6.4E-­‐03	
   2.7E-­‐04	
   3.4E-­‐04	
   1.0E-­‐01	
  
M9	
   1.2E-­‐03	
   4.1E-­‐01	
   2.6E-­‐02	
   1.4E-­‐03	
   3.7E-­‐01	
  
M10	
   1.8E-­‐04	
   2.1E-­‐03	
   9.3E-­‐01	
   9.7E-­‐01	
   1.0E-­‐03	
  
M11	
   1.8E-­‐04	
   3.0E-­‐04	
   2.7E-­‐04	
   3.4E-­‐04	
   4.0E-­‐04	
  
M12	
   3.4E-­‐03	
   1.2E-­‐02	
   2.8E-­‐03	
   8.0E-­‐04	
   1.2E-­‐01	
  
M13	
   1.8E-­‐04	
   2.8E-­‐03	
   4.8E-­‐04	
   6.0E-­‐04	
   1.6E-­‐02	
  
M14	
   3.5E-­‐03	
   3.1E-­‐01	
   5.5E-­‐01	
   9.7E-­‐01	
   7.9E-­‐01	
  
M15	
   7.7E-­‐01	
   9.8E-­‐01	
   7.2E-­‐01	
   6.6E-­‐01	
   5.3E-­‐01	
  
M16	
   2.6E-­‐03	
   3.0E-­‐04	
   2.7E-­‐04	
   3.3E-­‐03	
   5.2E-­‐01	
  
M17	
   4.3E-­‐02	
   4.0E-­‐01	
   3.2E-­‐01	
   2.0E-­‐03	
   2.5E-­‐01	
  
M18	
   1.8E-­‐04	
   7.7E-­‐02	
   3.8E-­‐02	
   2.3E-­‐01	
   7.6E-­‐03	
  
M19	
   1.8E-­‐04	
   3.0E-­‐04	
   2.7E-­‐04	
   3.4E-­‐04	
   1.8E-­‐02	
  
M20	
   1.8E-­‐04	
   3.0E-­‐04	
   2.7E-­‐04	
   3.4E-­‐04	
   4.0E-­‐04	
  
M21	
   1.8E-­‐03	
   9.9E-­‐01	
   1.0E+00	
   1.8E-­‐01	
   1.0E+00	
  
M22	
   6.7E-­‐01	
   3.2E-­‐01	
   2.5E-­‐01	
   7.2E-­‐02	
   5.3E-­‐01	
  
M23	
   1.8E-­‐04	
   3.0E-­‐04	
   2.7E-­‐04	
   3.4E-­‐04	
   4.0E-­‐04	
  
M24	
   1.8E-­‐04	
   3.0E-­‐04	
   2.7E-­‐04	
   3.4E-­‐04	
   4.0E-­‐04	
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2.4 Summary 

In   this   chapter,   I   used   genome-­‐wide   expression   profiles   from   122   patients   with   mTLE   to  

reconstruct  24  gene  co-­‐expression  networks.  Microarray  data  is  expected  to  contain  technical  

noise   that   is   not   the   product   of   the   biology   in   the   assayed,   particularly   for   less   strongly  

expressed   transcripts80.   Although   studies   have   shown   that   the   noise   is   not   as   high   as   is  

generally  believed81,   I   took  steps   to  remove  several  sources  of   technical  noise.  Specifically,   I  

removed  probes  with  low  quality  or  those  known  to  contain  SNPs.  I  also  removed  probes  not  

expressed  in  >50%  of  the  samples  as  well  as  non-­‐varying  and  low  expressed  probes  that  may  

reflect   expression   of   ‘housekeeping’   genes   such   as   energy   metabolism   transcription   and  

translation.  

After   filtering   I   reconstructed  24  gene  co-­‐expression  networks   (M1-­‐24)  using  genome  wide  

expression  profiles  in  human  hippocampus  from  mesial  temporal  lobe  epilepsy  patients.  The  

24  modules  were   annotated   for   known  biological   function   to   determine  whether   the   genes  

grouped  based  on  co-­‐expression  make  biological  sense  and  are  known  to  interact  on  protein  

level.   I   have   also   looked   for   publically   available   genome-­‐wide   expression   profiles   to  

determine  whether  the  observed  co-­‐expression  relationships  are  conserved  in  other  datasets,  

specifically  in  the  healthy  brain.  

Co-­‐expression   relationships   observed   in   20   of   the   24   modules   appear   to   be   significantly  

conserved   in   healthy   human   brain,   as   the   genes   in   the   modules   are   more   strongly   co-­‐

expressed   than   expected   by   random   chance   in   replication   datasets   from   healthy   humans.  

Many   of   these   networks   are   enriched   for   genes   involved   in   the   same   biological   pathway,  

which   suggest   functional   specialization  of   these  networks.  However,   some  networks  do  not  

appear   to  be  enriched   for   any  known  biological  process.   For   example  10  networks  have  no  

enrichment  for  any  known  KEGG  pathways  and  only  one  of   these  has  a   ‘Pathway  Commons’  

enrichment.   While   several   of   these   have   enrichments   for   GO   terms,   genes   in   7   of   the   24  

networks   (M2,   M4,   M7,   M11,   M12,   M16,   M17)   do   not   have   enrichments   for   any   known  
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function  and  are  not  known  to  interact  at  the  PPI  level.  However,  it  should  be  noted  that  the  

quality  and  quantity  of  known  biological  function  and  PPI  data  is  not  uniform  for  all  genes  and  

tissues.   Therefore,   while   genome   wide   experiments   aim   to   identify   canonical   biological  

pathways  that  may  have  a  role  in  determining  a  particular  phenotype  (e.g.,  memory),  due  to  

gaps  in  current  understanding  and  gene  annotations,  such  hypothesis-­‐free  methods  may  also  

identify  previously  unknown  gene   interactions  and  biological  processes.  This   is  particularly  

true   for   these   networks   identified   from   analysis   of   human   brain   tissue,   because   of   the  

difficulties  in  obtaining  biological  material  for  study.  Without  further  experimental  validation,  

it   is   difficult   to   determine  whether   the   identified   networks  with   no   known   function   are,   at  

least  in  part,  the  product  of  experimental  noise  or  are  due  to  coordinated  biological  processes.  

At  this  stage  of  the  study,  I  did  not  disregard  un-­‐annotated  networks  as  further  analysis  may  

provide  further  clues  regarding  their  validity  in  the  human  brain.  

  

As  the  samples  were  obtained  from  hippocampi  of  patients  with  mTLE,  I  was  interested  to  see  

which   networks   are   related   to   disease   pathology   and   which   may   be   common   to   healthy  

human   brain.   Therefore,   I   analyzed   the   24   networks   (M1-­‐M24)   for   conservation   across  

healthy  human  brain  by   looking   for   conservation  of   the  gene  co-­‐expression   relationships   in  

mTLE  hippocampus  in  healthy  human  hippocampus  and  four  other  brain  regions.  The  UKBEC  

dataset   consists   of   102   samples   collected   post   mortem   across   five   brain   regions:   the  

hippocampus,  the  cerebellum  responsible  for  motor  control  and  learning  of  new  motor  skills  

and  three  sub-­‐regions  of  the  cortex  (frontal,  occipital  and  temporal  (FC,  OC,  TC  respectively))  

responsible  for  processing  of  sensory  information  as  well  as  storage  of  memory.  My  analysis  

identified  10  modules  conserved  across  all  five  healthy  brain  regions  (M1,  M3,  M5,  M7,  M11,  

M13,  M19,  M20,  M23  and  M24)  and  two  modules  M14  and  M21  specific  to  the  hippocampus  

(healthy   and  mTLE)   Table   5,   Figure   4.   Five   of   these   networks   are   also   enriched   for   PPI  

based   on   two   independent  methods   (M1,  M3,  M13,  M19,  M20).   Enrichment   for   genes  with  
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known   PPI   relationships   provides   additional   evidence   that   the   network   may   reflect   real  

biological  processes.  However,  as  highlighted  above,  the  absence  of  such  enrichment  does  not  

exclude  the  network  as  the  identified  gene-­‐gene  relationships  may  be  the  result  of  regulatory  

processes   that   affect   proteins   that   do   not   directly   interact   or   interact   via   pre-­‐synthesized  

intermediaries   that   remain   inactive   until   triggered   by   external   factor   (genetic   and  

environmental).   Additionally,   I   also   report   the   intriguing   observation   that   two   of   the  

networks  strongly  conserved  in  healthy  human  brain  and  evolutionarily  conserved  in  mice  do  

not  have  any  known  functional  annotations  (M7,  M11)  nor  enriched  for  known  PPI.    

  

  

Figure 4: Module co-expression relationship conservation across five brain regions in healthy human 
and evolutionary conservation in mouse hippocampus. Significance calculated using permutation based test, P-
values adjusted for 24 modules (M1-M24) using FDR method. HC – hippocampus, CR – cerebellum, FC – frontal cortex, 
OC – occipital cortex, TC – temporal cortex. Modules M1-M24 represented as numbers in heatmap rows. Significance of 
conservation is highlighted as per the legend. 
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Molecular  pathways  underlying  cognitive  processes  might  be  evolutionarily   conserved82,83,84  

and   the   rodent   hippocampus   has   long   been   the   primary   model   for   studying   molecular  

processes   related   to   learning   and  memory78.   I   therefore   used   healthy  mouse   hippocampus  

data   to   determine   whether   the   co-­‐expression   relationships   in   the   observed   modules   are  

evolutionarily  conserved.  Overall,  only  four  modules  are  not  evolutionarily  conserved,  two  of  

which  are  not  conserved  in  any  healthy  brain  region  (M6  and  M22)  and  two  are  conserved  in  

healthy   human   brain   but   not   in   mouse   (M16   and   M17).   In   addition,   two  modules   are   not  

conserved  in  healthy  brain  but  appear  to  be  evolutionarily  conserved  (M2  and  M15).  

Modules  with  genes  whose  co-­‐expression  relationships  are  not  conserved   in  healthy  human  

brain  (M6  and  M22)  may  reflect  gene  expression  due  to  epilepsy  pathology  or  treatments  that  

the  patients  underwent  to  control  seizures.  Functional  enrichments  support  such  possibility,  

M6   is  significantly  enriched   for  genes  with   function   in  KEGG  pathways:  Parkinson’s  disease,  

Alzheimer’s  disease,  Huntington’s  disease  and  metabolic  pathways.  M22  is  enriched  for  KEGG  

pathways:   mTOR   signaling   and   Ribosome.   The   mTOR   signaling   pathway   plays   a   role   in   a  

number  of  important  cellular  processes  including  synaptic  plasticity  and  neuronal  excitability  

associated  with  epilepsy85.  Downstream  effects  of  mTOR  pathway  regulate  mRNA  translation,  

processing   and   splicing   which   is   also   consistent   with   KEGG   pathway   enrichments   for  

‘Ribosome’   as  well   as   Pathway   commons   enrichments   for   3'   −UTR−mediated   translational  

regulation,   Eukaryotic,   Translation   Initiation   and   Termination,   Cap−dependent   Translation  

Initiation  and  other  related  processes.    

While   M15   is   not   conserved   in   healthy   human   brain   it   does   appear   to   be   evolutionarily  

conserved   in   mice   and   is   significantly   enriched   for   KEGG   pathways:   Parkinson’s   disease,  

Alzheimer’s  disease,  Huntington’s  disease  and  metabolic  pathways.  This  network  may  also  be  

the  product  of  disease  related  processes  that  are  part  of  healthy  mouse  brain  function.  
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The   M2   and   network   are   not   conserved   in   healthy   human   brain,   but   appears   to   be  

evolutionarily   conserved   in   mouse.   The   genes   in   M2   network   do   not   appear   to   be   to   be  

enriched  for  any  known  functional  pathways   in  KEGG,  Pathway  commons  or  GO  terms.  This  

network  may   reflect   unknown   or   poorly   annotated   pathways   and   processes   related   to   the  

diseased  hippocampus.  

There  are  two  networks  specific  to  the  hippocampus  both  healthy  human  and  mouse  –  M14  

and  M21.  The  M14  network  appears  to  be  enriched  for  the  same  pathways  as  M22  (mTOR  and  

mRNA   processing),   which   as   previously   mentioned,   play   a   role   in   synaptic   plasticity   and  

neuronal   excitability.   The   conservation   in  healthy  brain  may   suggest   that   the  M14  network  

reflects   co-­‐expression   patterns   of   this   pathway   common   to   healthy   brain   while   the   M22  

network   reflects   the   changes   in   this   pathway   that   occur   due   to   disease.   The   M21   is   only  

enriched  for  GO  terms  ‘defense  response’  and  ‘extracellular  region’;  the  network  genes  do  not  

appear  to  have  documented  PPI  interactions.    
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Chapter 3: Measurement of human memory performance 

3.1 Introduction 

Memory  performance   is   the  outcome  of  highly   coordinated  neuronal   activity   across   several  

brain  regions.  The  aim  of   this  chapter   is   to  determine  which  memory   test   score   is   the  most  

representative  of  memory  performance.  This  score  will  be  then  integrated  with  the  network  

data   discussed   previously   in   Chapter   3,   to   identify   specific   transcriptional   processes   in   the  

brain  that  are  related  to  human  memory.  

  

3.1.1 Quantification of episodic memory performance 

Episodic   memory   performance   is   the   observed   outcome   of   neuronal   function   in   the  

hippocampus86,   which   is   not   directly   measureable   using   non-­‐invasive   procedures   and  

therefore  memory  tests  are  used  to  approximate  it.  Episodic  memory  is  clinically  tested  by  the  

ability   to   retain  newly  acquired   information  either  verbal   (word   lists  or  prose  passages)  or  

visual   (geometric/figural  designs,   faces  or   complex   scenes)  over   a  delay  of   varying   lengths.  

The  efficiency  of  learning  new  information  prior  to  recall  and  memory  are  highly  functionally  

interrelated.  

Importantly,   clinical   tests   designed   to   assess   memory   are   also   affected   by   other   cognitive  

states  such  as  attention,  perception  and  language87,  as  well  as  medication  use  and  medical  co-­‐

morbidity.   Because   of   this   interdependence,  memory   testing   is   often  performed   in  multiple  

trials  to  measure  various  aspects  of  memory  such  as  learning,  immediate  and  delayed  recall.  

Additional   tests   to   assess   other   functions   such   as   attention   may   also   be   performed   and  

alternative  memory  tests  can  be  used  to  validate  performance  scores88.  
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3.1.2 Verbal memory tests measure episodic memory performance 

Verbal   learning   tests   are   a   commonly   used   to   test   episodic   memory   performance   by  

measuring   the   individual’s   ability   to   correctly   recall   a   list   of  words  over   a  number  of   trials.  

Rey   Auditory   Verbal   Learning   Test   (RAVLT)   is   the   most   widely   used   test   and   has   been  

validated   to  perform  well   in  several  other   languages89.   It  has  been  shown   to  be  an  accurate  

and   sensitive  measure   of   the   ability   to   store   and   retrieve   verbal   information90.   It   has   been  

used   in   combination   with   imaging   studies   in   patients   with   major   depression   to   show   that  

performance  in  RAVLT  reflects  hippocampal  volume  of  the  patients91.  The  RAVLT  is  routinely  

used   assess   the   presence   or   progression   of   memory   impairment   to   predict   onset   and  

progression   of   neurodegenerative   conditions   such   as   Alzheimer’s   disease92,   and   epilepsy93  

which   are   characterized   by   damage   of   brain   regions   critical   for   episodic  memory.   Verbaler  

Lern-­‐und  Merkfahigkeits  test94  (VLMT)  is  the  German  version  of  RAVLT  and  has  been  used  in  

epilepsy   patient   diagnosis   in   this   cohort.   This   test   is   administered   over   9   trials   in   where  

participants  are  asked   to   recall   a   list  of  15  words   immediately  after   it  has  been   read  out   to  

them  and  after  a  delay  of  30  minutes.  There  is  also  an  intrusion  and  recognition  trial.  Detailed  

description  of  the  test  procedures  used  is  available  in  the  methods  (below).  

  

3.1.3 Importance of clinical covariates 

Performance   in  verbal  memory   tests   is  known  to  be  affected  by  non-­‐genetic   factors  such  as  

age95  and  in  the  this  mTLE  cohort  -­‐  severity  of  epilepsy,  seizure  frequency  and  medication.  It  

is  crucial  to  control  for  effect  of  these  factors  to  remove  possible  bias  in  downstream  analyses.  

Here,  I  assess  the  impact  of  clinical  covariates  and  correct  their  effect  on  memory  using  linear  

modelling,  as  detailed  previously.  Memory  performance  scores  can  be  statistically  corrected  

to   remove   the   effect   covariates   with   significant   correlations,   which   allows   to   retain   larger  

sample  sizes  instead  of  cutting  out  all  patients  except  for  those  fitting  a  narrow  age,  sex  and  

disease  severity  range.  
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3.1.4 Extracting underlying source of variation - latent variables and factor 
analysis 
I  used  factor  analysis  to  determine  whether  it   is  possible  to  statistically  summarize  multiple  

memory  test  trials  into  more  informative  variables  or  determine  which  memory  performance  

measure   most   reliably   quantifies   the   biological   processes   underlying   long   term   memory  

performance  in  humans.  

Latent  variables  in  statistical  analysis  are  features  that  cannot  be  easily  observed  or  measured  

but   are   instead   inferred   from  measurable   sources96.   The   concepts   of   episodic   and   semantic  

memory   as   well   as   short   and   long-­‐term   memory   are   theoretical   constructs   based   on   our  

understanding  of  the  way  memory  is  structured  in  humans.  Factor  analysis  is  a  general  term  

for   a   number   of   statistical   methods   designed   to   extract   latent   variables   that   influence  

observed   variables.   Such   methods   can   be   used   to   summarize   the   variation   observed   in  

multiple  test  trials  as  one  latent  variable  such  as  “memory  performance”  or  several  variables  –  

STM   and   LTM.   Latent   variables   can   potentially   be   more   closely   related   to   the   underlying  

biological  processes,  which  produce  the  observed  variation  in  memory  performance,  than  any  

individual   trial.   A   single   latent   phenotype   is   also   preferable   to   9   related   variables   as   this  

reduces  multiple  testing  penalties  and  lowers  the  effect  of  intrinsic  noise  in  the  measurement  

data58.     
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3.2 Materials and methods 

3.2.1 Clinical data collection 

A   cohort   of   122   patients   with   pharmacoresistant   mesial   temporal   lobe   epilepsy   (mTLE)  

underwent  surgical  treatment  to  remove  the  epileptic  locus  in  the  hippocampus  Table  6.  The  

need  for  surgery  was  indicated  by  prior  evaluation  to  establish  whether  seizures  originated  in  

the  mesial   temporal   lobe93   and   if   so   to   determine   the   laterality   of   the   epilepsy.  All   patients  

underwent   detailed   neuropsychological   testing   prior   to   epilepsy   surgery,   and   informed  

written   consent   was   obtained   from   all   patients.   All   procedures   were   conducted   by   the  

Epilepsy   Surgery  Program  at   the  University   of  Bonn  Medical   Centre   in   accordance  with   the  

Declaration   of   Helsinki   and   approved   by   the   ethics   committee   of   the   University   of   Bonn  

Medical  Centre.  

The   cohort   Table   6   is  mostly   composed   of   adult   individuals  median   age   35.5  with   a   fairly  

even  proportion  of  males  and   females  (56%  and  44%  respectively).  Subjects  exhibit  a  wide  

range   of   epilepsy   seizure   frequency   (0.04-­‐150   complex   partial   seizures   per   month),   the  

majority  of  which  originate  in  the  left  lobe  of  the  hippocampus  (57%).  
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Table 6: Cohort	
   description	
   for	
   temporal	
   lobe	
   epilepsy	
   (TLE)	
   patients.	
   All	
   samples	
   were	
   collected	
   at	
   a	
   single	
  
neurosurgery	
  clinic.	
  Values,	
  percentage	
  statistics	
  or	
  range	
  with	
  median	
  and	
  IQR-­‐interquartile	
  range	
  are	
  included. 

	
  	
   Number	
  of	
  Subjects	
  
Total	
  number	
  of	
  TLE	
  patients	
   122	
  
	
   	
   	
   	
  
	
   Number	
  of	
  Subjects	
  (%)	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Male	
   	
   68	
  (56%)	
   	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Female	
   	
   54	
  (44%)	
   	
  
	
   	
   	
   	
  
	
   Range	
   Median	
   IQR	
  
Age	
  at	
  epilepsy	
  onset	
  	
   1-­‐67	
   9	
   14	
  
Age	
  at	
  epilepsy	
  surgery	
  	
   1-­‐64	
   35.5	
   25	
  
Seizures	
  (all	
  types)	
  per	
  month	
  	
   0.04-­‐150	
   5	
   12	
  

	
   	
  	
   	
   	
  
	
   Number	
  of	
  Subjects	
  (%)	
  
Secondary	
  generalized	
  convulsions	
   36	
  (29%)	
  

	
   	
  
	
   Number	
  of	
  Subjects	
  (%)	
  
Laterality	
  of	
  TLE	
  	
  

	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Right	
   48	
  (39%)	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Left	
   70	
  (57%)	
  

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Unclassified	
   4	
  (3%)	
  

  

  

3.2.2 Verbal learning and memory test (VLMT) procedure 

In   order   to   avoid   any   biases   that  may   be   due   to   different   clinicians   administering   a   test,   a  

single   experienced   clinical   psychologist   (Professor   Christoph   Helmstaedter)   evaluated   all  

subjects.   Verbal   memory   performance   was   accessed   using   the   Verbaler   Lern-­‐und  

Merkfahigkeitstest   -­‐  verbal   learning  and  memory   test   (VLMT)94,97   the  German  adaptation  of  

the  Rey  Auditory  Verbal  Learning  Test  (RAVLT)95.  This  test  has  been  shown  to  reliably  assess  

verbal  short-­‐term  and  long-­‐term  memory97.  The  VLMT  test  consists  of  two  lists  of  15  words,  

list  A  and  list  B,  which  are  administered  over  7  trials.  The  Score  for  each  trial  is  the  count  of  

the   number   of   words   recalled   correctly.   In   the   first   five   trials,   the   subjects   are   asked   to  

remember  the   list  A  as   it   is  read  out  and  then  recall  as  many  words  as  possible.   In   the  next  
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trial   the   list  B   is   presented   for   the   first   time   and   subjects   are   asked   to   recall   the   list  B   and  

subsequently  the  list  A  without  additional  presentation.  In  trial  7,  unannounced  recall  of  list  A  

is  requested  after  30  minutes  of  unrelated  activities.  The  test  is  concluded  with  a  recognition  

trial  where  the  subjects  are  scored  on  the  ability  to  identify  words  from  list  A  when  presented  

with   a   list   of   45   words   consisting   of   list   A,   list   B   and   15   new   words.   Immediate   recall   is  

calculated   as   the   combined   score   of   the   first   five   trials   and   is   considered   as   the   most  

representative  measure  of  short-­‐term  memory  and  learning97.  Free  delayed  recall  (VLMT  trial  

7)  is  considered  to  be  the  best  measure  of  long-­‐term  memory  in  a  single  trial  test94,97–99.  

  

3.2.3 Pre-surgical evaluation of clinical covariates 
Detailed   clinical   information   was   collected   for   each   subject   as   part   of   their   pre-­‐surgical  

assessment   allowing   us   to   account   for   factors   influencing  memory   performance   other   than  

hippocampal   gene   expression.   Clinical   covariates   recorded   include:   age   at   memory  

assessment,  age  of  manifestation  of  epilepsy,   sex,   laterality  of  TLE  (determined  by  standard  

pre-­‐surgical   electro-­‐clinical   assessment   including   high   resolution   structural   magnetic  

resonance  imaging),  antiepileptic  drug  (AED)  therapy  during  the  period  of  seizure  frequency  

assessment   (including   type   and   dose   for   each   AED)   and   hippocampal   pathology   (whether  

neuronal  cell  loss  was  observed  in  the  hippocampus).  Epilepsy  severity  was  quantified  as  the  

frequency  of  partial  seizures  as  assessed  by  review  of  hospital  case  records  in  the  pre-­‐surgical  

assessment  period.  The  patients  in  the  cohort  underwent  treatments  with  a  spectrum  of  AED,  

some   of   which   are   known   to   cause   memory   impairments100.   “AED   Load”   variable   was  

constructed  to  reflect  the  dosage,  effect  strength  and  number  of  the  AEDs  taken  by  patients  at  

the  time  of  the  analysis  according  to  the  formula:  AED  Load  =  AED1/sAED1  +  AED2/sAED2,  

+…+  AEDn/sAEDn.  Each  term  the  numerator  (AEDn)  represents  total  daily  AED  dose  and  the  

denominator  (sAED)  a  standard  AED  dose.    We  also  obtained  hippocampal  cell  loss  counts  for  

69   of   the   122   samples   to   determine   if   hippocampal   cell   loss   had   a   substantial   effect   on  
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memory   performance   in   this   sub-­‐set.   Cell   counts   were   performed   using   fluorescence  

microscopy  and  were  classified  into  four  categories  0-­‐3  depending  on  severity  of  neuronal  cell  

loss  as  detailed  in  the  publication101.  

  

3.2.4 Structural equation modelling 

Structural   equation   modelling   (SEM)   is   another   type   of   factor   analysis   that   requires   some  

assumptions  on  the  nature  of  the  latent  variables  influencing  the  measurable  phenotype.  The  

assumptions  are  written  in  the  form  of  a  structural  equation,  which  describes  the  number  of  

latent  variables  expected  as  well  as   the  strength  of   their   relative  effects  on  each  observable  

variable.  SEM  analyzes  the  information  contained  in  the  measured  variables  and  iterates  the  

initial  model  to  create  a  model  that  best  fits  the  observed  data  and  re-­‐creates  latent  variable  

constructs.  Structural  equation  modelling  has  been  previously  used  to  reconstruct  underlying  

‘latent’  variables  of   short  and   long-­‐term  memory   from  the  variation  seen   in   initial  and   later  

VLMT  trial  scores97.  Most  successive  trials   in  VLMT  represent  repeated  learning  of  the  same  

word   list.   We   can   expect   STM   performance   to   influence   performance   in   early   trials   more  

strongly   and   LTM   ability   to   progressively   influence   the   outcome   of   later   trials   when   the  

subjects  had  the  opportunity  to  hear  and  recall  the  list  multiple  times.  In  the  model  used  by  

Muller  et.al97,  performance  in  VLMT  trial  1  (VLMT1)  is  assumed  to  be  influenced  entirely  by  

STM   and   performance   in   VLMT7,  which   is  measured   after   a   30-­‐minute   delay,   is   influenced  

entirely  by  LTM.  Performance  in  each  trial  VLMT2  -­‐  VLMT6  is  progressively  more  influenced  

by  LTM  and  less  by  STM.  This  model  assumes  that  the  LTM  and  STM  are  the  major  sources  of  

variation  in  the  VLMT  performance.  

Structural   equation  modelling   analysis  was   performed   using   Lisrel102   software   tool.   A   path  

diagram  Figure  5  summarizes  the  assumptions  of  the  model  and  the  initial  loadings  assigned  

based  on  current  understanding  of  memory.  The  assumptions  used  to  build  the  initial  model  

used  were   adapted   from  previous   analysis  where  VLMT  was   used   to   extract   STM  and   LTM  
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from  a  similar  cohort97.  The  STM  and  LTM  are  assumed  to  be  independent  and  the  only  two  

variables   that   influence   performance   in   VLMT,   this   is   reasonable   as   different   molecular  

processes   are   underlie   the   two   types   of   memory   While   the   model   will   re-­‐evaluate   the  

assigned   loadings  based  on   the  observed  data,   two  of   the   loadings   ‘grey  arrow’  are   fixed  as  

they  are  assumed  to  most  closely  represent  STM  and  LTM  respectively.  

  

  

Figure 5:  Graphical representation of the structural equation model assumptions of short and long 
term memory performance impact on memory scores. The Verbaler Lern-und Merkfahigkeitstest (VLMT) 
verbal memory test is performed over 9 trials. Structural equation modelling uses assumptions about underlying latent 
variables to model and re-construct these variables. Short and long term memory mechanisms are assumed to function 
independently. Arrow thickness and attached numbers represent the assumed magnitude of effect by the latent variable. 
The weights with grey arrows are fixed while the model estimates the other weights based on observations. 

  

VLMT%Trial%1%

VLMT%Trial%2%

VLMT%Trial%4%

VLMT%Trial%5%

VLMT%Intrusion%

VLMT%Trial%7%

STM%

LTM%

VLMT%Trial%3%

VLMT%Recogni;on%

VLMT%Trial%6%

1"

1"

1"

0.5"

0.9"

0.3"

0.8"

0.8"

0.7"

0.6"

0.4"

0.7"

0.3"

0.3"

0.9"



   76  

3.3 Results 

3.3.1 Relationships between clinical covariates and memory performance 

As  mentioned  earlier,  clinical  covariates  such  as  age  and  epilepsy  severity  may  have  an  impact  

on  memory  performance.  I  used  univariate  linear  modelling  to  estimate  the  magnitude  of  the  

effect   the   covariates   have   on   memory   performance.   In   this   dataset,   none   of   the   clinical  

covariates   have   a   statistically   significant   (i.e.,   P>0.05)   linear   relationship   with   memory  

performance  test  scores  measures  Figure  6  (left,  red  box).  

  

3.3.2 Relationships between the different trials of the VLMT 

The   verbal   learning  memory   test   (VLMT)   trials   are   the  most   strongly   inter-­‐correlated  with  

each  other  than  any  other  measured  variable  (P-­‐value  range:  8.2×10-­‐4  –  3.6×10-­‐35)  Figure  

6   (left).  The  VLMT   intrusion  and   recognition   trials  have   the   relatively  weakest   correlations  

compared   to   all   other   trials   but   remain   statistically   significant   (P-­‐value   range:   8.2×10-­‐4   –  

4.0×10-­‐9).      The   correlation   relationships   can   be   used   to   group   all   variables   based   on   their  

similarity   to   each   other,   represented   in   the   dendrogram   Figure   6   (right).   The   clustering  

analysis   confirms   that   verbal  memory   scores   cluster  with   each   other  more   than   any   other  

variable,  including  the  clinical  covariates.  The  VLMT  trials  most  representative  of  STM  (VLMT  

1-­‐3)   are  most   similar   to   each   other   than   to   any   other   variable   Figure   6   (right,   blue   box).  

Similarly  the  later  trials,  which  represent  LTM  performance  (VLMT  4-­‐7)  are  more  similar  to  

each  other  than  to  other  trials  Figure  6  (right,  green  box).  These  results  are  not  surprising  

since   the   individual   trials   of   VLMT   quantify   highly   related   traits.   The   intrusion   and  

recognition  trials  both  measure  different  memory  mechanisms  compared  to  the  other  trials,  

as  expected,  they  are  placed  separately  from  all  other  memory  trials.  
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Figure 6: Correlation structure of verbal memory and learning test (VLMT) and clinical covariates. 
Right: dendrogram constructed using Ward hierarchical clustering on Kendall correlations of clinical covariates. The 
dendrogram groups the variables based on their similarity. The length between the branches of the dendrogram 
represents the distance or dis-similarity between clusters. Red box highlights the grouping of clinical covariates together 
based on similarity of their correlations compared to other variables assessed, blue box – short term memory measures, 
green box – long term memory measures, orange box – other memory measures. Left: heatmap represents significance of 
linear model fit measured by -log10(P-value) calculated for all VLMT trials and clinical covariates. 

  

3.3.3 Separating memory performance into short and long term components 

Based  on  hierarchical  clustering  analysis,  the  performance  in  early  VLMT  trials  is  most  similar  

to  other  early  trials  and  this   is  also  true  for  performance   in   later  trials.  This  suggests  that   it  

may   be   possible   to   reconstruct   latent   factors   that   represent   short   (STM)   and   long-­‐term  

memory   (LTM)   from   the  VLMT   scores.   This   type  of   analysis   has  been  performed  before  on  

VLMT   scores   in   a   similar   dataset97.   I   used   structural   equation   modelling   using   lisrel102  

software  to  separate  the  effects  of  STM  and  LTM  on  VLMT  test  scores.  The  calculated  models  

did  not  produce  a  good  fit  of  the  data  (P=0.07),  the  associated  goodness  of  fit  statistics:  root  
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mean  square  error  of  approximation  (RMSEA)  =  0.071  (good  fit  is  defined  as:  RMSEA<0.05,  

poor  fit:  RMSEA>0.1).  The  STM  and  LTM  variables  produced  by  the  model  are  nearly  identical  

(Tuckey’s   biweight   correlation:   R2=0.97).   Therefore,   I   used   an   alternative   type   of   factor  

analysis  –  principal  component  analysis,  which  does  not  require  any  prior  information  about  

the   latent   variables.   The   first   principal   component   (PC1)   produced   by   the   analysis  

summarizes  the  greatest  source  of  variation  in  the  data.  In  the  case  of  the  VLMT  trials  the  PC1  

explains  69.3%  of  variation.  PC1  of  verbal  memory  on  the  same  scores  is  correlated  with  STM  

(R2=0.93)  and  with  LTM  (R2=0.98).  The  high  correlations  with  STM  and  LTM  suggest  that  we  

do  not  have   sufficient  power   to   resolve   the   STM  and  LTM   into   separate  measures,   possibly  

due  to  smaller  sample  size  n=122  compared  to  n=232  used  in  the  previous  study97.  

Since   factor   analysis   failed   to   identify   latent   variables   related   to   STM   and   LTM   (also  

supported   by   the   results   of   the   PC   analysis),   I   used   VLMT7   as   the   single   trial   that   best  

represents  LTM  performance.  This  trial  is  designed  to  assess  individual’s  long-­‐term  ability  to  

learn,  retain  and  recall  information  and  is  regarded  as  the  best  measure  of  long  term  memory  

performance87.  

  

3.3.4 Effect of clinical covariates on memory performance 

Memory  performance  is  influenced  by  a  variety  of  confounding  factors  such  as  age103  and  sex  

as   well   as   epilepsy   specific   effects   including   age   of   epilepsy   onset   and   epilepsy   severity.  

Uncontrolled  epileptic  seizures  may  cause  memory  impairment,  particularly  in  patients  with  

earlier  age  of  onset99.  Epilepsy  severity  measured  by  the  number  of  complex  partial  seizures  

per  month  (kps/month),  this  variable  was  constructed  based  on  patient  hospital  records  six  

months   prior   to   surgery.   Uncontrolled   epileptic   seizures   may   cause   memory   impairment,  

particularly   in   patients   with   earlier   age   of   onset99.   Prolonged   Epilepsy   may   also   cause  

neuronal   cell   loss   in   the   hippocampus104   and   subsequent   scar   formation   which   can   affect  

memory  performance101.  To  determine  extent  of  neuronal   cell   loss   in   this  dataset,   neuronal  
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cell  counts  were  performed  as  described  in  methods101  on  55  of  the  122  samples  across  four  

hippocampal  sub-­‐regions  C1-­‐4.    

The   patients   in   the   cohort   underwent   treatments   with   a   spectrum   of   anti-­‐epileptic   drugs  

(AED)   some   of  which   are   known   to   cause  memory   impairments100.   To   account   for   this,  we  

used  the  available  patient  information  to  construct  an  “AED  load”  variable,  which  reflects  the  

number  and  strength  of  the  drugs  taken  by  the  patients  to  include  in  the  analysis.    

  

I   used   univariate   linear   models   to   identify   which   clinical   covariates   and   co-­‐expression  

modules   are   individually   correlated   to   delayed   verbal   recall   Table   7.   Only   two   covariates  

explain   a   significant   amount   of   variation   in  memory   performance,   as  measured   by   VLMT7.  

“AED  load”  significantly  explains  a  proportion  of  memory  performance  (R2=0.04,  P=4×10-­‐4),  

followed  by  laterality  of  mTLE  (R2=0.04,  P=4×10-­‐2).  However,  both  these  clinical  covariates  

explain   very   limited   fraction   of   the   variability   of   memory   performance   (R2<5%).   Other  

epilepsy-­‐related  variables  have  much  weaker  effect  on  memory  performance   in   this   cohort.  

Age   of   epilepsy   onset   and   epilepsy   severity   (kps/month)   does   not   have   a   large   impact  

(R2=0.005,  P=0.48;  R2<0.01,   P=0.69).  Hippocampal   cell   loss   also  has   very   low  effect   sizes:  

CA4   (R2=0.04,   P=9×10-­‐2),   CA3   (R2=0.02,   P=3×10-­‐1)   explain   the   variation   in   memory  

performance  better  than  other  sub-­‐regions  (CA1  and  CA2,  R2<0.01  in  both  cases).  Neither  age  

at  memory  testing  nor  sex  (gender)  explains  a  substantial  proportion  of  variation  in  delayed  

verbal  recall  (R2=0.004,  P=0.55;  R2=0.02,  P=0.17,  respectively).  
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Table 7: Correlation of clinical covariates and module expression with memory performance score. 
Univariate linear models were used to test the correlation of each available clinical covariate and verbal immediate recall 
with delayed verbal recall. Variables are sorted in order of significance, number of samples varied due to missing data. 
CA1-4 – hippocampal sub-regions 1-4. P-values<0.01 are highlighted red, 0.01<P<0.05 - highlighted yellow. The 
number of samples can vary for each covariate/trait because of data availability.  

	
  	
   Univariate	
  linear	
  model	
  
Variable	
  tested	
  for	
  univariate	
  linear	
  
correlation	
  with	
  Verbal	
  Delayed	
  

Recall	
  (VLMT7)	
  
P-­‐value	
   R2	
   Number	
  of	
  

samples	
  

Verbal	
  Immediate	
  Recall	
   2.4E-­‐12	
   0.38	
   104	
  
AED	
  load	
   4.0E-­‐02	
   0.04	
   122	
  

Laterality	
  of	
  TLE	
   4.4E-­‐02	
   0.04	
   100	
  
Neuronal	
  Cell	
  Loss	
  CA4	
   9.2E-­‐02	
   0.04	
   69	
  

Gender	
   1.7E-­‐01	
   0.02	
   104	
  
Neuronal	
  Cell	
  Loss	
  CA3	
   3.0E-­‐01	
   0.02	
   61	
  

KPS	
  per	
  month	
   4.8E-­‐01	
   0.00	
   102	
  
Age	
  at	
  psychology	
  assessment	
   5.5E-­‐01	
   0.00	
   104	
  

Neuronal	
  Cell	
  Loss	
  CA1	
   6.6E-­‐01	
   0.00	
   68	
  
Age	
  of	
  manifestation	
  of	
  epilepsy	
   6.9E-­‐01	
   0.00	
   103	
  

Neuronal	
  Cell	
  Loss	
  CA2	
   7.6E-­‐01	
   0.00	
   62	
  

  

  

3.3.5 Cell type marker expression as a measure of neuronal cell loss 

Hippocampal   cell   loss   is   generally   related   to   poor   seizure   control.   It   is   possible   that   the  

quantification   of   hippocampal   neuronal   loss   is   not   very   sensitive   as   the   samples   were  

subjectively   scored   between   0   -­‐   3   on   the   amount   of   cell   loss   observed   under   a  microscope  

which   limits   the   accuracy   of   correlation   analysis   shown   above.   Such   methods   are   less  

quantifiable  than  more  direct  automated  cell  counts.  In  addition,  cell  counts  were  performed  

on  a  subset  of  samples,  which  would  limit  the  power  of  the  analysis.  Given  the  availability  of  

genome  wide  transcriptomic  data,  I  therefore  explored  the  possibility  of  using  genes  that  are  

highly  and  specifically  expressed  in  neurons  as  a  substitute  measure  of  neuronal  cell  loss.    

Cell  type  marker  genes  are  predominantly  and  highly  expressed  in  a  particular  cell  type  and  

can   be   used   to   identity   cell   types   in   culture,   for   example   in   pluripotent   stem   cell  

differentiation   experiments.   I   investigated  whether   expression   levels   of   some   common   cell  

type  markers  of  neuronal  development  can  be  used  as  a  measure  of  neuronal  cell  loss  Figure  

7.  
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Figure 7: Neuronal cell type markers used to differentiate between stages of neuronal development. 
Figure from105. Some gene names in the figure are out-dated and no longer used, names current at the time of writing and 
the correlation of gene expression with neuronal cell loss presented in Table 8.  

  

NEUN  is  the  most  commonly  used  mature  neuronal  marker106,  however  this  gene  was  filtered  

out  during  the  quality  control  stage  of  microarray  analysis.  The  DCX  is  not  the  ideal  choice  as  

it  is  mostly  expressed  in  neuronal  progenitors  as  they  divide  and  mature  into  neurons107.  As  

neurons  reach  mature  stage,  expression  of  DCX  declines  rapidly107.  

Cell   type  markers  (Figure  7)  associated  with  mature  (post-­‐mitotic)  neurons  (MAP2,  ENO2,  

PVALB,  CALB1,  TUBB3,  RBFOX3)  are  of  particular  interest  and  were  selected  for  this  analysis.  

However,   hippocampus   and   surrounding   brain   regions   contain   mature   neurons   as   well   as  

sub-­‐populations  of  dividing  and  differentiating  neurons  that  continue  to  migrate  and  mature  

throughout  adult  life.  It  may  therefore  be  also  of  interest  to  determine  if  neuronal  cell  loss  is  

correlated  with  the  expression  of  cell  type  markers  associated  with  developing  and  migrating  

neurons,   particularly   as   axon   guidance   and   neuronal  migration   also   play   a   role   in  memory  

performance.  

I   used   univariate   linear  models   to   compare   expression   of   neuronal   cell   type  marker   genes  

with   measures   of   neuronal   cell   loss   in   four   hippocampal   sub   regions   (CA1-­‐4)(Table   8,  
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bottom  panel).  I  also  compared  the  extent  of  correlation  between  regions  to  determine  if  cell  

loss  in  one  region  is  correlated  with  tell  loss  in  others  (Table  8,  top  panel).  Notably,  cell  loss  

in  one  of  regions  of  the  hippocampus  CA1-­‐4  is  significantly  correlated  with  cell  loss  measured  

in  other  regions,  particularly  between  CA3  and  CA4,  which  are  also  most  strongly  correlated  

with   delayed   verbal   recall.   I   found   that   expression   of   genes   associated   with   developing  

neurons  NES,  SRY,  ASCL1  and  PAX6  is  strongly  correlated  with  neuronal  cell  loss  in  CA3  and  

CA4   but   not   in   CA1   or   CA2.   Expression   of   doublecortin   (DCX)   was   highly   correlated   with  

neuronal  cell  loss  across  all  four  hippocampal  regions  Table  8.  DCX  is  a  marker  of  neurons  in  

late   stages   of   development   as  well   as  mature   neurons   and   is   expressed   in  mature   neurons  

following  brain  injury  (cortical  stroke  in  humans)108.  Expression  of  DCX  was  therefore  used  in  

subsequent  analysis  –   it   is  considered  a  more  reliable  measure  of  mature  neurons  across  all  

four  hippocampal  regions,  data  were  available  for  all  samples  and,  conveniently,  it  expression  

profile  was  not  assigned   to  any  module   (i.e.,   the  expression  of  DCX   did  not   cluster   together  

with  any  genes  in  the  mTLE  cohort  sample).  

Ideally,  cell  type  counts  could  be  done  on  the  original  samples  via  staining  the  mature  neurons  

with   anti-­‐NEUN   antibodies   and   performing   cell   counts   rather   than   assigning   samples   to  

categories   based   on   superficial   assessment   of   neuronal   loss.   Such   information   about   the  

samples  would  allow  us  to  estimate  the  amount  of  variance  in  gene  expression  observed  due  

to  neuronal   cell   loss.   In   addition   information  about   the   cell   type   composition   in   the   sample  

could  help  identify  cell  types  are  most  strongly  expressing  the  network  and  improve  potential  

to  modulate  activity  of  cells  and  phenotype  by  targeting  specific  cell  types.  
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Table 8: Correlation of measures of neuronal cell loss with neuronal gene markers. Correlation levels 
accessed using univariate linear models for each hippocampal regions CA1-4. Cells highlighted yellow if P-value<0.05, red 
P-value<0.01. M1-24 refers to module membership of the gene, M0 – group of genes that did not cluster together. 

	
   	
  

	
  

Univariate	
  model:	
  neuronal	
  
cell	
  loss	
  against	
  neuronal	
  

marker	
  genes	
  
	
   	
   	
  	
   R2	
  

Covariate	
  used	
  in	
  the	
  linear	
  model	
   CA1	
   CA2	
   CA3	
   CA4	
  

	
   Neuronal	
  Cell	
  Loss	
  CA1	
   -­‐-­‐	
   0.18	
   0.18	
   0.21	
  
	
   Neuronal	
  Cell	
  Loss	
  CA2	
   0.18	
   -­‐-­‐	
   0.25	
   0.23	
  
	
   Neuronal	
  Cell	
  Loss	
  CA3	
   0.18	
   0.25	
   -­‐-­‐	
   0.77	
  
	
   Neuronal	
  Cell	
  Loss	
  CA4	
   0.21	
   0.23	
   0.77	
   -­‐-­‐	
  

	
   	
   	
   	
   	
   	
   	
  
Module	
  

membership	
  
Gene	
  
symbol	
   Gene	
  description	
   CA1	
   CA2	
   CA3	
   CA4	
  

M0	
   SRY	
   sex	
  determing	
  region	
  Y	
   0.01	
   0.02	
   0.10	
   0.19	
  
M24	
   NES	
   Nestin	
   0.01	
   0.01	
   0.14	
   0.13	
  
M0	
   DCX	
   Doublecortin	
   0.07	
   0.09	
   0.09	
   0.11	
  
M24	
   ASCL1	
   Achaete-­‐Scute	
  Family	
  BHLH	
  Transcription	
  Factor	
  1	
   0.03	
   0.06	
   0.08	
   0.11	
  
M24	
   PAX6	
   Paired	
  Box	
  6	
   0.00	
   0.00	
   0.07	
   0.09	
  
M1	
   ENO2	
   Enolase	
  2	
   0.00	
   0.00	
   0.08	
   0.07	
  
M11	
   NEUROD2	
   Neuronal	
  Differentiation	
  2	
   0.00	
   0.00	
   0.02	
   0.06	
  
M2	
   MAP2	
   Microtubule-­‐Associated	
  Protein	
  2	
   0.00	
   0.00	
   0.08	
   0.03	
  
M0	
   MSI1	
   Musashi	
  RNA-­‐Binding	
  Protein	
  1	
   0.00	
   0.01	
   0.00	
   0.02	
  
M0	
   FABP7	
   Fatty	
  Acid	
  Binding	
  Protein	
  7	
   0.00	
   0.01	
   0.01	
   0.01	
  
M0	
   NCAM1	
   Neural	
  Cell	
  Adhesion	
  Molecule	
  1	
   0.01	
   0.01	
   0.00	
   0.00	
  
M1	
   TUBB3	
   Tubulin,	
  Beta	
  3	
  Class	
  III	
   0.03	
   0.00	
   0.02	
   0.00	
  
M3	
   PROX1	
   Prospero	
  Homeobox	
  1	
   0.00	
   0.01	
   0.00	
   0.00	
  
M0	
   HES5	
   Hes	
  Family	
  BHLH	
  Transcription	
  Factor	
  5	
   0.01	
   0.00	
   0.01	
   0.00	
  
M8	
   MAP2	
   Microtubule-­‐Associated	
  Protein	
  2	
   0.00	
   0.00	
   0.05	
   0.00	
  
M0	
   CALB2	
   Calbindin	
  2	
   0.00	
   0.01	
   0.01	
   0.00	
  
M1	
   NEUROD1	
   Neuronal	
  Differentiation	
  1	
   0.00	
   0.02	
   0.04	
   0.00	
  
M2	
   NCAM1	
   Neural	
  Cell	
  Adhesion	
  Molecule	
  1	
   0.01	
   0.02	
   0.04	
   0.00	
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3.4 Summary 

Based   on   the   analyses   shown   in   this   chapter,   I   concluded   that   VLMT7   is   the   best   available  

measure   of   LTM   in   our   patient   cohort.   In   addition,   laterality   of   mTLE   and   AED   load   are  

important   clinical   covariates   that   may   affect   variability   of   VLMT7   performance   and  

expression   of   DCX   gene   may   also   be   a   reasonable   proxy   of   neuronal   cell   loss   in   the  

hippocampus.  

I   was   not   able   to   separate   performance   in   memory   trials   into   underlying   STM   and   LTM  

components,  as  both  reconstructed  variables  measures  appear  to  be  highly  similar.  I  was  able  

to  confirm  that  VLMT  trials  designed  to  test  verbal  delayed  recall  (VLMT4-­‐7)  are  very  similar.  

Of   these   four   trial   scores,   VLMT7   is   the   last   trial   and   is   most   closely   related   to   LTM  

performance  in  this  cohort.  

I   identified   clinical   covariates   significantly   (P<0.05)   correlated   to   verbal  memory   scores   as  

measured  by  VLMT7  (AED  load,  Laterality  of  mTLE).  It  is  somewhat  surprising  that  epilepsy  

severity  does  not  have  substantial  impact  on  delayed  recall  within  the  cohort.  This  result  may  

be  due   to   the   fact   that  all  patients   in   this  cohort  have  epilepsy  and   the  effect  of  epilepsy  on  

memory   is   only   detectable   when   comparing   epilepsy   sufferers   and   healthy   individuals.  

However,  this  is  in  keeping  with  my  previous  analysis  showing  high  degree  of  conservation  of  

the   gene   co-­‐expression   relationships   with   the   healthy   mouse   and   human   hippocampus  

(Table  3,  above).  

Hippocampal  cell  loss  is  a  more  direct  measure  of  epilepsy  severity  as  it  reflects  the  damage  

caused  by  pathology.  There  is  no  significant  impact  from  cell  loss  on  memory  performance,  in  

line  with  lack  of  correlation  with  epilepsy  severity  (kps/month).  Due  to  poor  quality  and  low  

sample   size  of  neuronal   cell   loss  measures,   I   explored   the  possibility  of  using  expression  of  

neuronal   cell   type  marker   expression   as   a   proxy  of   neuronal   cell   loss.   Indeed,   I   have   found  

that  the  expression  of  genes  associated  with  developing  neurons  is  most  strongly  correlated  

with   neuronal   cell   loss.   Expression   of   DCX   gene   has   relatively   strong   correlations   with  
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neuronal   cell   loss   across   all   four   hippocampal   sub-­‐regions,   and   it   has   been   shown   to   be  

expressed   in   neurons   in   late   stages   of   development   as   well   as  mature   neurons   after   brain  

injury108.   These   lines   of   evidence   therefore   suggest   that   DCX   gene   expression   may   be   a  

reasonable  proxy  for  neuronal  cell  loss.  Still,  DCX  is  not  a  typical  marker  of  neuronal  cell  loss  

and  alternative  genes  such  as  NEUN  (official  gene  name:  RBFOX3)  would  be  better  markers.  

In  addition,  expression  of  DCX  is  the  best  proxy  for  the  limited  measure  of  neuronal  cell  loss,  it  

still  only  explains  a  small  proportion  of  variance  ~10%  
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Chapter 4: Gene network expression correlates with memory 
performance 

4.1. Introduction 

The  aim  of  this  chapter  is  to  determine  whether  the  expression  profiles  of  gene  co-­‐expression  

networks  (identified  in  Chapter  2)  are  correlated  with  memory  performance  after  accounting  

for  potential  covariates  that  influence  memory.  Correlation  of  a  trait  with  expression  may  be  

indicative  that  the  gene  network  contributes  to  the  variation  in  the  phenotypic  trait.  However  

biological   processes   potentially   captured   by   co-­‐expression   networks   can   either   drive   a  

phenotype  or  be  a  result  of  other  biological  activities.  In  Chapter  5  I  will  look  for  evidence  to  

determine  whether  the  gene  networks  drive  the  phonotype  of  interest.  

  

4.1.1 Quantitative trait transcripts (QTT) analysis  
Since  genome-­‐wide  mRNA  levels  are  considerably  easier  to  quantify  than  protein  levels,  most  

modern  assays  use  microarray  and  RNAseq  technology  to  estimate  mRNA  abundance  in  a  cell  

population.   Perturbations   of   transcriptional   regulation   that   in   turn   affect   relative   protein  

levels   can   have   a   sizable   impact   on   complex   traits48   and  may   be   the   cause   of   disease.   It   is  

therefore   possible   to   study   genome-­‐wide   how   mRNA   levels   associate   with   variation   in   a  

whole—body   phenotypes,   and   identify   genes  whose   activity   in   a   given   cell-­‐type   (or   tissue)  

might  explain  a  given  phenotype.  The  underlying  hypothesis  is  that  studying  mRNA  levels  is  a  

good   proxy   for   the   respective   protein   expression.   Although   this   hypothesis   is   still   not   fully  

supported   by   experimental   data109   (possibly   due   to   changes   in   translation110),   the   direct  

association   of  mRNA   expression   levels   and   complex  whole-­‐body   phenotypes   has   led   to   the  

identification  of  functional  genes111.  The  correlation  of  mRNA  expression  levels  and  complex  

whole-­‐body  phenotypes  has  been  termed  “quantitative  trait  transcripts”  of  QTT  analysis,  and  

it  has  been  carried  for  the  first  time  in  Drosophila  melanogaster112.  



   87  

Beyond   the   identification   of   genes  whose  mRNA   expression   associate  with   complex  whole-­‐

body   traits,   one  way   to   determine   the   direction   of   the   effect   is   to   identify   genetic   variants  

correlated   to   both   the   trait   and   the   expression   of   the   genes.   Most   of   the   previous   QTT  

approaches   carried   out   in   our   lab   focused   on   individual   differentially   expressed   genes   and  

assessed   their   correlations   with   the   phenotype113.   Here,   I   have   extended   this   strategy   and  

focused  on  the  “network  level  correlation”  with  the  phenotype  of  interest  (i.e.,  memory).  

  

4.1.2 QTT analysis by multivariate linear modelling 
I  used  multivariate   linear  modelling  to  identify  hippocampal  gene  networks  with  expression  

profiles   that   are   correlated   to   memory   performance.   Multivariate   linear   modelling   can  

identify  the  significance  and  strength  that  the  independent  variables  in  the  model  have  on  the  

dependent  variable  while  accounting   for   the  effect  of   all   other   independent  variables   in   the  

model.  Co-­‐linearity   is  an   important   limitation   that  can  arise   if   two  or  more  variables  have  a  

very  similar  effect.   In  this  case  the  most  correlated  variable   is  picked  as  having  a  significant  

effect   and   the   other   variable   is   considered   non-­‐significant,   as   it   adds   no   additional  

information.   To   determine   the   individual   contribution   of   each   variable,   ‘leave-­‐one-­‐out’  

method  can  be  used.  By  comparing  the  overall  model  fit  with  and  without  a  variable,  one  can  

determine   how  much   additional   (or   less)   phenotypic   variance   (change   in  R2)   the   variable  

explains  in  the  multivariate  model.  
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4.2 Materials and Methods 

4.2.1 Multivariate linear modelling 

Multiple  regression  modeling  is  an  extension  of  linear  modelling  to  account  for  more  than  one  

explanatory   variable   (x).   This   method   can   determine   the   best   predictor   for   a   particular  

outcome  given  all  other  predictors  in  the  model.  

𝑦 = 𝑎 + 𝑏!𝑥! + 𝑏!𝑥!+  . .+𝑏!𝑥! + 𝑒  

Regression   coefficients   b1   –   bn   represent   independent   contributions   of   each   independent  

variable  to  the  dependent  variable,  n  –  number  of  predictors.    

In  the  multivariate  linear  modelling  setting,  when  x1  and  x2  both  have  a  substantial  impact  on  

the  dependent  variable  y,   they  will  both  have  a   significant   contribution  on   the   independent  

variable   (y)   if   both   explain   variation   in   y   independently.   However   if   x1   and   x2   are   highly  

correlated   to   each  other   then  only   the  variable  with   the   stronger  association  with  y  will   be  

considered   significant;   in   other   terms,   if   two   predictors   have   the   same   effect   only   the  

strongest  predictor  explaining  variance  in  y  is  retained.  Univariate  and  multivariate  modelling  

were  performed  in  R  using  the  lm  function.  

  

4.2.2 Transcription factor binding site (TFBS) and microRNA (miRNA) targets 
enrichment analysis 
I   used  WebGestalt73   enrichment   tool   to   determine  whether  module   genes   are   regulated   by  

common   transcription   factors   (TF)   and  miRNAs.   This   test   uses   the  MsigDB   3.0114   database  

which   contains   information   about   transcriptional   regulators   (TFs   and   miRNAs)   and   their  

predicted   target   sites   as   well   as   co-­‐expression   data   from   a   variety   of   experiments.   This  

combined   information   is   used   to   determine   significance   of   modules   enrichment   for   genes  

regulated   by   known   transcriptional   regulators   or   those   containing   in   transcription   factor  

binding  sites  in  the  regulatory  elements.      
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4.3 Results 

4.3.1 Expression of all network genes summarised as a single variable 

Principal  component  analysis  can  be  used  to  summarise  the  module-­‐wide  variation  between  

genes   into   separate   components.   By   construction,   the   first   principal   component   (PC1)  

explains   the   largest   source   of   variation   between   genes.   Subsequent   PCs   explain   the   next  

largest  source  of  variance  independent  of  all  previous  PCs.  PC1  of  module  gene  expression  is  

sometimes  referred  to  as  the  module  eigengene  (ME)  and  is  used  to  compare  the  main  source  

of  variability  in  network  gene  expression  to  phenotypes  or  to  other  networks.  In  this  dataset  

the   MEs   of   network   expression   reflect   40-­‐65%   of   variation   in   gene   expression   across   122  

individuals  Table  9.  

  

Table 9: Proportion of variance in network gene expression explained by the first five PCs. The first 
principal component (PC1) is taken along the direction of greatest variation and subsequent PCs explain the next largest 
source of variance independent of all previous PCs Principal components were calculated in R after centring and scaling 
the data. The bottom row shows the average percentage of variance explained by each PC across 24 networks 

	
   Variance	
  explained	
  (%)	
  by	
  Principal	
  Components	
  (PCs)	
  

Network	
   PC1	
   PC2	
   PC3	
   PC4	
   PC5	
  

M1	
   40.3	
   4.0	
   3.4	
   3.0	
   2.5	
  
M2	
   51.1	
   8.8	
   4.8	
   3.3	
   2.8	
  
M3	
   55.0	
   4.3	
   4.2	
   2.2	
   2.0	
  
M4	
   55.6	
   8.3	
   4.3	
   4.0	
   2.9	
  
M5	
   50.8	
   3.4	
   2.9	
   2.8	
   2.2	
  
M6	
   55.8	
   5.2	
   4.5	
   3.5	
   3.2	
  
M7	
   56.3	
   4.1	
   3.5	
   2.9	
   2.5	
  
M8	
   40.2	
   4.1	
   3.0	
   2.3	
   2.2	
  
M9	
   51.4	
   4.7	
   3.7	
   2.4	
   1.9	
  
M10	
   51.1	
   5.5	
   4.9	
   3.9	
   3.7	
  
M11	
   52.6	
   4.4	
   3.0	
   2.4	
   2.2	
  
M12	
   54.6	
   4.6	
   3.0	
   2.8	
   2.0	
  
M13	
   48.7	
   3.5	
   3.1	
   2.4	
   2.3	
  
M14	
   43.5	
   9.9	
   4.8	
   4.6	
   2.5	
  
M15	
   55.9	
   4.8	
   4.3	
   3.2	
   2.8	
  
M16	
   46.2	
   4.1	
   3.1	
   2.7	
   2.5	
  
M17	
   58.2	
   4.4	
   3.9	
   2.9	
   2.6	
  
M18	
   65.1	
   13.6	
   4.6	
   2.3	
   1.8	
  
M19	
   43.4	
   4.4	
   2.7	
   2.3	
   2.1	
  
M20	
   44.4	
   5.0	
   3.5	
   3.3	
   2.4	
  
M21	
   48.1	
   5.4	
   4.9	
   4.0	
   2.7	
  
M22	
   51.5	
   5.1	
   3.6	
   2.7	
   2.5	
  
M23	
   54.4	
   4.5	
   3.2	
   3.0	
   2.2	
  
M24	
   47.7	
   3.8	
   3.3	
   2.9	
   2.6	
  

Average	
  
M1-­‐M24	
   50.9	
   5.4	
   3.8	
   3.0	
   2.5	
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The   percentage   of   variance   explained   by   the   ME   is   strongly   dependent   on   the   strength   of  

inter-­‐correlation  between   genes  within   the  module.   Smaller  modules   tend   to   have   stronger  

inter-­‐correlations   than   larger   ones,   as   addition   of   more   genes   will   most   likely   decrease  

average  correlation  across  all  genes.  Variance  in  ME  is  strongly  correlated  with  the  expression  

of  individual  genes  in  the  same  network,  (average  R2=0.69),  Table  10.  I  have  also  observed  

that  the  module  eigengene  explains  less  variance  in  larger  modules  such  as  M1  (n=1,148,  PC1  

explains  40%  of  variance,  average  correlation  between  module  genes  R2=0.61)  compared  to  

smaller   modules   M3   (n=150,   PC1   explains   55%   of   variance,   average   correlation   between  

module  gens  R2=0.71).  To  exemplify  these  relationships  I  focused  on  module  eigengene  of  M3  

(ME3),   which   explains   55%   of   all   variability   observed   across   all   genes   and   it   can   be  

appreciated  that  ME3  is  correlated  with  the  expression  profiles  of  all  the  genes  in  the  module,  

Figure   8.   On   average   the   ME1-­‐24   explain   50.9%   of   variability   in   expression   of   network  

genes.   This   analysis   confirms   that   MEs   can   be   used   a   summary   variable   and   represent   a  

reasonable   proxy   of   the   whole   module   expression.   Subsequently   I   used   MEs   to   determine  

whether  overall  expression  of  genes  in  a  module  is  correlated  to  memory  performance.  

  

Figure 8: Example of module eigengene (ME) summary of expression of each gene in the M3 module. 
Expression of all individual genes was scaled relative to the ME. Module gene expression is shown as red, ME is dark blue. 
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Table 10: Average of spearman correlation coefficient (R2) between ME and expression of each gene in 
the module. M0 represents the set of genes that do not correlate with each other and do not belong to any specific 
module. 

Module	
  
Average	
  correlation	
  

between	
  module	
  genes	
  
expression	
  and	
  ME	
  (R2)	
  

Number	
  of	
  genes	
  
in	
  Module	
  

M1	
   0.61	
   1148	
  
M2	
   0.70	
   37	
  
M3	
   0.71	
   150	
  
M4	
   0.76	
   33	
  
M5	
   0.69	
   149	
  
M6	
   0.74	
   29	
  
M7	
   0.74	
   47	
  
M8	
   0.63	
   671	
  
M9	
   0.68	
   171	
  
M10	
   0.70	
   48	
  
M11	
   0.70	
   148	
  
M12	
   0.69	
   66	
  
M13	
   0.68	
   144	
  
M14	
   0.65	
   114	
  
M15	
   0.73	
   37	
  
M16	
   0.67	
   147	
  
M17	
   0.77	
   41	
  
M18	
   0.75	
   37	
  
M19	
   0.65	
   558	
  
M20	
   0.64	
   426	
  
M21	
   0.69	
   92	
  
M22	
   0.71	
   72	
  
M23	
   0.69	
   138	
  
M24	
   0.67	
   231	
  
M0	
   0.19	
   5850	
  

  

  

4.3.2 Network level correlations with verbal delayed recall 

Based  on  the  analysis  in  Chapter  2,  I  have  found  that  the  M1  gene  network  is  highly  enriched  

for  genes  with  known  function  processes  known  to  be  essential   for  memory  formation:   long  

term  potentiation,  axon  guidance  and  calcium  signaling.  I  was  interested  to  see  if  expression  

of  genes  in  M1  as  well  as  other  networks  (not  explicitly  enriched  for  known  genes  relevant  to  

memory)  were  correlated  to  memory  performance.    

I   used   multivariate   linear   modeling   to   determine   whether   ME   for   each   module   explains  

memory  performance  better   than   the   available   clinical   covariates.   To   test   this   hypothesis,   I  

included   all   potentially   relevant   clinical   covariates   in   the  multivariate   regression  model.   As  
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detailed  in  the  previous  chapter,  Laterality  of  TLE  and  AED  load  significantly  explain  delayed  

verbal   recall   and   are   therefore   important   covariates.   Age,   sex,   age   of   manifestation   and  

epilepsy   severity   (kps/month)   do   not   significantly   affect   memory,   but   may   be   important  

covariates  for  expression  of  some  genes  Table  1.  Expression  of  DCX  was  also  included  in  the  

model   as   an   informative   measure   of   neuronal   cell   loss   in   the   hippocampus   (see   Table   8,  

above).  

  

I   analysed   the   extent   to   which   ME   for   all   24   mTLE  modules   explains   variation   in   delayed  

verbal   recall   (VLMT7)   accounting   for   possible   effect   of   the   covariates   described   above.   In  

addition,   I  calculated  the  contribution  of   individual  variables   in  the  model  by  comparing  the  

effect   the   inclusion   of   each   variable   has   on   the   overall   model   fit   using   ‘leave-­‐one-­‐out’  

approach.  Of  all  24  modules,   the  M1  network  explains   the   largest  proportion  of  variation   in  

memory   performance,   see   Table   11   below.   Overall,   the  model   including  ME1  with   all   five  

covariates  explains  29%  of  the  variation  in  VLMT7  (R2=0.29),  of  which  15%  is  explained  by  

ME1   alone   (R2=0.15,   FDR=5.7×10-­‐4).   In   addition,   ME4   and   ME5   are   also   significantly  

correlated   with   memory   (R2=0.1,   FDR=5.9×10-­‐4   and   R2=0.1,   FDR=5.9×10-­‐4,   respectively).  

The   VLMT7   variance   explained   by   clinical   covariates   appears   to   be   independent   of   ME  

expression   across   all   modules.   For   example,   effect   of   Laterality   of   mTLE   does   not   vary   or  

contributes   substantially   across   all   network   models,   resulting   in   negative   R2   changes   (R2  

between  -­‐0.03  and  -­‐0.05),  see  Table  11  below.  

  

4.3.3 Individual gene correlation with delayed verbal recall (VLMT7) 

Module   eigengenes   analysis   is   a   useful   way   to   determine   whether   the   main   component  

underling  the  variance  in  network  gene  expression  is  correlated  to  a  trait.  However  ME’s  only  

explain  ~50%  of  variance   in  network  gene  expression.   I   therefore   investigated  whether   the  
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networks  with  broad  correlation  to  VLMT7  as  per  ME  analysis  are  also  enriched  for  individual  

genes  whose  expression  correlated  to  VLMT7.  

The  same  multivariate  model  that  was  used  to  test   individual  ME  correlation  to  VLMT7  was  

also  used   to  determine   if   expression  of   individual   genes  was   significantly   correlated.  Of   the  

9,616  genes,  4,734  genes  were  assigned  to  a  co-­‐expression  network  and  I  found  that  728  had  

a   significant   individual   contribution   to   verbal   delayed   recall   (FDR<5%,   corrected   for   4,734  

genes  tested).  
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Table 11: Multivariate correlations of gene co-expression networks with verbal memory performance 
while accounting for clinical covariates. Relationships between module (M1 – M24) expression and verbal delayed 
recall were calculated using multivariate linear models with inclusion of clinical covariates in the model on network level 
using module eigengenes and enrichment for genes whose expression is correlated with verbal delayed recall. Significance 
of module level correlation (column 4), overall model fit (column 2). Contributions of individual variables within the model 
were calculated using ‘leave-one-out’ principle (columns 7-10). The overall model fit without the variable was subtracted 
from the overall model fit when all variables are included (R2), therefore deriving a change in R2 due to the exclusion of 
the variable. Gene level correlations were calculated by using the same multivariate linear models of expression values for 
each gene in a module with verbal delayed recall with inclusion of other clinical covariates. Number (%) of genes 
correlated with memory  (column 5), significance of module enrichment for genes (column 6), using hypergeometric test. 
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   0.29	
   0.15	
   5.7.E-­‐04	
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   0.04	
   0.02	
  

M2	
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   1.4.E-­‐01	
   5	
   1	
   0.02	
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M3	
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   7.3.E-­‐02	
   6	
   1	
   0.01	
   0.01	
   0.04	
   0.03	
  

M4	
   0.23	
   0.1	
   5.9.E-­‐03	
   52	
   1.30E-­‐06	
   0.01	
   0.02	
   0.05	
   0.04	
  

M5	
   0.23	
   0.1	
   5.9.E-­‐03	
   32	
   1.10E-­‐06	
   0.02	
   0.01	
   0.03	
   0.02	
  

M6	
   0.2	
   0.07	
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   14	
   1	
   0.01	
   0	
   0.03	
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M7	
   0.17	
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   4	
   1	
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   2	
   1	
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   0	
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   1	
   1	
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   0.18	
   0.04	
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M17	
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   0	
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   0	
   1	
   0.02	
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   0.03	
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   0.2	
   -­‐0.07	
   2.6.E-­‐02	
   22	
   0.52	
   0.01	
   0.02	
   0.05	
   0.02	
  

M19	
   0.14	
   -­‐0.01	
   4.6.E-­‐01	
   0	
   1	
   0.01	
   0.01	
   0.04	
   0.04	
  

M20	
   0.18	
   -­‐0.05	
   4.1.E-­‐02	
   10	
   1	
   0.02	
   0.01	
   0.05	
   0.04	
  

M21	
   0.18	
   -­‐0.05	
   4.1.E-­‐02	
   8	
   1	
   0.01	
   0.01	
   0.03	
   0.02	
  

M22	
   0.17	
   -­‐0.04	
   6.4.E-­‐02	
   7	
   1	
   0.01	
   0.01	
   0.05	
   0.03	
  

M23	
   0.19	
   -­‐0.06	
   3.3.E-­‐02	
   11	
   1	
   0.01	
   0.01	
   0.03	
   0.01	
  

  

  



   95  

Network  enrichment  for  genes  individually  correlated  to  memory  performance  is  in  line  with  

the   ME   correlations   with   VLMT7.   The   hypergeometric   test   was   used   to   determine   the  

significance  of  module  enrichment  for  genes  whose  expression  correlates  with  memory.  This  

test   determines   the   likelihood   of   the   overlap   of   significantly   correlated   genes   compared   to  

non-­‐significant   genes   happening   by   chance.   P-­‐values   where   then   corrected   for   24  

independent   testes   (24   modules).   As   expected,   M1   showed   the   highest   enrichment  

(FDR=5×10-­‐165)  and  M4  and  M5  are  also  significantly  enriched   for  genes  whose  expression  

correlates  with  memory  (FDR=1.3×10-­‐6,  FDR=1.1×10-­‐6)  respectively  Table  11.  Specifically,  

the   M1   network   contains   67%   of   the   total   set   of   728   genes   with   significant   individual  

contribution   to   verbal  delayed   recall,  while  M4  and  M5  have  only  2%  and  6%,   respectively  

(Table  11).    

  

4.3.4 M1 sub-network of genes correlated to memory performance 

Expression  of  M1  network    genes  is  highly  correlated  with  memory  performance.  This  trend  is  

observed  at  both  at  whole  module  level,  using  module  eigengene  and  on  single  gene  level:  M1  

contains  491  of  728  (67%)  of  all  genes  whose  expression  is  significantly  correlated  to  delayed  

verbal   recall.   Given   how   these   genes   are   highly   co-­‐expressed   in   the   human   hippocampus,   I  

was  interested  to  see  if  this  sub-­‐set  of  genes  (hereafter  called  M1  sub-­‐network  or  M1fdr5)  is  

functionally   enriched   for   a   particular   biological   process   and   whether   it   is   regulated   by  

common  factor  (e.g.,  TF  or  miRNA).  For  comparison,  I  also  performed  functional  enrichment  

analysis   on   the   remaining   set   of   237   M1   genes   (hereafter   called   M1ns),   summarized   in  

Figure  9.  
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Figure 9: Functional annotation of M1, M1fdr5 and remainder of M1 network. Remainder of M1 defined as 
M1 genes not correlated to memory performance at 5%FDR (M1ns). Enrichment tests performed in David 6.7 with 
brain-expressed genes as background. M1 (blue bars), M1fdr5 (red bars), M1ns (green bars). Dotted blue line represents 
1% FDR threshold.  

  

Functionally,   the  M1fdr5   sub-­‐network   is   enriched   for   ‘axon   guidance’   (FDR=6.6×10-­‐4)   and  

‘calcium   signalling’   (FDR=1.2×10-­‐3)   KEGG   pathways   but   was   not   enriched   for   LTP   genes,  

Figure   9.   While   M1fdr5   is   significantly   enriched,   these   enrichments   are   weaker   than   M1  

considered   as   a   whole.   Of   the   27   M1   genes   contributing   to   ‘axon   guidance’   pathway  

enrichment,   14   were   in   M1fdr5   and   13   in   M1ns.   However,   M1fdr5   is   more   significantly  

enriched   compared   to   M1   for   GO   cellular   component:   ‘synaptic   vesicle’   (FDR=1.1×10-­‐9),  

‘axon’   (FDR=1.3×10-­‐8).   In  addition,  M1fdr5   is  enriched   for  GO  cellular  component   ‘synapse’  

(FDR=6.3×10-­‐14),   less   so   than  M1   but  much  more   strongly   than  M1ns   (FDR=8.9×10-­‐5).   In  
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contrast,   M1ns   is   preferentially   enriched   for   cytoplasmic   genes   ‘GO   cellular   component:  

cytoplasm’  (FDR=8.1×10-­‐8),  compared  to  M1fdr5  (FDR=4.1×10-­‐6).  

It  appears   that,  on  average,  expression  of  genes   localized   to  axons  and  synaptic  vesicles  are  

more  closely  correlated  to  delayed  verbal  recall,  than  the  cytoplasmic  genes.  This  polarization  

of   function   is   also   seen   in   the   GO   molecular   function   terms:   M1fdr5   is   enriched   for  

‘pyrophosphotase  activity’   (FDR=1.1×10-­‐5)  and   ‘calcium   ion  binding’   (FDR=2.8×10-­‐5)  more  

strongly   than   the   whole   of   M1,   while   M1ns   is   depleted   of   these   enrichments   and   is   most  

strongly   enriched   for   ‘purine   nucleotide   binding’   (FDR=9.9×10-­‐3)   but   not   as   strongly   as  

M1fdr5.   This   is   also   supported   by   GO   biological   process   enrichments   of   M1fdr5:   ‘neuron  

differentiation’   (FDR=1.5×10-­‐9),   ‘neuron   projection   development’   (FDR   =   2.3×10-­‐8),  

‘axonogenesis’   (FDR=5.2×10-­‐8),   also   stronger   than   M1,   and   less   strongly   enriched   for  

‘synaptic   transmission’   (FDR=2.2×10-­‐6).   Conversely   the  M1ns  was   did   not   have   significant  

enrichments   for  any  of   these  biological  processes,  however   it  was  more  highly  enriched   for  

‘establishment   of   localisation’   and   ‘transport’   compared   to   M1fdr5   but   not   the   overall   M1  

network.  

These   functional   enrichment   results   therefore   suggest   that   the   M1fdr5   network   is   more  

strongly  enriched  for  neuronal  differentiation,  development  and  axonal  growth  pathways,  but  

less  enriched  for  LTP  genes.  This  is  consistent  with  the  results  of  transcription  factor  binding  

site  (TFBS)  enrichment.  In  this  analysis  I  tested  for  overrepresentation  of  known  TFBS  motifs  

within  the  module  gene  (and  module  gene-­‐set)  promoters.  The  M1fdr5  is  enriched  for  TFBSs  

pointing   to   five   transcription   factors,  many   of  which   have   experimentally   reported   roles   in  

normal   brain   development115–117:   NRSF   neuron-­‐restrictive   silencing   factor   (aka   REST)  

(P=4.0×10-­‐4),  MYOD  (P=9.0×10-­‐4)  and  TCF3  (aka  E12)  (P=9.5×10-­‐3).  The  M1fdr5  sub-­‐set  is  

also  enriched  for  ATF  (P=9.5×10-­‐3)  and  ATF3  (P=9.5×10-­‐3),  which  have  been  shown  to  have  

a  role  in  axonal  regeneration  following  brain  injury118.  
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4.4 Summary 

In  this  chapter  I  show  that  three  of  the  24  networks  (M1,  M4  and  M5)  from  the  mTLE  cohort  

are  enriched  for  genes  whose  hippocampal  expression  is  correlated  with  delayed  verbal  recall  

(as  measured  by  VLMT7).  This  correlation  is  seen  both  at  network  level  based  on  the  module  

eigengene   (ME)   and   as   enrichment   for   genes   individually   correlated   with   memory  

performance.   The   correlation   is   robust   to   the   effects   of   clinical   covariates,   such   as   age   at  

psychology  assessment,  sex,  epilepsy  severity  (kps/month)  as  well  as  laterality  of  mTLE,  AED  

load  and  expression  of  DCX  gene  as  a  marker  of  neuronal  cell  loss  in  the  hippocampus.  

Overall,   the   M1   network   is   enriched   for   genes   implicated   processes   essential   for   memory  

formation   such   as   long   term  potentiation,   calcium  signaling   and  Ca2+   signaling   (Chapter  2).  

The  M1fdr5  ‘sub-­‐network’  of  491  genes  individually  correlated  with  memory  performance  is  

strongly  enriched  for  genes  involved  in  neuronal  development  and  axonogenesis  and  localised  

to  axonal  growth  cones  and  synapses,  consistent  with  known  neuronal  processes  underlying  

memory   formation   such   as   axon   growth   and   synaptic   plasticity88.   It   is   noteworthy   that   the  

M1fdr5   is   enriched   for   a   number   of   transcription   factors   with   known   roles   in   brain  

development,  including  REST.  

In  contrast,  the  M4  network  does  not  appear  to  be  enriched  for  any  genes  in  known  KEGG  or  

GO   terms,   and   M5   network   is   strongly   enriched   for   genes   associated   with   a   number   of  

neurotransmitter   release   pathways   including:   acetylcholine,   dopamine,   GABA,  

norepinephrine,   serotonin   and  glutamate   release   Supplementary  Figure  1   (1b1).  Given  

the   large   number   of   neurotransmitter   targets,   it   is   likely   that   the   network   is   enriched   for  

general  neurotransmitter  release  pathways.  

The  gene  co-­‐expression  relationships  in  these  three  networks  (M1,  M4  and  M5)  are  conserved  

in  healthy  human  hippocampus  (Chapter  2).  Additionally  M1  is  conserved  across  FC,  OC,  TC  

and  more  weakly  conserved  in  CR  as  well  as  evolutionarily  conserved  in  mouse  hippocampus.  

On  the  other  hand  the  M5  is  strongly  conserved  in  CR  and  more  weakly  conserved  in  TC,  OC  
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and   FC   and   weakly   conserved   in   mouse   HC.   M4   is   only   conserved   in   HC   and   OC   and   not  

conserved   in  mouse.   In  addition,  only  M1   is  enriched   for  genes  with  known  protein-­‐protein  

interactions.  

Overall,   the   results   indicate   that   the   networks   correlated   with   memory   performance   are  

widely  expressed  across  the  brain  and  are  enriched  for  genes  relevant  to  memory  processes  

(in  particular  M1)  as  well  as  upstream  synaptic  signaling  (in  particular  M5).  
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Chapter 5: Network enrichment for genes with common variants 
associated with memory performance from GWAS 

5.1 Introduction 

So   far   I   have   shown   that   verbal   delayed   recall   can   be   used   to   quantify   human   memory  

performance   and   that   several   of   the   co-­‐expression   networks   derived   from   human  

hippocampus  genome-­‐wide  expression  profile  are  correlated  with  memory  performance.  The  

aim   of   this   chapter   is   to   shed   light   on   the   causal   direction   of   the   observed   correlations.  

Network  expression  can  change   in   response   to  cellular   internal  and  external  environmental  

cues.  It  is  therefore  important  to  establish  whether  network  expression  drives  the  processes  

underlying  memory  or  is  driven  by  them.  

Excluding  epigenetic  changes,  it  is  reasonable  to  assume  that  the  DNA  sequence  is  unaffected  

by  variation   in  memory  phenotype  and  a  genetic  association  of  co-­‐expression  modules  with  

memory   can   disentangle   causative   relationships   from   secondary   changes   in   gene  

expression72,119.   Moreover,   testing   whether   a   group   of   genes   in   a   module   are   jointly  

genetically  associated  with  a  trait  of   interest  has  increased  power  to  detect  causal  pathways  

over  standard  single  SNP  GWAS  analysis47,61.  

  

5.1.1 Genome Wide Association Studies (GWAS) of complex traits 

One   of   the   appealing   outcomes   of   genetic   studies   is   the   ability   to   predict   individual’s  

phenotype  such  as  disease  susceptibility  and  progression  or  drug  efficacy  based  on  genotype  

data.  While  genome  sequencing  of   large  cohorts  of   individuals  remains  relatively  expensive,  

GWAS   have   been   extensively   used   as   a   way   of   accessing   common   genetic   variation   in   the  

genome   from   a   pre-­‐defined   set   of   genetic   variants   (SNPs).   GWAS   studies   were   initially  

developed   under   the   ‘Common  Disease   Common  Variant’   assumption  where   complex   traits  

are  thought  to  be  the  product  of  a  many  loci  with  moderate  frequency  in  the  population  and  



   101  

collectively  explaining  a  large  fraction  of  the  phenotypic  variability.  GWAS  rely  on  the  fact  that  

recombination   does   not   occur   randomly   in   the   genome   which   leads   to   SNP   genotypes   are  

partially  correlated  with  nearby  SNP  states,  often  referred  to  as   linkage  disequilibrium  (LD)  

blocks.   Therefore   common   gene   variants   that   confer   some   risk   of   developing   a   complex  

disorder   may   be   co-­‐inherited   by   with   one   of   the   genotyped   SNPs   and   will   therefore   be  

detected  in  the  population  with  the  disorder  and  not  in  population  of  healthy  controls.    

The  GWAS  studies  have  been  successful  in  identifying  significant  associations  for  wide  a  range  

of   complex   disorders   including   (to   name   only   a   few)   obesity   and   diabetes,   as   well   as  

neuropsychiatric   disease120,121.   However   the   identified   SNPs   explain   only   a   very   small  

proportion   (usually   ~1-­‐5%)   of   estimated   heritability   of   a   trait   calculated   based   on   twin  

studies122,123.   This   ‘missing   heritability’   is   thought   to   be   due   to   lack   of   statistical   power   to  

identify  common  variants  with  small  genetic  effect  on  the  trait.  The  implication  is  that  many  

SNP  associations  reported  in  GWASs  may  reflect  a  real  (but  weak)  signal  of  association  with  

the   trait,   and   yet   these   associations   fall   below   the   conventional   genome-­‐wide   threshold   of  

significance   level  as   the  power  of   the  study   is   limited.  Since  hundreds  or  even   thousands  of  

genes  may  have  a  (typically  small)  contribution  to  the  disorder  and  common  genotyped  SNPs  

are  generally   found  in  small   frequencies   in  the  population  (~1-­‐10%),   large  numbers  of  case  

and   control   samples   are   often   required   to   detect   causative   variants   at   genome-­‐wide  

significance   levels   (usually   P~1×10−8).   Even   the   GWAS   meta-­‐analyses   of   multiple   cohorts  

consisting   of   50,000-­‐250,000   subjects   might   not   be   powered   enough   to   detect   the   full  

spectrum  of   (small-­‐effect)   genetic   variants   underlying   the   variation   in   complex   phenotypes  

with  high  statistical  significance.  

Despite  the  missing  heritability  problem,  GWAS  data  provide  an  opportunity  to  study  whether  

set  of   co-­‐expressed  genes   (gene  networks)  are  non-­‐randomly  enriched   for   common  genetic  

susceptibility   variants.   It   has   been   shown   that   the   weak   association   signals   can   be   useful  

when  combined  with  prior  information  such  as  gene-­‐sets  with  known  function  in  a  pathway  



   102  

relevant  for  a  trait124,  even  when  these  are  below  the  conventional  genome-­‐wide  threshold  of  

significance125.  This  strategy  is  called  ‘GWAS-­‐enrichment  analysis’  and  has  been  carried  out  by  

us   (and   other   groups)   to   identify   networks   of   co-­‐expressed   genes   that   as   a   whole   confer  

increased  risk  for  a  given  disease  (although  single  genes  in  isolation  might  have  modest  effect  

on  disease  risk)43,126,127.  

  

5.1.2 Network level enrichment for GWAS association signal 

Since  genes  are  often  part  of  overlapping  regulatory  networks  in  different  tissues,  analysis  of  

genetic  association  signal  in  the  context  of  co-­‐expression  networks  in  a  relevant  tissue  may  be  

more   informative   of   the   biological   processes   underlying   a   trait   in   that   tissue128.   I   was  

therefore   interested   in   assessing   gene   co-­‐expression   networks   from   the   hippocampus   (and  

the  brain  more  generally)  for  GWAS  associations  with  memory  and  neuropsychiatric  disease.  

For  this  analysis,  I  considered  the  signal  from  all  the  genotyped  SNPs  in  the  GWAS  of  interest,  

including   those   below   the   standard   threshold   of   genome-­‐wide   significance.   The   method  

involves   two   steps:   (i)   calculation   of   gene-­‐level   GWAS   association   statistic,   based   on   the  

evidence  provided  by   the   SNPs   that  map  within   gene  boundary;   combining   the   signal   of   all  

SNPs  into  a  gene-­‐level  P-­‐value  can  improve  sensitivity  and  capture  genetic  association  signal  

from   multiple   markers   with   marginal   effect,   that   are   typically   indistinguishable   from  

background   noise   in   a   large   GWAS129;   and   (ii)   network   enrichments   for   small   gene-­‐level  

GWAS  p-­‐values,  which  for  each  network  can  be  calculated  based  on  enrichment  for  genes  with  

higher  than  expected  associations  to  the  trait  of  interest.  More  specific  details  on  the  practical  

implementation  of  this  approach  are  provided  in  the  Methods,  below.  
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5.1.3 GWAS of immediate and delayed recall 

To  access  the  genetic  association  between  mTLE  modules  and  memory,  data  was  sourced  for  

two  independent  GWAS  assessing  delayed  and  immediate  recall.  

One  GWAS  measured  immediate  and  delayed  episodic  memory  in  Lothian  Birth  Cohorts  (LBC)  

and   includes   two   independent   cohorts   from   the   same   population.   These   include   surviving  

participants   born   in   1921   (LBC21,   n=515)   and   1936   (LBC36,   n=1,003)  who   completed   in  

Scottish  Mental  Surveys  at   the  age  of  21.  Memory  phenotypes   for   the  LBC21  were  assessed  

using  Logical  Memory  test  of  Wechsler  Memory  Scale—Revised  (Wechsler,  1987).  Two  short  

stories   containing   25  memory   items   each   are   read   out.   Immediate   recall   of   participants   is  

scored  as  the  total  number  of  details  recalled  from  both  stories.  Delayed  recall  is  the  number  

of   details   recalled   from   both   stories   after   a   30-­‐minute   delay.   Memory   phenotypes   for   the  

LBC36   were   accessed   using   Wechsler   Memory   Scale-­‐IIIUK   (Wechsler   1998).   The   only  

difference  between  the  two  tests  is  that  the  second  story  is  read  out  twice  and  participants  are  

scored   three   times   for   immediate   recall.   These   tests   evaluate   the   same   type   of   episodic  

memory   as   the   VLMT.   All   of   the   cognitive   phenotypes   were   corrected   for   age,   sex   and  

population  stratification  prior  to  calculation  of  GWAS  association  signal  by  the  authors130.  

The   second   GWAS40   (DUKE,   n=445)   accessed   a   number   of   cognitive   phenotypes   including  

memory,   attention   and   planning   were   accessed   using   Cambridge   Neuropsychological   Test  

battery   (CANTAB)131,  which   is   sensitive   enough   to  monitor   cognitive  deficits   and  decline   in  

neuropsychiatric  disease131.   I  used  the  GWAS  associations  for   immediate  and  delayed  verbal  

recall  measures  in  my  analysis.  
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5.2 Materials and Methods 

5.2.1 Mapping GWAS SNP associations to genes 

The  GWAS  enrichment  analysis   tests  networks   for  enrichment   in  genes  which  contain  SNPs  

with   lower   GWAS   association   P-­‐values   than   expected   by   chance   for   a   network   of   the   same  

size.    

As   the   first   step,  GWAS  SNPs  are  mapped   to  network  genes   if   the  SNP   is   located  within   the  

gene  boundary,  Figure  10  below.  The  gene  boundary  can  be  expanded  to   include  potential  

regions   of   gene   regulatory   elements,   however   for   these   studies   I   used   a  more   conservative  

definition   of   the   ‘gene   boundaries’   (between   gene   transcription   start   and   stop)   to   avoid  

ambiguity  of  signal  from  SNPs  that  may  be  affecting  multiple  genes  if  they  are  in  close  physical  

proximity   on   the   chromosome.   The   genetic   signal   from   regulatory   regions   may   still   be  

captured  as  they  are  sufficiently  close  to  be  in  LD  with  the  included  SNPs.    

SNPs  were  mapped  to  genes  using  a  custom  python  script  developed  by  Anais  Katz  (a  master  

student   in   the   group).   Then,   we   followed   an   established   method   (GSA-­‐SNP132)   to   test   for  

enrichment   of   small   GWAS-­‐   P-­‐values   within   the   network,   which   was   refined   to   remove  

(potential)   gene   size   bias.   Longer   genes   are   more   likely   to   contain   a   SNP   with   a   chance  

association  to  the  phenotype,  and  therefore  we  used  the  second  minimum  P-­‐value  to  reduce  

this  potential  bias.  Genes  with  only  one  associated  SNP  were  disregarded   from  the  analysis.  

The  P-­‐values  were  then  further  corrected  for  gene  length133  using  S = 1 − (1 − ρ!)!
!   (where  

S   is   the  gene  enrichment   score,  ρ!  is   the   second  minimum  P-­‐value,  n   is   the  number  of  SNPs  

within   the   gene   and   α   is   a   tuning   parameter).   The   α   tuning   parameter   is   set   so   that   the  

enrichment   statistics   approach   uniform  distribution.   I   further   refined   the   existing   script,   to  

objectively  determine  the  optimal  α  parameter  by  using  chi-­‐squared  test  calculated  between  a  

perfectly   uniform  distribution   and   the   distribution   of   corrected  P-­‐values   (for   every  α   value  

between  0.01  and  1  in  increments  of  0.1).    
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Figure 10: GWAS signal enrichment method. Gene level GWAS association signal is calculated using the signal 
from individual SNPs. Significance of network gene association with GWAS phenotype is calculated by random sampling 
of the background genes of the same size as the network. Significance of network association is assessed against 100,000 
randomly sampled networks of the same size from the background set of genes. 

  

After  assigning  P-­‐values  of  association  to  each  gene,  network-­‐level  association  is  calculated  as  

the  average  P-­‐value  of  association  of  each  gene  to  GWAS  phenotype.  The  Z-­‐test  was  used  to  

compare   network   level   association   to   the   population   of   network   level   associations   for  
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100,000  random  networks  of  the  same  size.  The  permuted  networks  were  sampled  from  the  

background,  defined  as  the  full  set  of  genes  defined  as  ‘expressed’  in  a  dataset.  The  P-­‐values  of  

enrichment  were  considered  significant  if  they  passed  FDR-­‐based  correction  for  the  number  

of  networks  tested,  as  indicated  in  each  specific  case.  
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5.3 Results 

5.3.1 Genetic association of mTLE networks with memory in healthy subjects 

Three   independent   GWAS   cohorts   were   used   to   determine   if   any   gene   co-­‐expression  

networks   from   the   human   hippocampus   were   enriched   for   common   genetic   variants  

associated  with  human  memory  performance.  Each  of  the  three  GWAS  cohorts  -­‐  DUKE,  LBC21  

and  LBC36  was  treated  as  independent  since  there  was  no  overlap  between  the  participants  

of  each  cohort  and  different  tests  were  used  to  assess  immediate  and  delayed  episodic  recall.  

I  tested  all  gene  co-­‐expression  modules  identified  in  the  human  hippocampus  for  enrichment  

of   GWAS   signal   associated  with   immediate   and   delayed   recall   in   DUKE,   LBC21   and   LBC36,  

Figure   11.   The   M3   network   showed   the   highest   enrichment   -­‐   five   of   the   six   GWAS  

phenotypes   are   significant   at   P-­‐value<5%,   three   of   which   (LBC21   delayed   FDR=7×10-­‐3,  

LBC36  immediate  FDR=8×10-­‐5,  LBC36  delayed  FDR=4×10-­‐6)  remained  significant  after  FDR-­‐

based  multiple   testing  correction  when  adjusting   for  24   independent  networks,  Figure  11.  

The  M1  network  was  enriched  for   four  GWAS,  three  of  which  passed  FDR  correction  (DUKE  

immediate   FDR=5×10-­‐3,   LBC36   immediate   FDR=5×10-­‐4,   LBC36   delayed   FDR=3×10-­‐3).   In  

addition,  two  networks  showed  suggestive  GWAS  enrichment  signals  (FDR  between  0.05  and  

0.01),  M10   is   enriched   for   LBC36   immediate   FDR=3×10-­‐2   and  LBC36  delayed  FDR=3×10-­‐2  

and  M20  is  enriched  for  LBC36  immediate  FDR=3×10-­‐2.  
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Figure 11: Network association for GWAS association signal for memory 
performance. Enrichments were calculated using the modified version of GSA-SNP using three independent cohorts for 
immediate and delayed verbal recall: DUKE (n=445), LBC21 (n=515) and LBC36 (n=1,003). GWAS of waist-to-hip ratio 
WHR (n=224,459) was used as a negative control. Top: P-values of enrichment, bottom: FDR of enrichment, adjusted for 
24 independent tests. Dotted red line represents 1% FDR significance level; dotted blue line represents 5% FDR 
significance level. 

  

5.3.2 Overlap of GWAS signal from independent cohorts 

In  this  analysis  I  used  GWAS  phenotypes  from  different  cohorts  to  determine  if  the  networks  

are   robustly   enriched   for   GWAS   association   signals.   Given   that   multiple   networks   (in  

particular  M1  and  M3)  were  enriched  for  GWAS  signals  for  the  same  phenotype,  I  set  out  to  

investigate  whether  the  same  genes  contribute  to  the  GWAS-­‐enrichment  observed  for  M1  and  

M3  networks.  To  this  end  I  took  the  top  100  module  genes  (i.e.,  those  with  most  significant  P-­‐

values  for  each  GWAS  and  with  FDR<5%)  and  looked  for  overlap  between  these  genes  across  

the   three   GWAS   tested,   Figure   12.   For   the  M3   network,   81   of   the   top   100   genes   in   each  

GWAS  are  commonly  detected  and  converge  into  the  M3  network.  In  contrast,  only  12  genes  

replicated   across   GWAS   are  within   the  M1   network.  While   there   is   a   strong   overlap   in  M1  

M
1

M
2

M
3

M
4

M
5

M
6

M
7

M
8

M
9

M
10

M
11

M
12

M
13

M
14

M
15

M
16

M
17

M
18

M
19

M
20

M
21

M
22

M
23

M
24

0

1

2

3

4

5

6

7

●

●

●

● ●

●
●

●

●

● ●
●

●

● ● ●

●

● ●

●

●

● ●

●

●

●

●

●

●

● ● ●

●

●

●

●

●

●
● ●

●
●

●

●

●

●
● ●

●

●

duke.delayed.FDR
duke.immediate.FDR
LBC21.delayed.FDR
LBC21.immediate.FDR
LBC36.delayed.FDR
LBC36.immediate.FDR
whr.FDR

M
1

M
2

M
3

M
4

M
5

M
6

M
7

M
8

M
9

M
10

M
11

M
12

M
13

M
14

M
15

M
16

M
17

M
18

M
19

M
20

M
21

M
22

M
23

M
24

0

1

2

3

4

5

6

●

●

●

● ●
● ● ●

●
● ● ● ●

● ● ●
●

● ●

●

●
● ●

●

●

●

●

●

● ● ● ●
●

●

●

●

● ● ● ● ● ●
●

●

●
● ● ●

●

●

duke.delayed.FDR
duke.immediate.FDR
LBC21.delayed.FDR
LBC21.immediate.FDR
LBC36.delayed.FDR
LBC36.immediate.FDR
whr.FDR

M
1

M
2

M
3

M
4

M
5

M
6

M
7

M
8

M
9

M
10

M
11

M
12

M
13

M
14

M
15

M
16

M
17

M
18

M
19

M
20

M
21

M
22

M
23

M
24

0

1

2

3

4

5

6

●

●

●

● ●
●

●
●

●

● ●
●

●

● ● ●
●

● ●

●

●

● ●

●

●

●

●

●

● ● ● ●

●

●

●

●

●
● ● ● ● ●

●

●

●

● ● ●

●

●

duke.delayed.FDR
duke.immediate.FDR
LBC21.delayed.FDR
LBC21.immediate.FDR
LBC36.delayed.FDR
LBC36.immediate.FDR
whr.FDR

Co#expression+module+

#lo
g 1

0(
P#
va
lu
e)
+

#lo
g 1

0(
FD

R)
+



   109  

between  LBC36  immediate  recall-­‐  and  LBC36  delayed  recall-­‐associated  genes  (68  genes),  69  

genes  in  Duke  immediate  recall  are  not  in  the  top  100  genes  of  either  LBC36  phenotypes.  The  

GWAS  associated  genes  detected   in  Duke   immediate   recall  have  higher  overlap  with  LBC36  

immediate   recall   (25   genes)   than   with   LBC36   delayed   recall   (18   genes),   however   the  

difference  was  not  substantial.  

  

Figure 12: Overlaps between contributing to M1 and M3 enrichment for GWAS signal associated with 
memory. The 100 most significant network genes were used for each of the GWAS passing FDR<5% significance. 
LBC21.i = LBC21 immediate recall; LBC21.d = LBC21 delayed recall; LBC36.i = LBC36 immediate recall; duke.d = 
DUKE delayed recall; duke.i = DUKE immediate recall; LBC21.d = LBC21 delayed recall. 

  

Functionally,   the   common   81   genes   within   M3   (M3-­‐81)   are   more   enriched   for   Reelin  

Signalling  (FDR=2×10-­‐3)  than  the  M3  network  as  a  whole.  Reelin  (RELN)   is  an  extracellular  

secreted   glycoprotein   essential   for   neuronal   migration   to   appropriate   locations   in  

hippocampus,   neocortex   and   cerebellum   during   embryonic   development   134   and   neuronal  

maturation  early  childhood.  In  the  adult  brain,  RELN  has  a  role   in  synaptic   function  and  has  

been  shown  to  promote  LTP135  in  the  hippocampus  by  enhancing  AMPA  and  NMDA  receptor  

activity136   as   well   promoting   neurotransmitter   release137.   In   addition,   abnormal   RELN  

expression  has  been  shown  in  neuropsychiatric  disorders  such  as  BP,  MDD,  ASD  and  SCZ138.  
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In   addition,   using   WebGestalt73   to   test   for   enrichment   of   genes   associated   with   individual  

disease,  I  found  that  this  sub-­‐set  of  M3-­‐81  genes  is  enriched  for  genes  with  known  roles  in  31  

diseases.   Twenty   of   these   disorders   (65%)   included   neuropsychiatric   disorders   such   as  

Bipolar  Disorder   (FDR=7×10-­‐3),   Schizophrenia   (FDR=2×10-­‐2),   Epilepsy   (FDR=3×10-­‐2)   and  

borderline   enrichments   (FDR<5%)   were   observed   for   other   developmental   disorders  

characterized   by   intellectual   disability   –   Coffin-­‐Lowry,   Familial   aplasia,   Rett,   Mental  

retardation  and  Williams  syndrome  (Supplementary  Table  2).    

Given  the  potential  functional  importance  of  these  81  genes  in  M3  for  memory  deterioration  

associated   in   neuropsychiatric   disease   I   explored   the   possible   transcriptional   and  

translational  regulation  of  these  genes.  These  81  genes  are  most  strongly  enriched  for  Pou3f2  

transcription  factor  binding  sites  (FDR=8×10-­‐3),  which  is  involved  in  directing  differentiation  

and  migration  of  neurons  to  the  correct   layers139,140.  Other  transcription  factors  have  known  

roles  in  neuronal  development  migration  and  differentiation  –  Titf1,  Stat5a,  Pit1,  Nkx2.5  and  

SP3,  which  interacts  with  NRSF  to  express  Grin1  in  adult  and  not  developing  neurons141.  

The   M3-­‐81   genes   are   also   weakly   enriched   for   targets   of   micro-­‐RNAs   (miR-­‐492,   miR-­‐129,  

miR-­‐218,  miR-­‐202,  and  miR-­‐103/miR-­‐107).  All  of   these  have  been  reported  to  have  roles   in  

neuronal   development   and   neuropsychiatric   disease.   For   example,   miR-­‐103/miR-­‐107  

regulate   CDK5R1   expression   which   is   essential   for   CNS   development142   and   miR-­‐129   is  

specifically   enriched   in   neurons   and   diminished   in   microglia   and   is   known   to   regulate  

translation   of   a   potassium   channel   Kv1.1   which   regulates   action   potential   frequency143.  

Similarly,   miR-­‐202   down-­‐regulates   expression   of   Pou2f1   and   may   enhance   neuronal   cell  

death144.  

Overall,   the   M3-­‐81   genes   appear   to   be   transcriptionally   co-­‐regulated   and   play   a   role   in  

neuronal   development   and   synaptic   function.  Multiple   lines   of   evidence   including   previous  

reports  on  the  putative  transcriptional  regulators  identified  for  M3-­‐81  genes  (above)  suggest  
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that   these  genes  may  also  play  a  role   in  neurodevelopmental  disorders  such  as  SCZ,  BP  and  

MDD.  

  

5.3.3 Overlap between neuropsychiatric disorders and memory 

It   is   likely   that  many  genes   that  play  a   role   in   the  mechanisms  underlying  memory  are  also  

involved  in  processes  that  cause  neuropsychiatric  disease  when  perturbed.  Neuropsychiatric  

disorders   are   often   a   product   of   abnormal   neuronal   development   and  migration   and   these  

processes   are   also   important   for   normal   adult   brain   function.   There   is   a   well-­‐known   link  

between   memory   deficits   and   neuropsychiatric   disorders   such   as   epilepsy145   and  

schizophrenia146.  Additionally  cognitive  deficits  have  ben  shown  to  exist  before   the  onset  of  

neuropsychiatric   disease147   and   in   unaffected   siblings148,149.   As   detailed   earlier    

(Introduction),  there  is  substantial  overlap  in  co-­‐morbidity  across  neuropsychiatric  disorders  

as  well  as  overlap  between  susceptibility  genes  across  multiple  disorders.  

  

5.3.4 Genetic association of modules from mTLE hippocampus with 
neuropsychiatric disease  
I   therefore   investigated   whether   the   networks   associated   with   delayed   verbal   memory  

(assessed   in   healthy   individuals)   are   also   enriched   for   common   variants   associated   with  

increased   risk   of   neuropsychiatric   disease.   GWAS   association   data   was   sourced   from  

Psychiatric   Genomics   Consortium42,150   for   four   neuropsychiatric   disorders:   attention   deficit  

and  hyperactivity  disorder  (ADHD),  bipolar  disorder  (BP),  major  depressive  disorder  (MDD)  

and   schizophrenia   (SCZ).   Of   the   24   modules,   M3   has   the   highest   enrichment   for   common  

variants   for   all   the   neuropsychiatric   traits:   SCZ   (FDR=3.5×10-­‐4),   ADHD   (FDR=2×10-­‐2),   BP  

(FDR=2×10-­‐2)   and  MDD   (FDR=4.8×10-­‐2).   M1   also   appears   to   be   significantly   enriched   for  

two  of  the  traits,  MDD  (FDR=6×10-­‐3)  and  ADHD  (FDR=2×10-­‐2)  Figure  13.  
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Figure 13: Network association with neuropsychiatric disorders. GWAS association data was used for five 
distinct neuropsychiatric disorders: attention deficit and hyperactivity disorder (ADHD), bipolar disorder (BP), major 
depressive disorder (MDD) and schizophrenia (SCZ). GWAS for waist-to-hip ratio (WHR) was used as a negative control. 
Enrichments calculated using the modified version of GSA-SNP. Top: P-values of enrichment, bottom: FDR of 
enrichment, adjusted for 24 independent tests. Dotted red line represents 1% FDR significance level, dotted blue line 
represents 5% FDR significance level. 

  

5.3.5 GWAS association of genes correlated with memory performance 

The   M1   module   is   strongly   enriched   for   genes   whose   expression   correlates   with   memory  

performance   as   well   as   genes   enriched   for   SNPs   associated   with   delayed   verbal   recall.   In  

Chapter  4,  I  explored  whether  the  M1  sub-­‐network  of  491  genes  M1fdr5  is  more  specifically  

enriched  for  biological  processes  compared  to  the  M1  network  as  a  whole.  Here,  I  set  out  to  

investigate  whether  the  M1fdr5  sub-­‐network  of  genes  with  significant  correlation  to  memory  

is  more   enriched   for   the  GWAS   association   signal.   For   comparison,   I   also   performed  GWAS  

enrichments   for   all   728   genes   across   all   modules   with   expression   significantly   (FDR<5%)  

correlated  to  memory  Figure  14  
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Figure 14: M1 sub-network enrichment for GWAS signal. GWAS enrichments performed using modified version 
of GSA-SNP for M1 network, M1 sub-network of 491 genes whose expression is correlated to memory performance 
(FDR<5%) and all 728 genes across all modules with expression correlated to memory performance (FDR<5%). 

  

Using   the   same   GWAS   enrichment   method   employed   earlier,   I   found   that   when   compared  

with  the  M1  network  as  a  whole  M1fdr5  was  more  enriched  for  LBC21  delayed  recall  GWAS  

signals  and  marginally  more  enriched   for  DUKE   immediate  GWAS  signals,  but   less  enriched  

for  all  other  phenotypes  Figure  14.  For  neuropsychiatric  disease,  M1fdr5   is  more  enriched  

for  ADHD  and  SCZ  than  M1  as  a  whole.  

Overall,   the   M1   genes   are   generally   more   enriched   for   common   variants   associated   with  

memory   when   compared   to   all   728   genes   whose   expression   correlates   with   memory  

performance  Figure  14.  This  result  suggests  that  the  molecular  pathway  represented  by  the  

genes  co-­‐expressed  in  M1  may  be  more  representative  of  genetic  association  driving  memory  

than  the  genes  with  expression  broadly  correlated  to  delayed  verbal  recall.  
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5.4 Summary 

The  aim  of  this  chapter  was  to  explore  the  association  between  co-­‐expression  networks  and  

common  variants  associated  with  memory  and  neuropsychiatric  disease.  To   that  end   I  used  

SNP  associations  to  immediate  and  delayed  recall  as  ascertained  by  three  independent  GWAS  

cohorts  Duke,  LBC21  and  LBC36.  Based  on  this  analysis,  M1  and  M3  modules  were  strongly  

enriched  for  both  immediate  and  delayed  recall  across  several  cohorts  Figure  11.  M10  and  

M20   showed   suggestive   enrichments   that   did  not   pass   FDR   correction   for   24  modules.   The  

GWAS-­‐enrichment  of  the  M1  network  suggests  a  genetic  (potentially  causative)  link  between  

M1-­‐genes   and  memory   performance,   which   is   in   line   with   the   results   presented   earlier   in  

Table   11   (Chapter   4).   Two   other   networks   were   enriched   for   genes   whose   expression  

correlated   with   memory   performance,   but   were   not   enriched   for   common   variants   with  

genetic  associations  to  memory.  This  finding  suggests  that  the  identified  associations  between  

the   eigengenes   of   M4   and  M5   and  memory   (Table   11,   Chapter   4)   were   not   explained   by  

enrichment  of  common  genetic  variants  in  the  modules’  genes  (which  would  have  suggested  a  

casual   genetic   link   between   the   genes   and   memory).   This   result   is   also   in   line   with   the  

modules’   functional   annotations:   M1   is   strongly   enriched   for   LTP   and   axon   guidance  

pathways,  M1  genes  have  been  experimentally  shown  to  be  essential  for  memory  formation,  

whereas  M5  is  enriched  for  synaptic  transmission  pathways.  

In  addition,  M3  is  also  enriched  for  SNPs  associated  with  immediate  and  delayed  recall  across  

all   three   cohorts.   This   result   provides   independent   replication   of   the   GWAS-­‐enrichment  

reported   for   this   module.   The   expression   of   M3   genes   is   not   correlated   with   memory  

performance,   which   suggests   that   these   genes   may   be   important   for   memory   but   their  

expression  in  the  developed  hippocampus  does  not  vary  relative  to  the  strength  of  memory.  

This   network   is   enriched   for   genes   in   Reelin   pathway   and   post-­‐synaptic   genes  

Supplementary   Figure   1   (1b1).   As   discussed   above,   Reelin   has   essential   role   in  

embryonic  brain  development  as  well  as  processes  underlying  memory  and  cognition  in  adult  
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brain.   In  addition,  M3  network  appears  to  be  regulated  by  transcription  factors  with  known  

roles  in  neuropsychiatric  disorders.  

I   have  also   analysed   the  networks   for   enrichment   in   common  variants   associated  with   four  

neuropsychiatric   disorders:   ASD,   MDD,   BP   and   SCZ   from   the   Psychiatric   Genomics  

Consortium42,150.  My  analyses  suggest  that  M1  is  significantly  associated  with  ADHD  and  MDD  

while  M3  is  associated  with  all   four  disorders.  This   finding  is   in   line  with  exiting  knowledge  

that   these   neurodevelopmental   traits   have   shared   genetic   etiology.   Moreover   these   results  

show  that  such  genes  are  significantly  co-­‐expressed  in  the  adult  hippocampus  (and  conserved  

across  species),  and  may  be  regulated  by  common  mechanisms.  
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Chapter 6: Network enrichment for rare and common variants 
associated with neuropsychiatric disease 

6.1 Introduction 

Population  based  genome  wide  association  studies  assay  common  genetic  variants  (SNPs)  of  

small  effect  on  the  trait.  Family-­‐based  studies  provide  a  complimentary  approach  that  can  be  

used  to  assay  rare  genetic  variants  of  typically  stronger  effect  than  the  common  GWAS-­‐SNP.  In  

the  pervious   chapter   I  have   investigated  whether   the  hippocampus   co-­‐expression  networks  

were  enriched   for   common  GWAS-­‐signals   for  memory  and  neuropsychiatric  disease.  Here,   I  

aim  to  determine  if  any  of  the  network  identified  in  the  human  hippocampus  is  enriched  for  

rare  variants  associated  with  neurodevelopmental  disorders.  

  

6.1.1 Family trio whole-exome sequencing as a tool to identify de-novo 
mutations (DNMs) for complex disease 

Exome  sequencing  was   initially  used  to   identify  genetic   factors   in  rare  Mendelian  disorders,  

which   is   high   efficient   when   only   a   few   affected   individuals   within   small   pedigrees   are  

available.   This   strategy   relies   on   the   fact   that   humans   acquire   50-­‐100   new  mutations   (de-­‐

novo)   per   generation   and   an   estimated  0.86  new  protein-­‐disrupting  mutation151.   Studies   of  

Mendelian  disorders  and  evolutionary   sequence  conservation  have   shown   that  only  27%  of  

de-­‐novo  non-­‐synonymous  mutations  are  neutral   in  humans,  while  20%   loss  of   function  and  

further  53%  are  mildly  deleterious152.  The  high  mutation  rates  have  been  suggested153,154  as  a  

more  likely  cause  of  neuropsychiatric  disorders,  which  seem  to  defy  the  principles  of  natural  

selection   by   conferring   a   substantial   negative   reproductive   fitness   at   reproductive   age  

contrary   to   the   ‘common   disease   common   variant’   hypothesis.   De-­‐novo   mutations   are  

estimated  to  account   for  10-­‐20%  of  ASD  cases155,156  and  exome  sequencing  studies  of   family  

trios   with   affected   offspring   have   identified   damaging  mutations   in   both   known   and   novel  

genes  across  a  wide  range  of  neuropsychiatric  disorders26,157–161.    
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6.1.2 Difficulties in identifying causative DNMs 

Whole-­‐exome   sequencing   (WES)   of   ~18,000   genes   can   identify   ~22k   genetic   variants   per  

individual,  ~6k  of  which  are  non-­‐synonymous  or  splice  variants.  By  excluding  known  variants  

which  are  assumed  to  be  benign  due  to  high  allele  frequencies  in  the  population  the  authors  

can  reduce  the  DNM  to  ~150  possible  candidates162.    Sequencing  unaffected  parents  can  help  

reduce  this  number  to  a  manageable  2-­‐7  variants.  The  candidate  genes  are  then  investigated  

for  known   functional  significance   to   the  disease  phenotype  and  occurrences  of  DNMs   in   the  

same  gene  across  unrelated  affected  individuals.    

Here   I   hypothesized   that   by   using   the   ‘guilty-­‐by-­‐association’   principle   underlying   the   co-­‐

expression   network   analysis,   co-­‐expressed   genes   are  more   likely   to   be   functionally   related  

despite   poor   functional   annotation.   Therefore,   this   principle   can   be   extended   to   provide  

additional  support  for  the  genes  with  singleton  mutation  (i.e.,  single  DNM)  to  be  truly  disease-­‐

causing  genes  if  these  are  significantly  co-­‐expressed  with  other  genes  impacted  by  recurrent  

DNMs  across  neuropsychiatric  diseases.  
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6.2 Materials and Methods 

6.2.1 Network enrichment for genes intolerant to mutations 

As  previously  mentioned,  WES   can   identify   a   large  number  of  mutations   for  which   it   is   not  

straightforward   to   ascertain   its   casual   role   in   disease.   Moreover,   some   genes   have   been  

observed   to   have   more   SNPs   than   others.   The   genic   residual   variation   intolerance   score  

(RVIS)163   is   a   recently   introduced   scoring   system   designed   to   rank   genes   based   on   their  

tolerance   to   functional   mutation.   Based   on   this   system,   mutations   in   genes   intolerant   to  

mutations   are  more   likely   to  be   associated  with  disease.   In   the  database   the  RVIS  was  only  

calculated   for  protein-­‐coding  genes   that  had  at   least  one  protein-­‐coding   transcript   that  was  

publically  approved  among  the  CCDS  Release  9  database164,  and  that  had  ≥70%  of  their  CCDS  

covered  in  the  population  database  adopted  in  the  original  RVIS  manuscript  ESP6500163.  This  

resulted  in  scores  for  16,856  assessable  CCDS  release  9  genes,  thus  all  RVIS  comparisons  are  

restricted  to  these  16,956  ‘assessable’  genes.  This  method  can  be  used  to  determine  a  gene’s  

pathogenicity  using  WES  data.  

I  applied  this  approach  to  the  24  WGCNA-­‐identified  modules,  where  it  was  possible  to  assign  

the  RVIS  scores  to  89.4%  of  the  genes  across  all  modules.  We  then  determined  whether  any  

module  was  enriched   for  highly   intolerant  genes  (i.e.,  genes  that  are  more   likely   to   increase  

disease   risk   when   mutated,   as   previously   shown163)   using   the   Mann-­‐Whitney   U   test.  

Specifically,   the   Mann-­‐Whitney   U   test   was   used   to   compare   (and   test   for   statistically  

significance  difference)  the  distributions  of  RVIS  scores  for  the  genes  in  each  module  with  the  

distribution  for  all  protein-­‐coding  genes  outside  the  module  (see  Table  12,  below).  

  

6.2.2 Enrichment for de-novo mutations (DNMs) 

The  trio-­‐based  study  design  allows  easy  comparison  within  and  across  different  studies  as  the  

DNMs   are   ascertained   for   each   trio   between   the   child   and   the   parents   as   internal   controls.  

Here   I   tested   if   any   module   was   enriched   for   DNMs   detected   in   a   large   collection   of  WES  
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studies   of   neuropsychiatric   disease.   Enrichments   were   performed   using   a   database   that  

compiled   de-­‐novo   mutations   from   WES   trio   studies   for   autism   spectrum   disorder   (ASD,  

n=948),   intellectual   disability   (ID,   n=151),   epilepsy   (EE,   n=264),   and   schizophrenia   (SCZ,  

n=951).   To   determine   the   number   of   mutations   in   neuropsychiatric   disease   relative   to  

healthy  controls,  data   for  728  control   trios  were  used   from   the   same  studies  as   the  disease  

cohorts.  

Overall,  our  manually  curated  database  contains  1,464  non-­‐synonymous  DNMs  across  all  four  

disorders   in   2,314   case   trios   and   451   DNMs   in   728   controls.   Enrichments   for   DNM   in  

neuropsychiatric  cohorts  compared  to  healthy  controls  are  calculated  in  several  steps.  Firstly,  

the  number  of  CCDS  public  transcripts  linked  to  each  of  the  18,607  genes  is  calculated.  Here,  

we   took   the   conservative   route   by   assuming   each   gene   has   100%   of   its   CCDS   sequence  

covered  across  all  trios,  appreciating  that  some  genes  will  not  have  been  adequately  covered  

due  to  reasons  such  as  capture  kit  specifications  or  low  coverage.  Thus,  the  expected  numbers  

of  DNM  for  each  gene  set  is  calculated  based  on  the  length  of  CCDS  sequence  of  genes  in  the  

set  and  the  overall  frequency  of  DNM  in  all  CCDS  genes.  This  is  used  in  the  analysis  to  avoid  

gene  length  bias  in  the  number  of  DNM  mapping  to  the  gene  in  case  any  modules  are  enriched  

for  longer  genes.  Significance  of  module  enrichment  for  genes  with  non-­‐synonymous  DNMs  in  

cases  compared  to  all  other  genes  outside  the  module  using  the  binomial  exact  test  (two-­‐tail).  

The  same  test  is  applied  for  enrichment  for  non-­‐synonymous  DNMs  in  control  trios.  Secondly,  

the  Fisher’s  exact  test  (two-­‐tail)  is  also  used  to  determine  if  the  module  is  enriched  for  DNM  

in  cases  compared  to  controls.  This  test  determines  whether  a  module  has  significantly  more  

mutations   in  cases  compared  to  controls,  and  can  also  determine  if  a  module   is  significantly  

depleted  of  DNMs  as  compared  with  controls.  
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6.3 Results 

I  used  the  DNM  data  to  determine  whether  any  of  the  networks  are  enriched  for  rare  variants  

associated   with   neuropsychiatric   disorders   and   whether   such   enrichments   are   consistent  

with   the   enrichment   for   common   variants   associated  with   neuropsychiatric   disease,   which  

are  reported  in  Chapter  5,  Figure  13.  

  

6.3.1 Module enrichment for genes intolerant to mutation 

Due   to   uncertainty   on   which   regions   are   protein-­‐coding   in   the   genome,   high-­‐confidence  

subset  of  genes   identified  by   the  Collective  Consensus  Coding  Sequence  (CCDS)  Project  was  

used.   The   Residual   Variation   Intolerance   Score   (RVIS)163   is   an   estimate   of   gene’s   ability   to  

tolerate  functional  genetic  mutation,  and  it  has  been  shown  that  mutations  in  intolerant  genes  

are  more  likely  to  be  associated  with  disease163,165.  

The  rates  of  DNMs  in  each  module  were  calculated  relative  to  random  expectation  based  on  

the  number  of  (CCDS)  in  the  module.  Each  hippocampal  co-­‐expression  module  was  assessed  

for  genes  intolerant  to  functional  mutation  based  on  the  RVIS.  Only  M3  (FDR=6.2×10-­‐5)  and  

M5  (FDR=1.9×10-­‐5)  had  a  module-­‐level  intolerance  score  significantly  higher  than  those  in  all  

protein-­‐coding   genes   outside   the   module,   Table   12.   These   findings   suggest   that   these  

modules   are   preferentially   enriched   for   genes   under   stronger   selective   constraints   and  

therefore  less  tolerant  to  functional  mutations  compared  to  other  brain-­‐expressed  genes.  
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Table 12: Module-wide residual variation intolerance score (RVIS) enrichment scores. RIVS scores were 
retrieved for all protein-coding genes, median module RIVS was compared against all brain-expressed genes, not part of 
the module. Statistically significant enrichments (FDR<1%) highlighted red. 

Module	
  
Difference	
  between	
  the	
  

median	
  RVIS	
  for	
  the	
  module	
  
genes	
  and	
  all	
  other	
  genes	
  	
  

Mann-­‐Whitney	
  U	
  test	
  
(FDR)	
  

M1	
   -­‐0.31	
   6.40E-­‐01	
  
M2	
   -­‐0.36	
   6.40E-­‐01	
  
M3	
   -­‐0.42	
   6.32E-­‐05	
  
M4	
   -­‐0.23	
   7.72E-­‐01	
  
M5	
   -­‐0.26	
   1.94E-­‐05	
  
M6	
   0.00	
   9.06E-­‐01	
  
M7	
   -­‐0.54	
   1.00E+00	
  
M8	
   -­‐0.25	
   9.06E-­‐01	
  
M9	
   -­‐0.35	
   7.72E-­‐01	
  
M10	
   -­‐0.12	
   7.72E-­‐01	
  
M11	
   -­‐0.58	
   9.11E-­‐01	
  
M12	
   -­‐0.41	
   1.05E-­‐01	
  
M13	
   -­‐0.34	
   9.06E-­‐01	
  
M14	
   -­‐0.09	
   1.00E+00	
  
M15	
   0.04	
   9.06E-­‐01	
  
M16	
   -­‐0.43	
   1.00E+00	
  
M17	
   -­‐0.15	
   7.72E-­‐01	
  
M18	
   -­‐0.08	
   1.00E+00	
  
M19	
   -­‐0.20	
   1.00E+00	
  
M20	
   -­‐0.30	
   7.72E-­‐01	
  
M21	
   -­‐0.13	
   9.06E-­‐01	
  
M22	
   -­‐0.29	
   5.38E-­‐01	
  
M23	
   0.09	
   9.06E-­‐01	
  
M24	
   -­‐0.18	
   1.00E+00	
  

  

6.3.2 Module enrichment for rare de-novo mutations (DNM) 

The  24  co-­‐expression  modules  were  tested  for  enrichment  in  rare  de-­‐novo  single  nucleotide  

mutations   (DNMs)   associated  with   neuropsychiatric   disease.   I   used   the  DNM  database   that  

combines   information   from   several   parent-­‐offspring   trio   whole   exome-­‐sequencing   studies  

that  used  similar  sequencing  technologies,  coverage  criteria  and  variant  calling  methodology.  

Collectively,   the   database   consists   of   2,314   published   trios   for   autism   spectrum   disorder  

(ASD,  n=948),   schizophrenia   (SCZ,  n=951),   intellectual  disability   (ID,  n=151)  and  epileptic  

encephalopathy  (EE,  n=264)  and  728  controls.  

  

Overall,  using   the  BET   two  modules  were  highly   significantly  enriched   for  non-­‐synonymous  

mutations   found   in   case   trios  M3   (FDR=6.3×10-­‐5)   and  M5   (FDR=1.9×10-­‐5),   compared   to  
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expectation  based  on  the  total  consensus  coding  sequence  (CCDS)  to  avoid  gene  length  bias  in  

the  number  of  DNM  mapping  to  the  gene.  Furthermore,  to  accommodate  for  sequence  context  

factors  such  as  the  inherent  mutability  of  genes  in  a  module,  the  number  of  mutations  in  cases  

and   controls  were   compared   using   the   FET.   This   test   showed   that   only  M3   is   enriched   for  

mutations  in  cases  compared  to  controls  (FDR=2.5×10-­‐2)  Figure  15  and  Table  13  below.  

  

Table 13: Module enrichment for non-synonymous de-novo mutations (nsDNM). Enrichments were 
performed for nsDNMs in cases and controls for all genes in the module compared to all other genes. Enrichment for 
nsDNM in cases compared to controls performed using Fisher exact test. Odds ratio (OR) represents the relative 
likelihood of an outcome occurring given the trait, in this case OR quantifies the odds the network playing a role in disease 
given the mutation burden observed in cases compared to controls. Confidence interval (CI) 95% is used to estimate 
precision of OR, small intervals indicate higher precision/confidence in the OR estimate. Multiple testing correction was 
performed using BH to adjust for the number of modules tested (n=24). BH FDR<0.01 highlighted red, FDR<0.05 
highlighted yellow.  

Module	
  

Control-­‐specific	
  nsDNM	
  
Binomial	
  Test	
  

Case-­‐specific	
  nsDNM	
  
Binomial	
  Test	
  

Cases	
  vs	
  Controls	
  
Fisher	
  Exact	
  Test	
  

DNM	
  in	
  
module	
  

DNM	
  
total	
   FDR	
   DNM	
  in	
  

module	
  
DNM	
  
total	
   FDR	
   FDR	
   OR	
   CI	
  (95%)	
  

M1	
   26	
   351	
   1	
   136	
   1904	
   6.4E-­‐1	
   9.4E-­‐01	
   1.3	
   [	
   0.8	
   -­‐	
   2.2	
   ]	
  
M2	
   0	
   351	
   1	
   7	
   1904	
   6.4E-­‐1	
   1	
   -­‐-­‐	
   [	
   -­‐-­‐	
   -­‐	
   -­‐-­‐	
   ]	
  
M3	
   1	
   351	
   1	
   41	
   1904	
   6.3E-­‐5	
   2.5E-­‐02	
   11.3	
   [	
   1.9	
   -­‐	
   459.8	
   ]	
  
M4	
   1	
   351	
   1	
   4	
   1904	
   7.7E-­‐1	
   1	
   1.3	
   [	
   0.1	
   -­‐	
   63.8	
   ]	
  
M5	
   4	
   351	
   1	
   31	
   1904	
   1.9E-­‐5	
   9.4E-­‐1	
   2.3	
   [	
   0.8	
   -­‐	
   9.1	
   ]	
  
M6	
   0	
   351	
   1	
   1	
   1904	
   9.1E-­‐1	
   1	
   -­‐-­‐	
   [	
   -­‐-­‐	
   -­‐	
   -­‐-­‐	
   ]	
  
M7	
   0	
   351	
   1	
   3	
   1904	
   1.	
   1	
   -­‐-­‐	
   [	
   -­‐-­‐	
   -­‐	
   -­‐-­‐	
   ]	
  
M8	
   6	
   351	
   1	
   66	
   1904	
   9.1E-­‐1	
   1.4E-­‐1	
   2.8	
   [	
   1.2	
   -­‐	
   8.1	
   ]	
  
M9	
   4	
   351	
   1	
   37	
   1904	
   7.7E-­‐1	
   9.4E01	
   2.0	
   [	
   0.7	
   -­‐	
   8.1	
   ]	
  
M10	
   1	
   351	
   1	
   5	
   1904	
   7.7E-­‐1	
   1	
   1.3	
   [	
   0.1	
   -­‐	
   63.8	
   ]	
  
M11	
   4	
   351	
   1	
   20	
   1904	
   9.1E-­‐1	
   1	
   1.2	
   [	
   0.4	
   -­‐	
   5.1	
   ]	
  
M12	
   2	
   351	
   1	
   18	
   1904	
   1.0E-­‐1	
   9.4E01	
   2.6	
   [	
   0.6	
   -­‐	
   23.5	
   ]	
  
M13	
   1	
   351	
   1	
   15	
   1904	
   9.1E-­‐1	
   9.4E-­‐1	
   3.9	
   [	
   0.6	
   -­‐	
   167.4	
   ]	
  
M14	
   4	
   351	
   1	
   7	
   1904	
   1	
   1	
   0.6	
   [	
   0.1	
   -­‐	
   2.6	
   ]	
  
M15	
   0	
   351	
   1	
   3	
   1904	
   9.1E-­‐1	
   1	
   -­‐-­‐	
   [	
   -­‐-­‐	
   -­‐	
   -­‐-­‐	
   ]	
  
M16	
   3	
   351	
   1	
   15	
   1904	
   1	
   1	
   1.2	
   [	
   0.3	
   -­‐	
   6.7	
   ]	
  
M17	
   1	
   351	
   1	
   8	
   1904	
   7.7E-­‐1	
   1	
   1.3	
   [	
   0.1	
   -­‐	
   63.8	
   ]	
  
M18	
   0	
   351	
   1	
   2	
   1904	
   1	
   1	
   -­‐-­‐	
   [	
   -­‐-­‐	
   -­‐	
   -­‐-­‐	
   ]	
  
M19	
   11	
   351	
   1	
   50	
   1904	
   1	
   1	
   1.1	
   [	
   0.6	
   -­‐	
   2.5	
   ]	
  
M20	
   9	
   351	
   1	
   50	
   1904	
   7.7E-­‐1	
   1	
   1.2	
   [	
   0.6	
   -­‐	
   2.9	
   ]	
  
M21	
   2	
   351	
   1	
   7	
   1904	
   9.1E-­‐1	
   1	
   0.6	
   [	
   0.1	
   -­‐	
   7.2	
   ]	
  
M22	
   1	
   351	
   1	
   10	
   1904	
   5.4E-­‐1	
   1	
   2.6	
   [	
   0.4	
   -­‐	
   115.4	
   ]	
  
M23	
   1	
   351	
   1	
   12	
   1904	
   9.1E-­‐1	
   1	
   2.9	
   [	
   0.4	
   -­‐	
   128.4	
   ]	
  
M24	
   4	
   351	
   1	
   30	
   1904	
   1	
   1	
   1.7	
   [	
   0.6	
   -­‐	
   6.9	
   ]	
  

  



   123  

  

  

  

  

  

 

Figure 15: Module enrichment for non-synonymous de-novo mutations (nsDNM). Binomial test p-values 
(colour coded) show enrichments of module genes for nsDNM in cases, Fisher exact test (y-axis), Fisher exact test Odds 
ratio (size of the circle, as indicated) shows that the M3 network is enriched for nsDNM in cases compared to controls. 

  

These   results   are   in   line   with   the   observed   association   between   M3   and   common   SNP  

associated   with   neuropsychiatric   disease   (shown   earlier   in   Figure   13).   Notably,   M3   is  

enriched   for   genes   associated  with  memory   performance   (Figure   11)   as  well   as   common  

(Figure   13)   and   rare   variants   (Figure   15)   associated   with   a   range   of   neuropsychiatric  

diseases.   M1   network   is   enriched   for   genes   containing   common   variants   associated   with  

memory  performance  as  well  as  MDD  and  ADHD.  However,  this  relationship  is  not  observed  

based  on  DNMs  associated  with  neuropsychiatric  disease.  

  

6.3.3 M3 enrichments for individual disorders 

While  M3  shows  enrichment  for  DNMs  associated  with  a  range  of  four  neuropsychiatric  traits,  

I   was   also   interested   to   see   which   traits   contributed   to   the   enrichment.   The   case-­‐control  

analysis  was  also  performed  for  the  four  individual  neuropsychiatric  traits.  The  M3  module  is  

strongly   enriched   for  DNMs   for  EE   (P=3.5×10-­‐4)   and   ID   (P=9.0×10-­‐4),   and  marginally   (but  
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not   significantly)   enriched   for  DNMs   for  ASD   (P=0.06)   and   not   enriched   for  DNMs   for   SCZ  

(P=0.17),  Table  14.    

 

Table 14: Enrichment of M3 network for nsDNM in individual neuropsychiatric traits. Enrichment for 
DNM in cohorts for individual neuropsychiatric disease compared to control cohort performed using Fisher exact test. 
Odds ratio (OR) represents the relative likelihood of an outcome occurring given the trait, in this case OR quantifies the 
odds the network playing a role in disease given the mutation burden observed in cases compared to controls. Confidence 
interval (CI) 95% is used to estimate precision of OR, small intervals indicate higher precision/confidence in the OR 
estimate. P-value<0.01 is highlighted red. Individual tests run for four traits: Autism spectrum disorder (ASD), epilepsy 
(EE), intellectual disability (ID) and schizophrenia (SCZ). 

	
  	
   	
  	
   Enrichment	
  in	
  cases	
  over	
  controls	
  

Disease	
  
cohort	
  

Number	
  of	
  
trios	
  (cases)	
   FET	
  P-­‐value	
   OR	
   CI	
  (95%)	
  

ASD	
   948	
   6.1E-­‐2	
   6.1	
   [	
   0.9	
   -­‐	
   266	
   ]	
  
EE	
   264	
   3.5E-­‐4	
   17.4	
   [	
   2.4	
   -­‐	
   759	
   ]	
  
ID	
   151	
   9.0E-­‐4	
   20.2	
   [	
   2.4	
   -­‐	
   936	
   ]	
  
SCZ	
   951	
   1.7E-­‐1	
   5.0	
   [	
   0.7	
   -­‐	
   224	
   ]	
  

  

  

6.3.4 M3 genes with DNM 

A   gene   impacted   by   DNM   discovered   by   whole-­‐exome   sequencing   study   is   typically  

considered  to  be  important  for  the  disease  etiology  if  the  same  gene  present  another  DNM  in  a  

different   trio   (i.e.,   recurrently  mutated  genes).   I   hypothesized   that   it  may  be   informative   to  

represent   the   co-­‐expression   relationships   of   the   genes   impacted   by   DNMs,   in   particular   to  

assess   the   importance  of  genes   impacted  by  a  single  DNM  that  are  co-­‐expressed  with  genes  

that  have  replicated  DNMs  Figure  16  (below).  A  number  of  genes  in  M3  have  known  roles  in  

neuropsychiatric   disease   -­‐   SCN2A   is   a  most   remarkable   example.   SCN2A   is   a   voltage-­‐gated  

sodium  channel  that  is  highly  expressed  in  neurons  and  plays  an  essential  role  in  propagation  

of  neuronal  signals166.  Mutations  in  this  gene  have  been  reported  in  epilepsy  with  additional  

comorbidity   including   cognitive   impairment   and   additional   psychiatric   disorders167.   In  

addition,  SCN2A   contains  nsDNM   identified   in  8   independent   trios   across   all   four   disorders  

analysed   here.   Interestingly,   the   hippocampal   expression   of   SCN2A   is   also   correlated   with  

delayed   verbal   recall   (P=9.7×10-­‐3,   R2=0.06).   Beyond   the   prominent   role   of  SCN2A,   the  M3  
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network   also   contains   an   additional   17   genes   impacted   by   a   single   nsDNM.   Each   of   these  

genes  with  a   singleton  mutation   is  not   considered   to  be   ‘implicated’   in   the  disease  as   these  

mutations  have  been  observed   so   far   in   single  probands   and,   on  average  ~2-­‐7  nsDNMs  are  

identified   in   a   trio   (i.e.   it   is   unlikely   that   all   of   them   are   causative   mutations).   Therefore,  

additional  evidence  such  as  known  role  in  a  functional  pathway  relevant  to  the  disorder  or  co-­‐

expression  with  known  genes  in  a  relevant  tissue  such  as  the  hippocampus  may  help  validate  

such  mutated  genes.  
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Figure 16: Network view of M3 genes with de-novo mutations and associations with LBC36 delayed 
recall. Network representation of M3 genes (left) plotted using Cytoscape tool. Nodes represent genes and lines represent 
co-expression relationships between genes. Nodes are colored based on strength of association with delayed verbal recall in 
LBC36 cohort. Connections between genes determined based on the strength of Tuckey’s biweight correlation of 
expression. Size of nodes was scaled based on the number of nsDNMs identified across four neuropsychiatric disorders: 
epilepsy (EE), schizophrenia (SCZ), autism spectrum disorder (ASD), and intellectual disability (ID). Detailed nsDNM 
information for each gene is presented in table (right). Variant effect column highlights the location and type of DNM and 
effect on gene sequence MS - missense (amino acid substitution), NS - non-sense (premature stop codon). 

  

The   network   representation   of   M3   genes   (Figure   16)   summarises   enrichment   for   rare  

variants  associated  with  neurodevelopmental  disorders  and  common  variants  associated  with  

verbal   delayed   recall   in   LBC36   cohort.   Genes   with   nsDNMs   ascertained   in   the   compiled  
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chr15:26828534C>T MS ASD

chr15:26866564C>T MS EE

chr15:26828484T>C MS EE

chr15:26806254T>C MS EE

chr15:26866594T>C MS EE

chr18:52921925G>A MS ID

chr18:53070725G>A MS ID

chr18:52896230C>T NS ID

chr16:9923342G>C MS ID

chr16:9928084G>C MS ID

chr16:9857517A>G MS SCZ

chr16:56385396T>C MS EE

chr16:56385380A>C MS EE

chr16:56370728G>A MS SCZ

chr1:237868631C>T MS EE

chr1:237995907G>A MS ID

UPF3A 1 chr13:115057116G>A MS ASD

PIAS1 1 chr15:68378807G>A MS ASD

NUAK1 1 chr12:106461269G>A NS ASD

GLTSCR1L 1 chr6:42796946C>G MS ASD

DENND5B 1 chr12:31613279G>C MS ASD

CERS6 1 chr2:169417831A>G MS ASD

SGK223 1 chr8:8234597C>A MS EE

PPP6R2 1 chr22:50857843T>C MS EE

KCNB1 1 chr20:47990976G>A MS EE

GABRB1 1 chr4:47405630T>C MS EE

TCF20 1 chr22:42564699G>A MS ID

TNRC6C 1 chr17:76083048C>G MS SCZ

TAF13 1 chr1:109607282G>A NS SCZ

SSBP3 1 chr1:54870560G>A NS SCZ

PCDHAC2 1 chr5:140346499G>T NS SCZ

HIVEP3 1 chr1:42047669G>A NS SCZ

GNB5 1 chr15:52416801T>C MS SCZ

SCN2A 8

TCF4 3

5GABRB3

Variant$effect

GRIN2A 3

GNAO1 3

2RYR2

0" 0.1" 0.01" 0.001" 0.0001"

Gene"associa-on"with"LBC36"delayed"recall:""P<value"
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cohorts   appear   to   have   associations   also   with  memory   in   the   LBC36,   particularly  RYR2   (1  

DNM  in  EE  and  1  DNM  in   ID,  LBC36  delayed  GWAS  P=4.4×10-­‐4),  and  GLTSCR1L   (1  DNM  in  

ASD  and  LBC36  delayed  GWAS  P=3.2×10-­‐3).  On  the  contrary,  the  CCNY  gene  has  the  highest  

association   with   delayed   recall   in   the   LBC36   (GWAS   P=5.0×10-­‐5)   but   no   known   nsDNMs.  

Overall,   this   network-­‐based   approach   may   provide   evidence   that   the   mutations   in   genes  

associated   with   memory   performance   might   be   also   underlying   or,   at   least   in   part,  

contributing   to   neurodevelopmental   disorders.   Such   hypothesis   is   in   keeping   with   known  

mechanisms   underlying   memory   performance   particularly   as   M3   is   enriched   for   genes  

involved   in   Reelin   signalling   pathway   -­‐   one   of   the   key   processes   underlying   memory   in  

adults135  as  well  as  neuronal  migration  during  embryonic  development168.  
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6.4 Summary 

The  aim  of  this  chapter  is  to  identify  networks  that  are  enriched  for  rare  de-­‐novo  variants  that  

may  be  causative  for  neuropsychiatric  disorders  such  as  ASD,  ID,  EE  and  SCZ.  I  found  that  the  

M3  network  is  enriched  for  genes  intolerant  to  mutations,  as  well  as  for  DNMs  by  the  BET.  In  

addition  using  the  data  pooled  from  a  number  of  trio-­‐sequencing  studies,  my  results  suggest  

that  the  M3  network  is  also  preferentially  enriched  for  disease-­‐mutations  in  cases  compared  

to  mutations  in  controls  (by  FET).  

Taken  together  with  the  data  presented  in  the  previous  chapters,  these  results  show  that  M3  

is   enriched   for   both  de-­‐novo  mutations   and   common   variants   for   neuropsychiatric   disease,  

suggesting   the   intriguing   hypothesis   that   monogenic   and   complex   neuropsychiatric  

phenotypes  share  a  common  genetic  aetiology.  I  found  that  M3  was  also  enriched  for  common  

genetic   variants   associated   with   memory   performance   in   healthy   individuals.   This   result  

suggests  an  additional  hypothesis  of  the  convergence  of  genes  regulating  cognitive  functions  

(memory   in   this   specific   case)   and   neurodevelopmental   disease   into   a   small   regulatory  

network  (M3)  detected  in  the  developed  hippocampus.  
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Chapter 7: Study summary and implications 

7.1 Introduction 

The  overall  aim  of  this  project  was  to  identify  hippocampal  gene  co-­‐expression  networks  that  

may  regulate  the  molecular  processes  underlying  memory  performance  and  neuropsychiatric  

disease.   This   study   is   the   first   to   use   transcriptomics   approaches   to   identify   gene   co-­‐

expression  networks  associated  with  variable  memory  performance  in  the  human  brain.  This  

was   achieved   by   taking   advantage   of   a   dataset   available   because   of   epilepsy   patients  

undergoing   surgery   to   treat   pharmacoresistant   seizures.   The   patients   undergo   detailed  

memory  performance  testing  prior  to  surgery  and  the  removed  hippocampal  tissue  has  been  

fresh   frozen   for   further   analysis,  which   represent   a   unique   source   of   informative   tissue   for  

gene  regulatory  networks  analysis  in  the  human  brain.  In  addition  the  dataset  is  composed  of  

122  samples,  which  allows  for  more  accurate  network  reconstruction  based  on  co-­‐expression  

relationships.  In  addition,  I  have  used  publically  available  transcriptomics  data  to  determine  

whether  networks  derived  from  epileptic  hippocampus  reflect  co-­‐expression  relationships  in  

healthy   human   brain,   derived   post-­‐mortem   and   healthy   mouse   hippocampus   (using   data  

generated   by   our   group).   This   allowed   me   to   test   the   validity   and   reproducibility   of   the  

identified  hippocampus  networks  beyond  the  disease  status  (epilepsy)  and  specie  (humans)  

used  to  infer  the  networks  in  the  first  place.  

In  addition  to  the  available  assessment  of  memory  performance  (i.e.,  verbal  delayed  recall),  I  

used  genetic  association  data   from  two  independent  sources  to  determine  whether  network  

genes  whose  expression  is  correlated  with  memory  performance  are  also  enriched  for  genetic  

association  signals  with  memory  and  neuropsychiatric  disease.  I  first  used,  information  from  

genome-­‐wide   association   studies,   which   assess   SNPs   that   are   relatively   prevalent   in   the  

population   (~1%-­‐10%),   referred   to   as   ‘common’   variants.   Second,   I   used   data   from  whole  

exome   sequencing   studies   of   de-­‐novo   mutations   in   family   trios.   The   DNM   studies   perform  

exome  sequencing  of  family  trios  where  the  child  has  a  disorder  and  both  parents  are  healthy,  
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the  assumption  is  that  the  child  developed  the  disorder  because  of  a  new  mutation  that  is  not  

present  in  either  parent.  Such  mutations  are  referred  to  as  ‘rare’  because  the  mutation  likely  

occurred  in  a  gene  vital  for  healthy  brain  function  and  therefore  caused  a  severe  phenotype.  

The   mutation   is   therefore   likely   to   be   under   strong   purifying   selection   and   would   remain  

‘rare’  in  the  population.  

  

7.2 The expression of hippocampus-derived gene networks is correlated with 
memory performance 
As   discussed   at   length   in   Chapter   2,   I   analysed   genome-­‐wide   gene   expression   in   human  

hippocampus  from  patients  with  mesial  temporal  lobe  epilepsy  (mTLE).  After  quality  control  

filtering   to   remove   probes   below   the   threshold   of   accurate   detection   as   well   as   low-­‐

confidence  and  non-­‐varying  probes,  I  identified  11,837  probes  corresponding  to  9,616  genes.  

Next,   I   summarized   the   co-­‐expression   relationships   of   the   11,837   probes   into   24   gene   co-­‐

expression  modules  (networks).  In  chapter  4,  I  looked  to  see  whether  the  expression  profiles  

in   these  modules   are   correlated  with   performance   in   verbal   delayed   recall   as  measured   by  

VLMT  trial  7.  I  performed  this  test  in  two  ways.  First,  I  used  factor  analysis  to  summarize  the  

variation   in   expression   across   patients   for   all   genes   in   the   network   into   a   single   summary  

variable.  Such  variables,  commonly  referred  to  as  module  eigengene  (ME),  summarized  40%-­‐

65%  (~51%  on  average)  of  the  variation  in  module  gene  expression  in  this  dataset.  Second,  I  

looked  for  genes  whose  expression  is  individually  correlated  to  delayed  recall  and  then  used  

hypergeometric  test  to  determine  which  networks  were  significantly  enriched  for  such  genes.  

Both   types   of   analysis  were   consistent,   highlighting   the   potential   role   for   three  modules   in  

memory:   M1,   M4   and   M5.   However   the   correlation   between   mRNA   levels   of   the   network  

genes  and  a  complex  trait  does  not  imply  causation.  
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7.3 Genetic association of co-expression networks to memory 

I   therefore   expanded  on   this   analysis   to   investigate   the   causative  direction   of   the   observed  

correlations.   As   detailed   in   Chapter   5,   I   used   genetic   association   data   from   genome-­‐wide  

association   studies   (GWAS)   to   determine   whether   networks   correlated   with   memory  

performance   are   also   enriched   for   SNPs   more   correlated   with   memory   performance   than  

expected   by   random   chance.   I   used   data   from   three   independent   GWAS   cohorts:   DUKE,  

LBC21,   LBC36   that   tested   a   large   number   of   common   variants   (SNPs)   for   association  with  

memory  as  measured  by  immediate  and  delayed  verbal  recall.    Based  on  this  analysis,  only  M1  

is  enriched  for  genes  with  genetic  associations  for  memory  and  expression  of  the  genes  in  this  

network  is  also  correlated  to  memory  performance.  In  addition,  this  network  is  enriched  for  

genes  in  known  functional  pathways  known  to  be  essential  for  memory  formation:  ‘long  term  

potentiation’,   ‘axon  guidance’  and  ‘calcium  signaling’.  I  was  therefore  interested  to  see  of  the  

M1  genes  whose  expression  is  individually  correlated  with  memory  performance  (FDR<5%)  

were   more   enriched   for   genetic   associations.   Overall,   the   sub-­‐network   of   significantly  

correlated   genes   was   not   more   enriched   for   common   variants   associated   with   memory  

performance.  

The  M4  and  M5  networks  were  not  enriched   for   common  variants  associated  with  memory  

performance.  This  observation  suggests  that  expression  of  genes  in  this  network  may  be  the  

result   of   downstream   signaling   of   memory-­‐related   processes.   The   original   dataset   was  

derived  from  patients  with  mTLE,  however  these  networks  appear  to  be  conserved  in  healthy  

human  brain   and   evolutionarily   conserved   in  healthy  mouse  hippocampus.   Therefore   these  

networks  are  less  likely  to  be  the  result  of  pathology  or  processes  related  to  preservation  of  

neuronal  function  despite  epilepsy  pathology.  
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7.4 Genetic association of co-expression networks to neuropsychiatric 
disorders 
As   detailed   in   the   introduction,   there   is   a   strong   concordance   between   neuropsychiatric  

disease   and   memory.   I   therefore   tested   the   networks   for   enrichment   in   common   variants  

associated   with   several   neuropsychiatric   diseases   from   four   GWAS   phenotypes:   bipolar  

disorder  (BP),  major  depressive  disorder  (MDD),  attention  deficit  and  hyperactivity  disorder  

(ADHD)  and  schizophrenia  (SCZ),  presented  in  Chapter  5.   In  Chapter  6,   I  used  a  database  of  

de-­‐novo  mutations   (DNM)   for   four   a   neuropsychiatric   disorders:   autism   spectrum  disorder  

(ASD),  epilepsy  (EE),  intellectual  disability  (ID)  and  schizophrenia  (SCZ).    

The  M1  network  is  enriched  for  common  variants  associated  two  of  the  four  neuropsychiatric  

diseases   ADHD   and  MDD   and   not   with   SCZ   or   BP.   Although   the  M1   network   contains   136  

DNM,  it  is  not  significantly  enriched  for  rare  variants  when  compared  to  the  number  of  DNM  

healthy   control   trios.   This   result   is   in   line   with   the   observation   that   the   M1   genes   are  

generally  ‘tolerant’  to  mutations  as  assessed  by  the  RVIS  analysis  (Chapter  6,  Table  12).  

Unlike  M1,  the  M3  network  expression  was  not  correlated  to  memory  performance  based  on  

both   module   eigengene   analysis:   ME3   FDR=0.07,   and   single   gene   correlations:   only   6%  

network   genes   significantly   correlated.   However   the   M3   network   is   more   significantly  

enriched   for  common  variants  associated  with  both   immediate  and  delayed  verbal  recall.   In  

addition,  M3  is  enriched  for  common  SNPs  across  all  four  phenotypes  tested:  BP,  MDD,  ADHD  

and   SCZ   as   well   as   rare   variants   for   two   disorders:   EE   and   ID,   and   borderline   (yet   not  

significantly)  for  ASD  (FDR=6.1×10-­‐2).  M3  is  also  strongly  enriched  for  genes  predicted  to  be  

intolerant  to  mutations  (FDR=6.3×10-­‐5).    

Biologically,  the  genes  in  M3  network  have  few  known  functional  enrichments  but  these  genes  

were   significantly   enriched   for   function   in  Reelin   signaling  pathway   and   genes   localised   to:  

‘synapse’,  ‘cell  junction’  and  ‘post-­‐synaptic  density’.  Reelin  is  an  extracellular  secreted  protein  

and  mutations  have  been  shown  to  affect  neuronal  migration  in  hippocampus,  neocortex  and  
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the   cerebellum   during   embryonic   development.   Such   pathway   is   in   line   with   evidence  

discussed  in  Chapter  1,  relating  to  the  hypothesis  that  neurodevelopmental  disorders  such  as  

ASD,  ADHD,  BP,  MDD  and   SCZ   are   caused  by   aberrations   in   neuronal  migration   and  have   a  

shared   (genetic)   aetiology.   These   results   reveal   a   convergence   of   genetic   risk   variants  

contributing   to   healthy   human   cognitive   abilities   and   neurodevelopmental   disease   on   a  

common  set  of   genes  under   tight  developmental   regulation  and  widely   co-­‐expressed  across  

the   human   brain.  Nonspecific   (or   pleotropic)   effects   of   pathogenic  mutations   have   recently  

emerged   as   a   key   theme   among   neurodevelopmental   disease   genes.   Here   we   provided  

empirical   evidence   to   suggest   this   pleiotropy   also   extends   to   healthy   cognitive   function,  

although  the  underlying  mechanisms  for  mutational  non-­‐specificity  remain  unknown.    

The  role  of  reelin  (RELN)  -­‐  secreted  extracellular  matrix  protein  has  been  repeatedly  shown  

in  a  variety  of  processes  associated  with  neuronal  plasticity  adult  brain.  While  the  reelin  gene  

RELN   is   not   part   of   any   module,   its   interactions   with   a   number   of   other   genes   have   been  

reported   to   induce   transcriptional   changes   regulating   synaptic   plasticity   during   memory  

formation169.   Specifically,   RELN   can   interact   with   a   number   of   apolipoprotein   receptors170  

such   as  APOE135   and   LRP8169   to   induce   downstream   ‘reelin   signaling   pathways’.   Studies   of  

RELN   knockout   mice134,171   suggest   that   RELN   can   bind   to   a   number   of   trans-­‐membrane  

receptors  to  activate  apolipoprotein  pathways  to  regulate  neuronal  migration  and  maturation  

during  development  as  well  as  neuronal  development  and  synaptic  plasticity  and  remodelling  

in  adult  brain172.  Additionally,  the  interaction  of  reelin  with  APOE  plays  an  important  role  in  

pathways   important   for   synaptic   activity   in   the   adult   brain   and   has   been   shown   to   affect  

memory134   and   cognition171,173   in   mice.   Injection   of   purified   into   wild-­‐type   mice   improved  

performance  in  memory  and  cognitive  tasks173.  Reelin  signaling  via  apolipoprotein  receptors  

has   also   been   shown   to   regulate   neurotransmitter   release   and   post-­‐synaptic   maturation137  

including  regulation  of  AMPA  and  NMDA  receptor  activity136.  Abnormal  RELN  expression  has  

also   been   shown   in   a   number   of   neurodevelopmental   disorders   including   ASD138   and  

schizophrenia174.    
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There  may  also  be  a  functional  link  between  genes  in  M1  and  M3  modules  since  M1  contains  a  

number  of  proteins  related  to  apolipoprotein  receptors  -­‐  apolipoprotein  L1  APOL1  as  well  as  

well   as   a   number   of   a   number   of   low   density   lipoprotein   receptor-­‐related   genes:      LRP10,  

LRP1B,  LRP8,  LRPAP1.  

  

This   is   consistent   with   the   M3   enrichment   for   common   variants   associated   with   memory  

performance.  Taken  together,  my  results  suggest  that  the  co-­‐expression  relationships  of  genes  

in  the  M3  network  represent   functional  processes  relevant  to  both  neuropsychiatric  disease  

and  memory.  Moreover,   genes   in   this   network   such   as   those  with   roles   in  Reelin   signalling  

pathway  may  have   a   role   during   embryonic   brain   development   and  have   different   but   also  

essential   roles   to   memory   formation   and   healthy   brain   activity   during   adult   life.   Common  

variants   in   such   M3   genes   may   cause   sufficient   perturbations   in   the   pathway   to   cause  

neuropsychiatric  disorders.  Such  underlying  genetic  variations  may  exert   their  effect  during  

brain   development,   which   in   turn   may   increase   susceptibility   to   develop   a   disorder,   for  

example   due   to   reduced   capacity   to   cope   with   stress   to   the   molecular   network.  

Complementary  to  this,  enrichment  for  rare  de-­‐novo  variants  in  M3  genes  suggests  that  non-­‐

synonymous  mutations  in  such  genes  may  cause  more  severe  disruption  to  the  pathway,  and  

thus  lead  to  more  severe  phenotypes  with  early  onset  as  is  observed  in  the  neuropsychiatric  

trio  cohorts.    

  

Here   I   showed   that   co-­‐expression   networks   built   from   informative   tissue   provide   a   useful  

framework  to  interpret  genetic  association  data.  The  M3  network  summarizes  co-­‐expression  

information  from  the  human  hippocampus  –  a  tissue  with  known  role   in  memory  formation  

and   epilepsy.   This   network-­‐based   approach   can   be   used   implicate   genes   co-­‐expressed  with  

known  candidates  as  additional  targets  for  such  disorders.  As  an  example,  my  studies  showed  

that   the  M3  network   contains   genes  with  multiple  de-­‐novo  mutations   recurrent   in   patients  

with  different  neuropsychiatric  disorders,  which   is   considered  as   ‘strong’   evidence   for   such  
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genes  to  be  causative  for  the  disease.  For  example,  SCN2A  gene  is  well  known  as  causative  of  

severe   childhood   epilepsy166,167   and   is   observed   in   8   independent   trios:   three   for   ASD   and,  

three  for  EE  and  two  or  ID.  In  addition,  the  SCN2A  gene  is  co-­‐expressed  with  another  17  genes  

with  mutations   that   have   been   observed   only   in   a   single   ‘case’   subjects.   The   co-­‐expression  

between   these   genes   with   ‘suggestive’   associations   with   genes   that   have   known   causal  

associations  may  be  used  as  additional  evidence  to  strengthen  the  case  for  such  genes  to  be  

causal  to  the  disease  process.  In  addition  these  results  suggest  that  these  genes  may  be  part  of  

a   broader   neurodevelopmental   gene-­‐network   that   is   important   for   memory   in   healthy  

individuals   and  may   cause   disease   if   such   genes   are   impacted   by   a  mutation   disruptive   of  

their  normal  function.    

7.5 Memory performance is related to general neuronal function 

Memory  is  encoded  as  associative  synaptic  connections  across  different  parts  of  the  brain.  The  

M1  network  appears  to  be  broadly  expressed  across  the  brain  regions  such  as  hippocampus,  

cerebellar  as  well  as  frontal,  occipital  and  temporal  cortex.  Most  of  these  brain  regions  have  

been  previously  shown  to  be  important  to  memory  performance.  I  have  shown  that  variation  

in   gene   expression   levels   in   M1   network   is   broadly   aligned   with   variable   memory  

performance,   both   using   direct   correlation   between   hippocampal  mRNA   level   and  memory  

performance  and  enrichment  for  healthy  memory  GWAS  signals  in  networks  genes.  

Functionally  M1  is  enriched  for  genes  involved  in  pathways  such  as   ‘long  term  potentiation’,  

‘axon  guidance’  and   ‘calcium  signalling’.  These  processes  are  important  for  healthy  neuronal  

function  and  also  essential  for  synaptic  plasticity  required  for  memory  and  learning.  Variation  

in   calcium-­‐channel   activity   genes   seems   to   have   pleiotropic   effects   on   neuropsychiatric  

disorders42   and   disruptions   in   axon   guidance   proteins   and   synaptic   function   is   known   to  

cause   neurodevelopmental   disorders16   and   neurodegenerative   disorders19.   These   processes  

are  essential   for  normal  neuronal   function  and  may  also  be  related  to  other  cognitive   traits.  

Associative   connections   between   neurons   may   underlie   cognition   as   well   as   memory7,175.  
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Cognitive   impairment   is   a   common   co-­‐morbidity   trait   in   a   variety   of   neuropsychiatric  

disorders87,176,177.   In   addition,   the   finding   that   the   other   M3   network   is   associated   with  

intellectual  disability158,178,179,  characterised  by  below  average  intelligence,  may  be  interesting  

to  explore  further  by  incorporating  information  of  genetic  associations  with  broader  cognitive  

traits.  

  

7.6 Value of integrated network analysis 

Broadly   speaking,   co-­‐expression   networks   constructed   from   a   particular   tissue   such   as   the  

hippocampus  may  reflect   the  coordinated  action  of  genes   that  are   involved   in  a   functionally  

related   process   and   (possibly)   regulated   by   common  mechanisms.   Biological   networks   are  

often  observed  to  have  ‘scale-­‐free’  properties65,66,  where  a  few  central  ‘hub’  genes  have  many  

interactions   with  many  more   ‘periphery’   genes   with   few   connections.   Such   features   of   the  

‘hub’   genes   are   often   observed   in   PPI   networks   as   well   as   in   co-­‐expression   networks,  

presumably   because   essential   ‘hub’   genes   are   under   stronger   co-­‐regulation   than   the  

periphery  genes180,181.    

Exome   sequencing   studies   in   trios  with  de-­‐novo   studies   have   identified   a   number   of   genes  

that  appear  to  have  Mendelian-­‐like  effects  on  what  is  commonly  seen  as  ‘complex’  trait.  ASD  is  

a  good  example  of  a  neurodevelopmental  disorder  where  25-­‐30%  of  cases  appear  due  to  de-­‐

novo  mutations182  that  lead  to  a  similar  phenotype.  Many  of  the  de-­‐novo  mutations  appear  to  

be   protein   disrupting   SNVs   such   as   frame   shift,   stop   gain   and   splice   site   variants   in   genes  

particularly   intolerant   to   mutation,   suggesting   that   these   genes   are   under   strong   selective  

pressure183.   This   observation   fits   well   with   the   idea   that   a   disruptive   mutation   in   a   less  

tolerant   ‘hub’  gene   is   likely   to  substantially  affect   the  network   function  and   therefore  cause  

severe  disease  phenotypes.  Similarly,  GWAS  enrichment  for   ‘common’  variants  suggests  that  

such  variation  may  occur  in  genes  more  tolerant  to  mutations,  such  as  the  ‘periphery’  genes.  
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However  accumulation  of  such  genetic  variation  of  small  effect  may  be  sufficiently  disruptive  

to  increase  the  chance  of  network  ‘failure’  leading  to  onset  of  neuropsychiatric  disorders.    

The  results  presented  in  this  project  highlight  the  power  of  systems  genetics  approaches  that  

integrate   evidence   from   multiple   sources.   Standard   functional   annotation   analysis   using  

available   data   repositories   (e.g.,   KEGG   pathways,   Gene   Ontology,   etc.)   identified   a   single  

relevant  pathway  for  the  M3  network  (i.e.,  Reelin  signaling  pathway).  As  such,  it  appears  that  

the   M3   network   is   poorly   annotated   for   canonical   functional   pathways   or   GO-­‐terms  

specifically  relevant  to  neurodevelopmental  disorders  as  well  as  memory  function.  However,  

based  on  the  integration  with  genetic  susceptibility  data  (GWAS  and  DNMs),  M3  is  identified  

as   a   candidate   network   underlying   neurodevelopmental   disorders   as   well   as   memory  

function,  which  was  previously  unappreciated  based  on  its  functional  annotation  alone.  

  

7.7 Possible routes towards experimental validation 
The   bioinformatics   analysis,   such   as   presented   here   can   be   used   as   a   starting   point   for  

experimental   validation   in   model   systems.   Firstly,   up   or   down-­‐regulation   of   predicted  

regulators   of   co-­‐expression   modules   can   be   used   in   neuronal   cell   cultures   to   determine  

whether  the  observed  co-­‐expression  patterns  are  observed  in  vitro.  Additionally,  monitoring  

of   synaptic  potentials   can  be  used   to   confirm  whether  modulation  of  network  genes  has  an  

observed  effect  on  LTP.   It  may  also  be  of   interest   to  generate  cultures  of  different  neuronal  

sub-­‐types   for   example,   pyramidal   or   interneurons   to   determine   whether   the   networks   are  

more  strongly  expressed  in  a  particular  cell  type.  

Animal  experiments,  particularly  in  rats  and  mice  have  shown  that  animals  have  episodic-­‐like  

memory184,185.   Candiate   network   regulators   with   strongest   effect   sizes,   based   on   in-­‐vitro  

validation,  could  used  in  mouse  models  to  determine  whether  modulating  the  network  alters  

the  ability  to  perform  on  cognitive  and  memory  tasks.  Ideally,  a  conditional  knockout  should  
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be   used   to   activate   or   knock   out   the   genes   in   a   mature   mouse   hippocampus   after   control  

experiments   are   performed   to   establish   performance   before   and   after   the   conditional  

knockout.  

  

7.8 Concluding remarks  

This  project  examined  sets  of  genes  co-­‐expressed  in  the  human  hippocampus  for  evidence  of  

genetic   relationships   to   memory   performance   and   neuropsychiatric   disease.   To   do   this   I  

combined  information  from  multiple  sources  including  relationships  between  expression  and  

memory  as  well   as   evidence  of   genetic   associations   from  GWAS  and  DNM  studies.   It   is  well  

known  that  many  neuropsychiatric  disorders  share  common  genetic  aetiology.  This  analysis  

highlights   two   modules   of   tightly   co-­‐expressed   genes,   M1   and   M3,   which   may   underlie  

neuronal   function   important   for   memory   performance   and   potentially   broader   cognitive  

phenotypes.  These  network  genes  are  enriched   for   common  GWAS  variants  associated  with  

memory  and  neuropsychiatric  disorders,  as  well  as  rare  de-­‐novo  variants  for  neuropsychiatric  

disease.  Diagnosis  in  neuropsychiatric  disorders  has  always  been  difficult  due  to  a  spectrum  

nature   of   pathology   and   complexity   of   underlying   biology.   This   analysis   and   the   results  

presented  here   take   the   initial   steps   in   identifying   additional   candidate   genes   and   common  

genetic  pathways  that  may  help  to  investigate  the  functional  context  in  which  these  genes  are  

operating.  

Analysis  of  additional  (non-­‐hippocampus  specific  datasets)  has  been  very  useful  to  assess  that  

co-­‐expression   networks   derived   from   the   human   hippocampus   with   epilepsy   appear   to   be  

conserved   in  healthy  human  hippocampus  as  well  as  other  brain  regions.  This  suggests   that  

processes  underlying  memory  such  as  axon  guidance  and  synaptic  plasticity  are  not  unique  to  

hippocampus   but   are   common   across   the   brain   regions.   These   insights   provide   a   starting  

point  for  the  identification  of  gene-­‐regulatory  factors  and  novel  pathways  influencing  human  

cognition  and  neuropsychiatric  disease  in  human  brain.      
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Appendix 

Supplementary Figure 1: Functional enrichments for 24 hippocampal gene 
co-expression networks  

For each module (M1-M24) identified by WGCNA in human hippocampus the functional enrichment statistics were 
calculated with respect to a background set of 11,837 microarray- expressed probes (representing 9,616 protein coding 
genes, see Chapter 2.2.13), which was used to infer the networks. 

 

Panels description: 

1a  significant enrichments for KEGG pathways 

1b (1-3)  significant enrichments for “Pathway commons” 

1c (1-2)  significant enrichments for GO biological processes (bp) 

1d  significant enrichments for GO cellular components (cc) 

1e  significant enrichments for GO molecular functions (mf) 
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Syndecan−2−mediated signaling events
Regulation of Telomerase
Toll Like Receptor TLR1:TLR2 Cascade
Signaling events regulated by Ret tyrosine kinase
MyD88:Mal cascade initiated on plasma membrane
BCR signaling pathway
TRIF mediated TLR3 signaling
TRAF6 mediated induction of NFkB and MAP kinases upon TLR7/8 or 9 activation
Toll Like Receptor 9 (TLR9) Cascade
Toll Like Receptor 7/8 (TLR7/8) Cascade
Toll Like Receptor 5 (TLR5) Cascade
Toll Like Receptor 3 (TLR3) Cascade
Toll Like Receptor 10 (TLR10) Cascade
MyD88−independent cascade initiated on plasma membrane
MyD88 dependent cascade initiated on endosome
MyD88 cascade initiated on plasma membrane
Integrins in angiogenesis
Presenilin action in Notch and Wnt signaling
NFkB and MAP kinases activation mediated by TLR4 signaling repertoire
TRAF6 Mediated Induction of proinflammatory cytokines
Cytokine Signaling in Immune system
EGFR1
CD40/CD40L signaling
Signaling mediated by p38−alpha and p38−beta
FGF signaling pathway
ErbB2/ErbB3 signaling events
Immune System
Androgen−mediated signaling
Trk receptor signaling mediated by the MAPK pathway
MAP kinase activation in TLR cascade
Interleukin−1 signaling
S1P2 pathway
Osteopontin−mediated events
MAPK targets/ Nuclear events mediated by MAP kinases

Pathway'commons'enrichments'for'24'hippocampal'gene'
co6expression'networks.'
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regulation of cell death
regulation of apoptosis
anti−apoptosis
death
cell death
response to endogenous stimulus
response to vitamin
regulation of cell cycle
response to molecule of bacterial origin
response to cytokine stimulus
response to extracellular stimulus
programmed cell death
response to hormone stimulus
response to lipopolysaccharide
apoptosis
regulation of cell proliferation
response to bacterium
taxis
chemotaxis
response to steroid hormone stimulus
response to abiotic stimulus
response to organic cyclic substance
response to mechanical stimulus
response to wounding
negative regulation of cell proliferation
immune response
response to organic substance
defense response
response to corticosteroid stimulus
behavior
response to glucocorticoid stimulus
inflammatory response
translational elongation
cellular respiration
respiratory electron transport chain
generation of precursor metabolites and energy
mitochondrial electron transport, ubiquinol to cytochrome c
mitochondrial ATP synthesis coupled electron transport
ATP synthesis coupled electron transport
electron transport chain
oxidative phosphorylation
translation
negative regulation of biosynthetic process
negative regulation of gene expression
positive regulation of macromolecule metabolic process
negative regulation of cellular biosynthetic process
negative regulation of macromolecule biosynthetic process
positive regulation of transcription, DNA−dependent
positive regulation of biosynthetic process
positive regulation of RNA metabolic process
positive regulation of cellular biosynthetic process
positive regulation of nitrogen compound metabolic process
positive regulation of transcription from RNA polymerase II promoter
positive regulation of macromolecule biosynthetic process
positive regulation of nucleobase, nucleoside, nucleotide and nucleic acid metabolic process
positive regulation of gene expression
positive regulation of transcription
regulation of transcription from RNA polymerase II promoter
regulation of RNA metabolic process
regulation of transcription, DNA−dependent
regulation of transcription
transcription
purine ribonucleotide metabolic process
ribonucleotide metabolic process
proteolysis involved in cellular protein catabolic process
protein catabolic process
cellular macromolecule catabolic process
macromolecule catabolic process
cellular protein catabolic process
modification−dependent protein catabolic process
modification−dependent macromolecule catabolic process
hsa00190:Oxidative phosphorylation
ribonucleoside triphosphate metabolic process
intermediate filament cytoskeleton organization
cell−cell signaling
nucleoside triphosphate metabolic process
cellular component morphogenesis
transmembrane transport
cytoskeleton−dependent intracellular transport
intermediate filament−based process
axon cargo transport
cell projection morphogenesis
cell morphogenesis involved in differentiation
neuron differentiation
microtubule−based transport
vesicle−mediated transport
exocytosis
secretion
cell part morphogenesis
neurological system process
neuron development
axonogenesis
secretion by cell
cation transport
neuron projection morphogenesis
synaptic transmission
cell morphogenesis involved in neuron differentiation
transmission of nerve impulse
neuron projection development
ion transport

GO#biological#process#enrichments#for#24#hippocampal#
gene#co6expression#networks.#
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muscle system process
muscle contraction
regulation of lymphocyte differentiation
regulation of lipid transport
antigen processing and presentation of exogenous antigen
hydrogen peroxide biosynthetic process
activation of immune response
regulation of T cell differentiation
positive regulation of T cell activation
antigen processing and presentation of exogenous peptide antigen
regulation of T cell activation
regulation of cell activation
positive regulation of cell activation
T cell activation
positive regulation of T cell differentiation
positive regulation of lymphocyte differentiation
antigen processing and presentation of peptide antigen
positive regulation of leukocyte activation
regulation of leukocyte activation
positive regulation of lymphocyte activation
positive regulation of response to stimulus
regulation of lymphocyte activation
antigen processing and presentation of peptide antigen via MHC class II
antigen processing and presentation of exogenous peptide antigen via MHC class II
lymphocyte activation
leukocyte activation
innate immune response
cell activation
lymphocyte mediated immunity
positive regulation of immune response
leukocyte mediated immunity
immunoglobulin mediated immune response
B cell mediated immunity
immune effector process
adaptive immune response based on somatic recombination of immune receptors built from immunoglobulin superfamily domains
adaptive immune response
positive regulation of immune system process
antigen processing and presentation
antigen processing and presentation of peptide or polysaccharide antigen via MHC class II
sterol metabolic process
cognition
regulation of interleukin−2 production
positive regulation of neurological system process
regulation of cell cycle process
regulation of cell division
positive regulation of transmission of nerve impulse
positive regulation of synaptic transmission
protein kinase cascade
negative regulation of transport
positive regulation of smooth muscle cell proliferation
positive regulation of cell proliferation
transmembrane receptor protein serine/threonine kinase signaling pathway
positive regulation of cell division
protein import into nucleus, translocation
female pregnancy
positive regulation of nuclear division
positive regulation of mitosis
response to progesterone stimulus
positive regulation of cytokine production
response to temperature stimulus
response to nutrient
cytokine−mediated signaling pathway
humoral immune response
positive regulation of developmental process
locomotory behavior
regulation of smooth muscle cell proliferation
negative regulation of cell death
negative regulation of programmed cell death
learning or memory
response to cAMP
response to nutrient levels
response to drug
negative regulation of apoptosis
positive regulation of multicellular organismal process
regulation of programmed cell death

GO#biological#process#enrichments#for#24#hippocampal#
gene#co6expression#networks.#
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proteinaceous extracellular matrix
extracellular matrix
vacuole
MHC class I peptide loading complex
TAP complex
intrinsic to plasma membrane
lytic vacuole
lysosome
integral to plasma membrane
MHC class II protein complex
MHC protein complex
cytosolic large ribosomal subunit
cytosolic small ribosomal subunit
cytosol
extracellular region
cytoskeleton
cytosolic part
cytosolic ribosome
nucleolus
non−membrane−bounded organelle
intracellular non−membrane−bounded organelle
extracellular region part
extracellular space
small ribosomal subunit
organelle membrane
large ribosomal subunit
mitochondrial respiratory chain
organelle envelope
envelope
mitochondrial membrane
organelle inner membrane
mitochondrial inner membrane
mitochondrial envelope
mitochondrial membrane part
ribonucleoprotein complex
mitochondrial part
ribosomal subunit
mitochondrion
respiratory chain
ribosome
nucleoplasm
nuclear lumen
membrane−enclosed lumen
intracellular organelle lumen
organelle lumen
postsynaptic density
outer membrane
organelle outer membrane
insoluble fraction
cell projection
postsynaptic membrane
vesicle membrane
cell junction
site of polarized growth
membrane−bounded vesicle
membrane fraction
growth cone
contractile fiber part
synaptic vesicle membrane
kinesin complex
neurofilament
calcineurin complex
plasma membrane part
coated vesicle membrane
synaptosome
cytoplasmic membrane−bounded vesicle
cytoplasmic vesicle membrane
proton−transporting V−type ATPase complex
myofibril
contractile fiber
sarcomere
integral to membrane
vesicle
neurofilament cytoskeleton
cytoplasmic vesicle
intrinsic to membrane
clathrin coated vesicle membrane
axon
coated vesicle
clathrin−coated vesicle
synaptic vesicle
plasma membrane
neuron projection
synapse part
synapse

GO#cellular#component#enrichments#for#24#hippocampal#
gene#co6expression#networks.#

1d#

1 3 5 7 9 11 13 15 17 19 21

4

3

2

1

Significance of enrichment BH P-value 

1.3 - 2 3 5 7 9 11 13 15 17 19 21+ 



   157  

  

  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
     

GO#molecular#func.on#enrichments#for#24#hippocampal#
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MHC class I protein binding
MHC protein binding
cytokine binding
MHC class II receptor activity
RNA binding
sequence−specific DNA binding
structure−specific DNA binding
double−stranded DNA binding
chemokine receptor binding
chemokine activity
cytokine activity
ubiquinol−cytochrome−c reductase activity
oxidoreductase activity, acting on diphenols and related substances as donors, cytochrome as acceptor
oxidoreductase activity, acting on diphenols and related substances as donors
structural molecule activity
monovalent inorganic cation transmembrane transporter activity
hydrogen ion transmembrane transporter activity
structural constituent of ribosome
ion binding
transcription regulator activity
cation binding
metal ion binding
transcription factor activity
transition metal ion binding
zinc ion binding
DNA binding
oxidoreductase activity, acting on NADH or NADPH
oxidoreductase activity, acting on NADH or NADPH, quinone or similar compound as acceptor
NADH dehydrogenase activity
NADH dehydrogenase (ubiquinone) activity
NADH dehydrogenase (quinone) activity
inorganic cation transmembrane transporter activity
calcium ion binding
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Supplementary table 1: Probe annotations and gene lists for WGCNA 
inferred human surgical hippocampus gene co-expression modules. 

Clusters are arranged by name. Probes that are not part of any cluster are listed at the end. Chapter 2 methods contain 
details relating to data generation and network construction. 

PLEASE NOTE: due to the size of this table it is available online at : 

https://www.dropbox.com/s/uiuj4g9p2yk5kpe/Supplementary%20Table%201.xlsx?dl=0 

  

Information on the modules has also been made publically available as part of related project. This information can be 
accessed at : 

http://www.nbign.co.uk 
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Supplementary table 2: Functional enrichments of M3-81 sub-network of 
M3 genes. 

Sub-network contains genes with strongest GWAS associations with memory based on three cohorts (LBC31 immediate, 
LBC36 delayed, LBC21 delayed recall). Enrichments for associations with Disease, micro RNA binidng sites and 
transcription factor binding sites performed using WebGestalt in-web method. Enrichments for Disease associated genes 
are prerformed using information form two databases: PharmGKB and Glad4u. TFBS and miRNA as described in 4.2.2 
Transcription factor binding site (TFBS) and microRNA (miRNA) targets enrichment analysis. For disease enrichments, 
disease with neuropsychiatric pathology or symptoms that include cognitive impairment or developmental delay are 
highlighted 'yellow'. 

  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  
  

Disease	
  enrichment	
  
Number	
  of	
  

genes	
  
contributing	
  

Significance	
  of	
  
enrichment	
  

(FDR)	
  

Mood	
  Disorders	
   7	
   0.0076	
  

Antisocial	
  personality	
  disorder	
   3	
   0.0076	
  

Bipolar	
  Disorder	
   8	
   0.0076	
  

Unspecified	
  disturbance	
  of	
  conduct	
   4	
   0.0114	
  

Eating	
  Disorders	
   5	
   0.0137	
  

Depression	
   5	
   0.0215	
  

Mesoblastic	
  nephroma	
   2	
   0.0215	
  

Schizophrenia	
   7	
   0.0215	
  

Alcoholism	
   4	
   0.0215	
  

Mental	
  Disorders	
   9	
   0.0217	
  

Cardiomyopathy,	
  Dilated	
   3	
   0.0218	
  

Psychotic	
  Disorders	
   4	
   0.0289	
  

Epilepsy	
   5	
   0.0289	
  

Seizures	
   5	
   0.0312	
  

Anaplasia	
   2	
   0.0312	
  

Coffin-­‐Lowry	
  syndrome	
   2	
   0.0342	
  

Cardiomyopathies	
   3	
   0.0388	
  

Cardiomyopathy	
  NOS	
   3	
   0.0388	
  

Familial	
  aplasia	
  of	
  the	
  vermis	
   2	
   0.0388	
  

Epilepsy,	
  Generalized	
   3	
   0.0388	
  

Cardiomegaly	
   3	
   0.0389	
  

Rett	
  Syndrome	
   2	
   0.0389	
  

Microphthalmos	
   2	
   0.0415	
  

Adenomatous	
  Polyposis	
  Coli	
   3	
   0.0415	
  

Alcohol-­‐Related	
  Disorders	
   3	
   0.0415	
  

Neurologic	
  Manifestations	
   6	
   0.0429	
  

Developmental	
  disorder	
  not	
  otherwise	
  specified	
   3	
   0.0429	
  

Back	
  Pain	
   2	
   0.0429	
  

Vaccinia	
   3	
   0.0429	
  

Mental	
  Retardation	
   6	
   0.0429	
  

Williams	
  Syndrome	
   5	
   0.0493	
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Transcription	
  factor	
  	
  
Number	
  of	
  

genes	
  
contributing	
  

Significance	
  of	
  
enrichment	
  

(FDR)	
  

POU3F2	
   8	
   0.0077	
  

SRY	
   8	
   0.0077	
  

TITF1	
   7	
   0.0176	
  

HLF	
   7	
   0.022	
  

STAT5A	
   5	
   0.0352	
  

HP1SITEFACTOR	
   6	
   0.0352	
  

PIT1	
   6	
   0.0379	
  

HNF6	
   6	
   0.0393	
  

E4BP4	
   6	
   0.0393	
  

HNF1	
   5	
   0.0469	
  

NKX25	
   4	
   0.0469	
  

SP3	
   6	
   0.0469	
  

MEIS1AHOXA9	
   4	
   0.0474	
  

NKX22	
   5	
   0.0474	
  

GFI1	
   6	
   0.0474	
  

CEBP	
   5	
   0.049	
  

CART1	
   5	
   0.049	
  

OCT1	
   5	
   0.0498	
  

  
  
  
  

Micro	
  RNA	
  (miRNA)	
   Number	
  of	
  genes	
  
contributing	
  

Significance	
  of	
  enrichment	
  
(FDR)	
  

MIR-­‐492	
   5	
   0.0038	
  

MIR-­‐129	
   7	
   0.0096	
  

MIR-­‐218	
   9	
   0.0168	
  

MIR-­‐202	
   6	
   0.0168	
  

MIR-­‐103,MIR-­‐107	
   6	
   0.0422	
  

MIR-­‐199A	
   5	
   0.0784	
  

MIR-­‐422B,MIR-­‐422A	
   3	
   0.0864	
  

MIR-­‐186	
   6	
   0.0864	
  

MIR-­‐219	
   4	
   0.0878	
  

MIR-­‐330	
   6	
   0.0878	
  

MIR-­‐15A,MIR-­‐16,MIR-­‐15B,MIR-­‐195,MIR-­‐424,MIR-­‐497	
   9	
   0.0878	
  

MIR-­‐34B	
   5	
   0.0878	
  

MIR-­‐153	
   5	
   0.0878	
  

MIR-­‐326	
   4	
   0.0878	
  
  
  


