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Abstract 
Metabolomics is a recently emerged field of science studying metabolites and how their levels 
change with biological perturbations. A key requirement for metabolomics analyses is a 
technology that can capture a multitude of metabolite information in a single measurement. As 
many of the available platforms have lacked automation in the metabolomics experimentation, 
including the data analysis and handling, the measurements have been costly and time-
consuming, and thus metabolomics data had not been widely applied in large-scale studies. 
Metabolomics profiling, however, has great potential to provide further biological knowledge 
by, for example, elucidating in detail the mechanisms and pathways underlying disease. 

The first two publications of this thesis present a high-throughput proton nuclear magnetic 
resonance (NMR) –based serum metabolomics platform designed to facilitate the use of 
metabolomics data in large biomedical studies. The platform allows the highly-automated 
metabolomics profiling of tens of thousands of samples per year in a cost-effective manner and 
with the implemented models more than a hundred metabolites, including lipoprotein 
subclasses, other lipids and small molecules, can be quantified from the serum NMR data. The 
metabolomics profiling provided by the NMR-based platform has gained wide interest; the 
platform has run non-stop since it was set up in late 2008 as many Finnish and international 
cohorts have had their samples measured and used the data in several publications. 

In the two other publications included in this thesis, the quantitative metabolite data obtained 
through the platform was combined with detailed data on genetic variants in more than 8000 
Finnish individuals. This unique data set was used a) to comprehensively characterize, in terms 
of metabolite and genetic associations, the genomic regions known to associate with blood lipid 
levels, and b) to dissect genetic components associated with the changes in the metabolite 
levels. A wealth of biological information was uncovered in these studies including new 
metabolic associations for the known genetic regions and several new genetic regions 
associated with the metabolites. These findings can help to understand the links between the 
genes and clinical conditions. 

Together the results of this thesis show how detailed metabolomics data greatly complements 
the conventional laboratory measurements and support the use of this data in biomedical 
studies as means to provide valuable biological knowledge. 
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1.   Introduction  

The   concept   of   using   the   characteristics   of   biological   fluids,   such   as   blood   or  

urine,  as  markers  of  disease  dates  back  thousands  of  years  yet  similar  approach  

still  largely  serves  as  the  basis  for  the  modern  day  risk  evaluation  and  diagnostics  

of   metabolic   conditions;;   While   in   ancient   China   ants   were   attracted   to   urine  

samples   with   high   amount   of   glucose,   nowadays   the   presence   of   diabetes   is  

confirmed   by   assessing   the   blood   glucose   levels   using   targeted   assays.   The  

justification   for   charting   circulating   or   urine   metabolites,   molecules   that   are  

intermediates  or  products  of  metabolism,  is  that  the  metabolite  levels  reflect  the  

whole  of  the  various  biological  processes  of  the  human  body.  Perturbations  of  the  

metabolic   homeostasis,   induced   for   example   by   disease,   can   be   observed   as  

changes  in  the  metabolite  levels.  

Aside   from   the   conventional   approach   of   measuring   one   or   a   couple   of  

interesting  metabolites   as   indicators   of   disease   or   increased   risk   for   disease,   a  

systems-level  approach  of  simultaneously  detecting  a  wider  range  of  metabolites  

and  using  this  comprehensive  molecular  level  data  to  provide  further  insight  into  

the  perturbation  is  increasingly  gaining  ground.  This  field  of  study  focusing  on  the  

detection   and   analysis   of   ideally   all   the   metabolites   from   a   sample   is   called  

metabolomics1.  The  emergence  of  metabolomics  during  the  last  decades  has  been  

largely  due  to  the  adaptation  of  a  number  of  techniques  from  analytical  chemistry,  

such  as  nuclear  magnetic  resonance  (NMR)  spectroscopy  and  mass  spectrometry  

(MS)   that   allow   the   simultaneous   detection   of   a   multitude   of   molecules,   to  

biomedical  purposes  for  profiling  metabolites  in  biofluids.    

The   potential   uses   of   this   multivariate   metabolomics   data   are   various;;   the  

metabolite  profiles  are  used  to  classify  samples,  elucidate  the  metabolic  pathways  

affected  or  identify  novel  biomarkers  in  relation  to  disease,  genetic  differences  or  

environmental  factors.  Although  many  have  provided  promising  results,  a  major  

shortcoming   of   most   metabolomics   studies   addressing   biomedical   problems   to  

date   has   been   the   limited   sample   size;;   as   typical   numbers   of   individuals   in   the  

studies  has  been  less  than  a  hundred,  the  studies  have  lacked  statistical  power  and  

been  prone  to  false  findings.  

                                                                                                                                        
1   There   are   two   names   for   this   area   of   science,   metabolomics   and   metabonomics,   both  
having  similar  definitions.  The  term  metabolomics  is  used  throughout  this  thesis  in  order  to  
be  consistent  and  as  this  is  the  more  commonly  used  term  in  the  field.    
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Major  grounds  preventing  the  wide-scale   facilitation  of  metabolomics  data  has  

been   the   lack   of   high-throughput   platforms;;   with   limited   capacity   and   little  

automation   metabolomics   measurements   have   often   been   costly   and   time-

consuming.  Moreover,  normalization,  handling  and  interpretation  of  the  complex  

metabolomics   data   involving   hundreds   of   peaks   is   rarely   straightforward,   and  

thus  difficult  to  automate.  

This   thesis   presents   a   high-throughput   proton   (1H)   NMR   based   serum  

metabolomics   platform   designed   to   facilitate   the   use   of   metabolomics   data   in  

clinical   and   epidemiological   settings   (Publications   I   and   II).  The  platform   takes  

advantage   of   the   latest   laboratory   and   spectroscopic   equipment   to   enable  

automated   sample   preparation   and   measurement,   thus   providing   means   to  

process   tens   of   thousands   of   samples   per   year   (Publication   II).   The  

experimentation   was   optimized   to   detect   the   majority   of   the   metabolite  

information  available  from  a  serum  sample  by  NMR  (Publication  I).  Additionally,  

the  platform  includes  efficient  data  handling  modules,  and  models  for  automated  

quantification   of   more   than   a   hundred   metabolite   measures   have   been  

implemented.  

Subsequently,   moving   from   the   technology   into   applying   it,   two   studies   that  

combined  metabolomics  measurements  with  genetic  information  were  conducted  

(Publications  III  and  IV).  With  a  unique  set-up  of  over  8000  individuals  from  five  

population-based   Finnish   cohorts   with   both   dense   genotype   and   serum  

metabolomics  data  genetic  variants  contributing  to  the  population-level  variation  

in   the   traits  were  uncovered   (Publication   IV).  Additionally,   by   studying  a   set   of  

mono-   and   dizygotic   Finnish   twins   the   heritabilities   of   the  metabolomics   traits  

were   determined   (Publication   IV).   In   Publication   III   the   detailed  metabolomics  

and  genetic  data  were  used  to  further  characterize  the  genetic  regions  previously  

reported  to  associate  with  blood  lipids.  

The  dual  structure  of  this  thesis,  i.e.,  methods  development  and  applications,  is  

reflected  in  the  presentation  of  the  theory  and  results  in  this  summary  part  of  the  

thesis.  The   second   chapter   introduces   the   reader   to  metabolomics   and  provides  

the   theoretical   background   to   understand   the   NMR   metabolomics   platform  

(Publications   I   and   II)   presented   in  Chapter   3.   The  next   three   chapters   give   an  

overview  to  metabolites  and  metabolism,  genetics  and  the  materials  and  analysis  

methods   applied   in   Publications   III   and   IV.   Chapter   7   summarizes   the   results  

from   the   two   last   publications   and,   finally,   in  Chapter   8   conclusions   are   drawn  

and  future  prospects  contemplated.  
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2.  Metabolomics  

Metabolomics  is  the  study  of  the  metabolome,  i.e,  the  complete  set  of  metabolites  

found   in   a   sample.   The   metabolite   content   and   levels   of   the   metabolites   are  

assessed   in   order   to   provide   a   global   view   to   the   physiology   of   the   system.  

Metabolomics  is  a  broad  term  encompassing  a  wide  range  of  techniques,  samples  

and  research  aims  and  the  field  has  expanded  rapidly  during  the  past  decade;;  the  

applications  range  from  plant  science1,  animal  studies2  and  toxicology3  to  human  

disease   diagnostics4   and   risk   prediction5.   Reviewing   the   whole   area   of   science  

including   the   various   technologies   and   applications   is   beyond   the   scope   of   this  

thesis,  thus  this  chapter  focuses  on  presenting  the  key  concepts  of  metabolomics,  

with   special   focus   on   serum   proton   (1H)   nuclear   magnetic   resonance   (NMR)  

metabolomics,  and  some  of  the  achievements  in  the  field  with  respect   to  human  

health  and  disease.  

2.1   Human  metabolome  

In   analogy   to   genome,   transcriptome   and   proteome,   metabolome   defines   the  

whole   of   metabolites   in   a   sample   (Figure   1).   However,   compared   to   the   other  

olome  database6  

currently   lists  around  8000  metabolites   found  in  the  various  biofluids  or  tissues  

of  human  body.  The  metabolites  represent  a  wide  range  of  chemical  and  physical  

properties      from   larger   hydrophobic   lipid  molecules   to   relatively   small   water-

soluble  sugars     and  concentrations     from  abundant  metabolites  with  millimolar  

concentrations  to  those  present  in  only  nanomolar  quantities.    

The  metabolite  composition  reflects  the  biological  state  of  the  system  summing  

up   the   contribution   of   the   genotype,   gene   expression   and   protein   expression  

(Figure  1)  but  is  also  influenced  by  environmental  factors.  Therefore,  among  the  

As  disturbance  

of  the  metabolic  homeostasis,  e.g.,  by  genetic  modifications  or  disease  processes,  

causes   alterations   in   the  metabolite   levels,   the   system-wide  metabolite   profiles  

can   be   used   for   hypothesis-free   observations   of   the   influence   of   and   pathways  

underlying  these  perturbations.  Variation   in   the   levels  of  metabolites   that  arises  

from  sources  largely  independent  of  the  perturbation  can  confound  the  studies  of  

the  metabolome.  For  instance,  metabolome  varies  in  time  and  shows  influences  of  
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diet7,  8,  gender9-12  and  exercise13.  However,  a  substantial  amount  of  the  variation  is  

genetically  determined14-20  (Publication  IV).  

The  number  and  identity  of  metabolites  differs  considerably  between  different  

tissues   and   biofluids,   and   efforts   are   underway   to   characterize,   using   various  

technologies,  the  detectable  metabolomes  of  the  clinically  important  biofluids21,  22.  

Blood   plasma,   serum   and   urine   are   the   most   commonly   used   targets   in  

metabolomics   as   the   sampling   is   minimally   or   non-invasive   and   many   studies  

typically   collect   this   data.   Depending   on   the   research   questions   more   exotic  

samples,   including   cerebrospinal   fluid,   saliva   or   faecal   extracts,   can   be   more  

appropriate  targets  of  for  the  studies.  

2.1.1   Serum  metabolome  

Blood  is  a  body  fluid  carrying  various  substances  to  and  from  cells.  It  composes  of  

two   parts:   blood   cells,   including   white   and   red   blood   cells   and   platelets,   and  

plasma,   in   which   the   substances,   e.g.,   metabolites   like   amino   acids   and  

lipoproteins,   are   dissolved.   Serum   is   similar   to   plasma   but   the   collection  

procedures   differ   so   that   serum   does   not   contain   fibrinogens.   As   serum   and  

plasma   reflect   the   whole   systemic   metabolism,   these   biofluids   are   appealing  

targets   for   metabolomics   experiments   and   especially   suitable   for   studies   of  

vascular  and   systemic  diseases.  Human  serum  metabolome  database21   currently  

catalogues  over  4200  metabolites  detected  from  human  serum.    

  
Figure   1.   Genomics   studies   genomes,   i.e.,   the   hereditary  
information,   transcriptomics   the   gene   expression,   proteomics   the   protein  
content   and   metabolomics   the   metabolome.   The   figure   is   put   together   by   the  
author  from  separate  figures  taken  from  Wikimedia.    

2.2   Metabolomics  measurement  technologies  

Metabolomics     and   like  

  it  is  a  large-scale  study;;  A  primary  aim  in  metabolomics  is  

the   comprehensive   measurement   of   ideally   the   whole   metabolite   content   of   a  

sample.  Therefore,  a  key  requirement   for  metabolomics  analyses   is  a   technology  

that   enables   the   simultaneous  measurement   of   a  multitude   of  metabolites.   For  

this   purpose,   analytical   chemistry   technologies   have   been   adopted   to  

metabolomics  research.  However,  due  to  the  wide  range  of  chemical  and  physical  
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properties  of  metabolites,   there  exists  no  single   technology   that   can  observe   the  

whole  metabolome.  For  example,  single  metabolomics  analyses  can  detect  only  a  

fraction  of   the  compounds  of   the  serum  metabolome21.  However,   the  metabolite  

information   captured   from   a   serum   sample   with   the   different   analyses   overlap  

only   partially21,   and   thus   better   coverage   of   the   metabolome   is   obtained   using  

several  approaches.  

There   are   two   key   technologies   widely   applied   in   metabolomics   studies   for  

detecting   the   metabolites:   1H   NMR   and   MS23.   Both   technologies   produce  

spectra/chromatograms   where   the   positions   and   sizes   of   the   peaks   carry   the  

metabolite   information,  however,   the  basic  principles   and  properties   of   the   two  

technologies  differ  leading  to  different  advantages  and  disadvantages  and,  thus,  to  

the  complementary  nature  of  the  technologies.  A  summary  of  the  properties  of  the  

two  technologies  are  given  in  Table  1  and  briefly  discussed  below.  

NMR   detects   protons,   hydrogen   ions,   which   are   present   basically   in   all  

biological  molecules,  based  on  their  magnetic  properties.  These  properties  depend  

on  the  chemical  environment  of  the  proton,  i.e.,  the  other  atoms  surrounding  the  

protons   in   the   molecules.   Hence,   different   molecules   produce   characteristic  

spectral   shapes.   MS,   however,   detects   the   molecules   based   on   their   mass   and  

charge.   This   measurement   requires   the   ionization   of   the   sample   in   order   to  

produce   charged  particles,   and   therefore,   unlike   in  NMR,   the   sample   cannot  be  

recovered  for  further  analyses  after  an  MS  experiment.  

MS   analyses   are   often   coupled  with   a   separation   step   of   the  molecules   in   the  

sample,  e.g.,  liquid  or  gas  chromatography,  prior  the  measurement  to  enhance  the  

detection   of   the   metabolites.   Moreover,   MS   experiments   typically   require   a  

sample   preprocessing   step,   in   which   the   sample   components   that   can   interfere  

with  the  analysis,  e.g.,  salts  and  proteins,  are  removed.  The  sample  pretreatment,  

however,  can  be  chosen  so  to  target  the  analyses  to  metabolites  of  specific  types.  

E.g.,   targeted  analysis  of  serum  lipid  species,   lipidomics,  can  be  considered  as  a  

subfield   of   metabolomics.   NMR,   however,   requires   little   or   no   sample  

preprocessing  and  no  separation  step  of  the  molecules  is  used.  Therefore,  NMR  is  

an   unbiased   method   as   in   principle   all   hydrogen-containing   metabolites   with  

adequate   concentration   can   be   detected.   Also,   the   simplicity   of   an   NMR  

experiment  makes  the  analyses  highly  reproducible  and  cost-effective.  

A  major  advantage  of  MS  is  that  it  offers  great  sensitivity  in  detecting  molecules  

also  with  minute  concentrations.  Therefore,  compared  to  MS,  NMR  is  insensitive  

as  it  detects  only  medium  and  high  abundance  metabolites.  In  general,  MS-based  

metabolomics   approaches   allow   for   a   more   comprehensive   coverage   of   the  

metabolome.  However,   in  certain  cases  NMR  performs  better.  For  example,  MS  

methods   cannot   distinguish   between   isoleucine   and   leucine   as   the   two  

metabolites   have   the   same   mass,   however,   these   amino   acids   produce   distinct  

NMR  spectra.  Additionally,  NMR  allows  for  the  measurement  of  lipoproteins.  

The  basics  of  1H  NMR  are  discussed  in  more  detail  below.    
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Table   1.   The   basics   properties   of   the   MS   and   NMR   technologies   used   in  
metabolomics   studies   of   biofluids.   Data   from   Griffin   et   al.24,   Dettmer   et   al.25,  
Issaq  et  al26.  and  Bictash  et  al.27.  

   MS   NMR  

Number  and  types  
of  metabolites  
measured  

From  tens  to  thousands,  depending  on  the  
sample  preparation  and  separation  methods  
various  kinds  of  metabolites  can  be  observed  
(aqueous  metabolites  including  amino  acids,  
glucose  and  other  small  molecules,  and  a  wide  
range  of  lipid  species  including  
glycerophospholipids  and  acylcarnitine  
lipids),  can  detect  metabolites  with  minute  
concentrations  (down  to  nanomolar  
quantities)  

From  tens  to  around  a  hundred,  in  
principle  detects  all  hydrogen-
containing  metabolites  but  only  those  
of  medium  and  high-abundance  in  
the  sample,  the  observed  metabolites  
depend  on  the  biofluid  studied  but  
often  include  energy-metabolism  
related  substances  like  glucose,  
lactate,  pyruvate,  creatinine  and  some  
amino  acids  (lipoproteins  can  be  
measured  from  serum/plasma)  

Metabolites  
detected  by  

Mass-to-charge  ratio  of  the  ionized  
metabolites,  separation  methods  used  to  
enhance  the  detection  

The  magnetic  properties  of  hydrogen  
ions,  protons,  in  the  molecules,  which  
depend  on  the  chemical  environment  
of  the  proton  

Measurement  
time  

From  few  minutes  to  up  to  an  hour  
(depending  on  the  separation  method  and  
MS  technique  used)  

Around  ten  minutes  

Sample  
preparation  

Often  a  requirement,  the  matrix  (e.g.  proteins)  
has  to  be  removed  to  avoid  this  interfering  
with  the  analyses  by,  for  example,  blocking  the  
separation  column,  the  choice  of  preparation  
technique  depends  on  whether  the  analyses  
are  targeted  or  aiming  for  a  more  global  
profiling  and  on  which  separation  method  is  
used,  for  example,  fatty  acids  and  amino  acids  
require  derivatization  prior  gas-
chromatography  separation  

Little  requirements:  with  the  latest  
spectrometers  only  buffer  needs  to  be  
added  to  the  sample  prior  analysis,  
sample  preparation  can  be  used  for,  
e.g.,  removing  the  proteins  or  
targeting  the  analyses  on  lipids  

Sample  separation   The  metabolites  of  the  sample  are  often  
separated  by  using,  for  example,  gas  or  liquid  
chromatography  prior  the  measurement,  the  
separation  method  is  chosen  to  suit  the  
metabolites  the  analyses  are  targeted  to  or  
multiple  separation  methods  can  be  used  for  a  
better  coverage  of  the  metabolome  

Not  applied  

Metabolite  
identification  

With  the  help  of  available  libraries  or  internal  
standards  

Libraries  are  used,  nearly  all  of  the  
signals  can  be  annotated  to  
metabolites  

Advantages   Extremely  sensitive  and  therefore  allows  the  
measurement  of  thousands  of  metabolites,  
various  sample  preparation  and  separation  
methods  enable  the  measurement  of  different  
parts  of  the  metabolome    

Non-destructive  to  the  sample,  non-
selective  as  all  hydrogen-containing  
metabolites  with  adequate  quantity  
can  be  detected,  little  or  no  sample  
preparation  is  required,  low-cost  and  
highly  reproducible  analyses  

Downsides   Requires  sample  preparation  and  separation  
and  material/metabolite  information  may  be  
lost  during  these  steps,  analyses  often  targeted  
to  metabolites  of  specific  properties,  some  of  
the  peaks  in  the  spectra  are  not  annotated,  
may  be  costly  

Insensitive  as  detects  only  metabolites  
with  medium  to  high  concentrations,  
considerable  peak  overlap  in  spectra  
that  complicates  metabolite  
quantification  
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2.2.1   Proton  NMR  spectroscopy  

Proton   NMR   spectroscopy   is   a   technique   for   detecting   chemical   and   physical  

properties   of   hydrogen-containing  molecules.   The   technique   takes   advantage   of  

the  phenomenon  called  nuclear  magnetic  resonance,  i.e.,  the  behaviour  of  atoms  

when  exposed  to  electromagnetic  radiation  in  a  magnetic  field.  The  most  common  

use   of   1H  NMR   spectroscopy   is   in   organic   chemistry   as   a   tool   to   determine   the  

structure  of  chemical  compounds,  yet  it  is  increasingly  applied  in  biomedicine.  

Physical  background  
Certain   atomic   nuclei,   atomic   isotopes   that   have   an   odd   number   of   protons,  

neutrons  or  both,  have  a  property  called  spin,  a  magnetic  moment,  that  makes  the  

nuclei  sensitive  to  external  magnetic  fields.  One  of  the  types  of  nuclei  with  spin  is  

the  hydrogen  isotope  1H,  called  proton,  most  of  the  hydrogen  atoms  consisting  of  

this  isotope.  As  hydrogen  is  present  in  nearly  all  naturally  occurring  compounds,  

NMR   spectroscopy   targeted   in   detecting   protons   is   an   attractive   approach   for  

biomedical  studies.  

In  NMR  spectroscopy,  the  sample  containing  the  sensitive  isotopes  is  exposed  to  

an   external  magnetic   field,   which   causes   the   nuclei   to   align   to   different   energy  

states,  in  the  simplest  case  to  two  states,  either  with  or  against  the  magnetic  field.  

However,   the   nuclei   are   not   distributed   evenly   to   the   energy   states   but   when  

further   exposed   to   electromagnetic   radiation   some   of   the   nuclei   absorb   energy  

and  move  to  the  state  with  higher  energy.  Once  the  radiation  subsides,  the  nuclei  

gradually  return  to  their  original  state  releasing  electromagnetic  radiation,  a  free  

induction  decay  (FID),  which  the  NMR  machine  detects.  

Not   all   of   the   nuclei   in   a   molecule   react   in   the   same   way,   but   the   chemical  

environment   of   the   atom,   the   number   of   electrons   surrounding   the   proton,  

determines   the   frequency   of   the   radiation   needed   to   excite   the   nucleus,   the  

resonance  frequency  of  the  nucleus.  The  nuclei  with  more  electrons  around  them  

require  less  energy  to  be  excited  and  thus  resonate  at  a  lower  frequency.  The  more  

electronegative   atoms   or   functional   groups   in   proximity   of   the   nuclei,   the   less  

shielding   from   electrons   the   nuclei   get   as   the   electrons   are   drawn   towards   the  

electronegative   atoms.   Thus,   the   frequencies   of   the   electromagnetic   radiation  

released  when  the  nuclei  relax  contain  information  on  the  chemical  structures  of  

the   molecules   and   can   be   used   for   structure   elucidation   (used   in   organic  

chemistry)  or  for  molecule  identification.  

1H  NMR  spectra  
After  a  Fourier  transform  of  the  FID  signal,  the  output  of  an  NMR  spectrometer  is  

a  spectrum  of  peaks  of  various  sizes  and  shapes  positioned  along  a  frequency  axis  

according   to   the   chemical   shifts,   i.e.,   the   resonance   frequencies   scaled   by   the  

magnetic   field   strength  of   the  NMR   spectrometer,   of   each   unique  nucleus.  As   a  

single   molecule   usually   has   protons   in   more   than   one   type   of   chemical  

environment,   each  molecule  manifests   several   peaks.   The   characteristics   of   the  

peaks,   including   the   position,   intensity   and   multiplicity,   in   an   NMR   spectrum  
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contain   a   wealth   of   information   on   the   underlying   molecules.   For   molecule  

identification   not   only   the   chemical   shifts   of   the   peaks   pointing   to   specific  

functional  groups  in  the  chemical  neighbourhood  of  the  proton  are  of  importance  

but   several   signals   in   a   peak,   i.e.,   the   multiplicity   of   the   peak,   further   help   to  

determine  the  structure  by  reflecting  the  interactions  of  nearby  protons.  The  peak  

areas  are  proportional  to  the  number  of  protons  contributing  to  each  signal,  and  

therefore  the  intensity  values  can  be  used  for  molecule  quantification.  

The   1H  NMR  spectrum  of  a  biological  sample  containing  multiple  compounds,  

such  as  serum,  is  complex  with  hundreds  of  peaks.  As  an  example,   typical  NMR  

spectra  of  serum  and  urine  are  shown  in  Figure  2.  As   the  chemical  shift  scale   is  

limited,   peak   overlap   is   significant   in   many   parts   of   the   spectrum,   therefore  

complicating  the  identification  and  quantification  of  the  metabolites,  although  the  

redundancy   arising   from   one   molecule   manifesting   several   peaks   may   help   to  

overcome  this  issue.  Further  complexity  is  introduced  by  the  small  shifts  in  peak  

positions  occurring  from  sample  to  sample.  

  

  
Figure  2.  1H  NMR  spectra  of  two  biofluids  obtained  with  standard  settings:  a)  
serum,  b)  urine.  Some  of   the  peaks  are  annotated   to  metabolites.  The   figure   is  
modified  from  the  thesis  of  Ville-Petteri  Mäkinen  with  permission.    

28,   29.   Since   then,   the   knowledge   of   the   origins   of   the   peaks   has  

increased   greatly   and   nowadays   extensive   catalogues   exists  where   the   observed  

peaks  at  specific  chemical  shifts  with  specific  shapes  are  assigned  to  molecules21,  

30.  NMR  has  the  appealing  feature  that  it  detects  the  lipoprotein  profile;;  A  typical  
1H   NMR   spectrum   of   plasma   and   serum   contains   broad   signals   arising   from  

various   types   of   lipoproteins   (signals   annotated   -CH3,   (-CH2)n,   =CH-CH2,   -
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N(CH3)3  in  Figure  2a).  The  concept  of  using  1H  NMR  to  quantify  lipoproteins  and  
31,   32,   and   as   this   offers   a   more  

efficient  method  over  the  conventionally  used  ultracentrifugation,  applying  NMR-

based   lipoprotein   profiling   is   increasingly   being   applied   in   biomedical   research  

(e.g.,   Chasman   et   al.33,  Hodge   et   al.34).   The   broad   lipoprotein   signals,   however,  

hamper   the  detection  of   the   less-abundant  molecules.  These  metabolites   can  be  

observed  either  by   removing   the  proteins   from  the   sample  or  by  using   different  

NMR  pulse  sequences35,  36,  which  is  the  more  often  applied  approach.  

2.3   Metabolic  fingerprinting  vs.  quantitative  metabolomics  

The  outputs  from  the  metabolomics  measurements  are  information-rich,  complex  

spectra  where  thousands  of  peaks  represent  the  metabolites  detected  (e.g.  Figure  

2).   This   metabolite   data   can   be   used   as   such,   as   a   whole,   to   identify   typical  

patterns   of   changes   in   the   raw   metabolite   profile   that   relate   to   biological  

perturbations,   and   the   metabolites   contributing   to   these   patterns   can  

subsequently  be  identified.  Alternatively,  the  metabolomics  spectra  can  be  used  as  

a   source   of   individual   metabolite   data,   and   once   identified   and   quantified   the  

levels   of   the   metabolites   can   be   used   in   analyses   either   individually   or   in  

combination.  Both  approaches  have  their  benefits  and  limitations.  

The  former  use  of  the  data,  so  called  metabolic  fingerprinting,   is  the  approach  

the  first  metabolomics  studies  took  and  many  still  apply  (e.g.,  Jung  et  al.37).  Using  

the  whole  spectra  retains  all  the  metabolite  information,  however,  the  analyses  of  

the   complex   spectra   require   statistical   methods   capable   of   handling   the  

multivariate  data,   such  as  principal   component  analysis  or  partial   least   squares.  

The  interpretation  of  the  results  from  these  analyses  is  rarely  straightforward  and  

the  link  to  the  underlying  biology  can  be  lost.  

The   latter  approach,  quantitative  metabolomics,   is  becoming  more  popular,  as  

this   approach   allows   also   for   the   univariate   analyses,   analyses   conventionally  

applied   in   epidemiological   and   clinical   studies.  However,   the  quantification  and  

identification  of  the  individual  metabolites  from  the  spectral  data  is  a  challenging  

task   due   to   the   multitude   of   often   overlapping   and   shifting   peaks   and   is   thus  

commonly   done   manually   or   semimanually.   Another   downside   is   that   not   all  

peaks  can  be  annotated  to  specific  metabolites,  especially  with  MS  data.  

2.4   Applications  of  metabolomics  in  biomedical  research  

The   applications   of   metabolomics   are   numerous,   as   this   area   of   science   has  

exploded  during  the  past  decade.  Thus  only  examples  of  the  studies  and  findings  

from  studies  of  human  disease  and  metabolism  are  presented  below.    

One   of   the   first   human  metabolomics   studies   gave   high   hopes,   reporting   that  

the  NMR  profiles   of   blood   plasma  predicted   not   only   the   presence   but   also   the  

severity  of  coronary  heart  disease38.  These  claims,  however,  were  not  replicated  in  
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a   study   from   another   group   using   a   different   set   of   patients39,   raising   the  

possibility  that  the  original  findings  were  mainly  due  to  a  highly  selected  patient  

sample40.   More   successful   applications   to   cardiovascular   disease   and   other  

metabolic  conditions  have  been  published  since.  

Wang   et   al.   identified   a   novel   pathway   underlying   atherosclerosis   using  

unbiased   gas   chromatography   (GC)      MS41.   The   three   peaks   that   showed  

differences   between   the   cases   and   controls   in   two   cohorts   (75   cases   and   75  

controls  in  total)  were  identified  as  choline,  trimethylamine  N-oxide  and  betaine,  

and  the  levels  of  these  metabolites  predicted  cardiovascular  disease  risk  also  in  an  

independent  clinical  cohort.  Unlike  in  many  metabolomics  studies  up  to  date,  the  

group   went   further   to   elucidate   the   underlying  mechanisms   in   animal   models.  

The  metabolites  were  confirmed   to  be  derived   from  dietary  phosphatidylcholine  

and  to  associate  with  the  risk  of  atherosclerosis  through  a  pathway  involving  gut  

flora  that  promoted  the  formation  of  macrophage  foam  cells,  thus  highlighting  the  

role  of  both  dietary  regulation  and  manipulation  of  the  microbial  composition  in  

the  treatment  of  cardiovascular  disease.     Gut  microbiota  was  also  pointed  out  as  

one   of   the   contributing   factors   to   the   differences   in   urinary   1H   NMR   profiles  

between  different  population   samples   in  a   large   study  of  over  4,600   individuals  

from  China,  Japan,  UK  and  USA42.  The  authors  also   identified  potential  urinary  

biomarkers  for  blood  pressure.    

Aside  from  aiming  at  separation  between  two  groups,  the  metabolomics  data  in  

combination   with   suitable   multivariate   statistics   can   be   used   to   stratify  

individuals   into   metabolically   more   accurate   groupings   than   the   clinical  

definitions   allow.   Self-organizing  map   analysis   of   serum  NMR  data   from   4,309  

young  adults   revealed   that   there  was  no   single  metabolic  phenotype  underlying  

high   carotid   intima-media   thickness,   a   surrogate   marker   of   cardiovascular  

disease,  but  the  condition  was  described  by  three  distinct  profiles,  varying   levels  

of  blood   lipids  contributing  most   to   these  profiles43.  Another  study  applying  the  

same  methodology  in  613  type  I  diabetics  uncovered  the  biochemical  background  

and  the  complex  interactions  between  various  diabetic  complications  pinpointing  

the   limitations   of   conventional   definitions   in   classifying   the   high-risk  

individuals10.    

The  above  studies  analyzed  the  metabolomics  data  as  a  whole,  however  recently  

the  focus  has  shifted  on  quantitative  metabolomics.  Wang  et  al.   identified  novel  

biomarkers  for  type  2  diabetes  (T2D)  using  targeted  liquid  chromatography  (LC)  

   tandem   mass   spectrometry   (MS/MS)   to   profile   61   metabolites   from   serum  

samples   of   189   pairs   of   future   diabetics   and  matched   controls5.   Five   branched-

chain   (isoleucine,   leucine   and   valine)   and   aromatic   amino   acids   (tyrosine   and  

phenylalanine)   were   found   to   predict   the   development   of   diabetes   adding  

predictive  value  to  the  traditional  risk  factors,  and  the  findings  were  validated  in  

an  independent  large  lower-risk  cohort.  

Intriguingly,   a   few   other   recent   studies   have   also   pinpointed   the   role   of  

circulating  amino  acids  in  metabolic  disorders.  Newgard  et  al.  assayed  a  number  

of   conventional  metabolites   as   well   as  metabolites   with  MS/MS   and   GC-MS   in  
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obese   and   lean   individuals   (N   =   74   and   N   =   67,   respectively)44.   Among   other  

metabolites,  nine  amino  acids  had  significantly  different  concentrations  between  

the   groups.   Principal   components   analysis   of   the   metabolites   showed   that   a  

component   mainly   consisting   of   variance   from   branched-chain   amino   acids  

(BCAA;;  valine,  isoleucine  and  leucine)  contributed  significantly  to  the  separation  

between   the   lean  and  obese  and  also  associated  with   insulin   resistance.  Further  

investigation   in  an  animal  model   showed  that  BCAA  supplementation  with  high  

fat  diet  resulted  in  insulin  resistance  although  the  animals  gained  less  weight  than  

those  on  high  fat  diet  without  supplementation.  

In   another   study   from   the   same   group   the   potential   of   serum  metabolites   to  

discriminate  between  coronary  artery  disease  (CAD)  patients  and  healthy  controls  

was  evaluated45.  In  total  of  69  metabolites  were  measured  with  MS  from  test  (174  

cases,  174  controls)  and  replication  (140  cases,  140  controls)  sets.  Two  principal  

components  consisting  of  branched-chain  amino  acid  and  urea  cycle  metabolites  

associated   significantly  with   CAD.   Furthermore,   in   a   small   pilot-like   study   that  

combined   metabolomics   data   from   three   platforms   to   cover   a   larger   range   of  

serum  metabolites,  Suhre  et  al.  identified  the  branched-chain  amino  acids  as  one  

of  the  metabolite  groups  deregulated  in  diabetes46.    

As   metabolite   levels   only   provide   a   partial   view   to   the   whole   of   biological  

processes   in   human   body,   some   studies   have   analyzed   metabolomics   data   in  

concert   with   data   from   other   omics   platforms   in   order   to   provide   a   systems  

biology  view.  Inouye  et  al.  performed  the  first  study  that   combined  serum  NMR  

metabolomic,  transcriptomic  and  genetic  data47.  A  module  of  co-expressing  genes  

that   are   key   components   of   inflammation   and   allergy   associated   with   multiple  

metabolites.   Causal   network   inferred   using   the   genotype   data   revealed   that   the  

expression  of  the  module  was  reactive  to  the  levels  of  some  of  the  metabolites  and  

also   that   metabolite   levels   were   reactive   to   other   metabolites.   The   use   of  

metabolomics   data   in   genome-wide   association   studies   is   covered   in   Chapter  

5.4.2.  

To   summarize,   the   metabolomics   studies   have   uncovered   a   number   of   new  

potential   biomarkers   and   provided   hypotheses   for   the   mechanisms   underlying  

metabolic   conditions   therefore   clearly   supporting   the  use   of   the  hypothesis-free  

metabolomics   approach   in   further   studies.   Many   of   the   discoveries   have   been  

made   with   surprisingly   limited   sample   sizes.   As   metabolomics   data   from   large  

well-characterized   cohorts   becomes   available   many   more   discriminating   or  

predictive  metabolites   can  be   expected   to  be   found.  A  major  challenge,  as   in  all  

biomedical  research,  is  to  translate  the  findings  into  interventions  and  treatments  

or  tools  for  risk  evaluation  and  diagnostics.  One  step  on  the  way  is  to  gain  more  

knowledge  on  the  variability  of  the  discovered  metabolites  or  metabolite  profiles  

due  to  genetic,  gender,  age  and  environmental  differences.  
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3.   1H  NMR  serum  metabolomics  
platform  

This   chapter   presents   the   set-up   for   a   serum   1H   NMR  metabolomics   platform,  

reported  in  Publications  I  and  II,  designed  to  provide  high-throughput  metabolite  

data   for   clinical   and   epidemiological   studies   in   a   cost-effective   manner;;  

Publication  I  presents   the  three  molecular  window  approach  applied  to  obtain  a  

large   quantity   of   various   molecular   data   from   a   single   serum   sample   and  

Publication   II   describes   the   protocol   from   NMR   spectroscopy   details   and  

experiment  flow  to  the  data  handling  and  analyses.  The  platform  development  has  

been   a   group   effort   and   builds   on   the   expertise   of   people   from   various   fields,  

including  NMR  analytics  and  bioinformatics,  and  on  the  previous  work  from  the  

group  members10,  48-50.  

spectra   interpretation   and   analysis,   thus   the   platform   is   summarized   in   this  

chapter  from  this  perspective.    

3.1   1H  NMR  of  serum  -  Three  molecular  windows  (Publication  I)  

The   NMR   metabolomics   platform   is   designed   for   the   measurement   of   the  

metabolite   profile   of   blood   serum,   a   primary   body   fluid   reflecting   the  

biochemistry  of  the  whole  system  and  thus  suitable  for  the  study  of  systemic  and  

vascular  complications.  The  molecular  variety  in  serum  is  wide  ranging  from  large  

macromolecules   like   lipoprotein   particles   and   albumin   with   millimolar  

concentrations   to   small  analytes  with  minute  quantities  and   thus  not  detectable  

by   NMR.   The   signals   from   the   most   abundant   macromolecules   dominate   the  

NMR   spectrum  acquired  with   the   standard   settings   and   although   these   provide  

valuable  information  on  the  lipoprotein  particle  profile  the  broad  signals  hamper  

the  identification  and  quantification  of  the  smaller  molecules.  

To  facilitate  the  detection  of  as  much  of  the  metabolite  content  as  possible  from  

a   single   serum   sample,   the  NMR   experiments  were   targeted   to   three  molecular  

windows;;   Two  NMR  experiments   are   run   for   the  native   serum   sample   utilizing  

different  pulse  sequences  (Table  2)  to  acquire  a  variety  of  molecular  information,  

and  the  third  analysis  is  acquired  from  serum  lipid  extracts  providing  data  on  the  
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individual   lipid   molecules.   Figure   3   shows   typical   spectra   from   the   three  

molecular  windows  with  majority  of  the  peaks  annotated  to  metabolites.  

  

  
Figure  3.  The  three  molecular  windows  of  the  NMR  platform  with  majority  of  
the   peaks   annotated   to   the  metabolites   or   functional   groups   giving   rise   to   the  
signals.  LIPO  and  LMWM  windows  are  acquired   from  a  native   serum  sample  
and  contain   information  on   the   lipoproteins  and  small  molecules,   respectively.  
LIPID   window   is   acquired   from   serum   lipid   extracts   and   thus   shows   signals  
arising  from,  e.g.,  fatty  acids.  The  figure  is  courtesy  of  Antti  J.  Kangas.  
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The   lipoprotein   lipids   (LIPO)   window   represents   a   conventional   1H   NMR  

spectrum  of  serum  with  broad  overlapping  signals  arising  mainly  from  lipoprotein  

particles   and   albumin   and   a   few   sharp   peaks   from   smaller   molecules  

superimposed   on   the   round   shapes   (the   top   section   in   Figure   3).   The   size   and  

shape   of   some   of   the   broad   peaks   (methyl,   -CH3,   at   0.8   ppm   and   methylene,  

-CH2-,  at  1.3  ppm)  in  the  spectrum  reflect  the  lipoprotein  particle  distribution  in  

detail;;  these  signals  are  superpositions  of  the  signals  arising  from  the  lipoprotein  

subclasses.  Therefore  various  lipoprotein  subclass  particles  and  measures  can  be  

derived  from  these  peaks  with  mathematical  modelling.  The  zoom-ins  in  Figure  3  

show  how   the   signals   from   the   individual   subclasses   contribute   to   the  observed  

peak  shapes.  

Further  peaks   from  the  smaller  molecules  are  revealed  when  a  pulse  sequence  

that  suppresses  the  majority  of  the  signals  from  lipoproteins  (Table  2)  is  applied.  

Thus,  the  low-molecular-weight  metabolites  (LMWM)  window  features  a  number  

of   sharp   signals   that   can  be   assigned   to   tens  of  different  molecules   (the  middle  

section   in   Figure   3).   For   example,   the   spectrum   features   signals   from   various  

amino   acids   including   alanine   (peaks   at   1.5   ppm),   valine   (at   1.0   ppm)   and  

glutamine  (at  2.5  ppm),  and  other  small  molecules,  e.g.,  creatinine  (at  3.1  and  4.1  

ppm).  Also  some  residual  signals   from  lipoproteins  are  present  (mobile   lipids  at  

0.8,   1.3   and   5.3   ppm).   In   combination  LIPO   and  LMWM  windows   are   likely   to  

contain  most  of  the  information  on  the  molecules  observable  by  1H  NMR  of  native  

serum.  

The   lipid   extraction   procedure   breaks   down   the   lipoprotein   particle   structure  

uncovering  the  various  lipid  and  fatty  acid  species  within  the  particles.  The  signals  

in  the  NMR  spectrum  acquired  from  the  lipid  extracts  (LIPID  window,  the  bottom  

section  Figure  3)  arise  from,  e.g.,  various  fatty  acid  (FA)  groups  including   -3  and  

-6  FAs   (e.g.,  at  ~0.95  ppm),  and  other   types  of   lipids   including  sphingomyelin  

(e.g.,  at  3.3  ppm),  phosphatidylcholine   (e.g.,  at  3.4  ppm)  and  free  and  esterified  

cholesterol  (e.g.,  at  0.6  ppm).  In  addition,  some  detailed  molecular  characteristics  

can  be  derived  from  the  signals  including  the  average  number  of  double  bonds  in  

a  FA  chain  and  a  measure  for  the  average  FA  chain  length.  

3.2   Experiment  flow  (Publication  II  and  other  data)  

To  ensure  the  high-throughput  and  minimize  experimental  variation  the  sample  

preparation  and  analysis  have  been  highly  optimized  utilizing  the  latest  robotics-

controlled   laboratory   tools  and  NMR  spectrometer  components.  As  each  sample  

undergoes  the  same  protocol,  the  results  also  from  different  study  sets  should  be  

directly  comparable  in  terms  of  the  NMR  experimentation.  Figure  4  illustrates  the  

structure  of  the  platform  and  the  analysis  flow  of  the  metabolomics  experiments.  
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Figure   4.   An   illustration   of   the   components   and   the   analysis   flow   in   the  
metabolomics  platform.  The   roman  numerals  refer   to   the  order  of   the   steps   in  
sample  preparation  and  measurement.  The  original  figure  and  text  are  courtesy  
of  Antti  J.  Kangas  and  Pasi  Soininen  and  modified  with  permission.  
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Table  2.  The  experimental  parameters  for  the  three  molecular  windows  used  in  
the  NMR  measurements.  

   LIPO   LMWM   LIPID  
Data  points  (k)   80   64   64  
Transients   8   24   32  
Acquired  after   4  dummy  scans   4  dummy  scans   4  dummy  scans  
Excitation  pulse   Automatically  calibrated   Automatically  calibrated   Fixed  length  

Water  peak  suppression  

Bruker  noesypresat:  
presaturation  during  
relaxation  delay  

(irradiation  field  of  25  
Hz),  10  ms  mixing  time  
and  a  spoil  gradient  

Presaturation  during  
relaxation  delay  

(irradiation  field  of  25  
Hz)  

-  

Filter   -  
78  ms  T2-filter  with  a  
fixed  echo  delay  of  403  

µs  
-  

Acquisition  time  (s)   2.7   3.3   3.3  
Relaxation  delay  (s)   3   3   3  
Measurement  

   37   37   22  

Preprocessing  of  FID  
Zero-filled  to  (k)   128   128   128  
Line  broadening  (Hz)   1   1   0.5  
  

The   NMR   experimentation   of   the   LIPO   and   LMWM   windows   requires   little  

sample   preparation;;   The   serum   samples   stored   in   a   freezer   at   -80°C   are   fist  

thawed  in  a  refrigerator  (+4°C)  overnight,  then  mixed  and  centrifuged  (3400  ×  g)  

for   two   minutes,   and   finally   300   l   of   serum   is   mixed   with   300   l   of   sodium  

phosphate   buffer.   A   liquid   handler   (Gilson   Liquid   Handler   215)   automatically  

prepares  the  samples  directly  to  NMR  tubes  (outer  diameter  5  mm)  in  a  process  of  

slowly  mixing  and  aspirating  the  serum  and  buffer  to  avoid  sample  foaming.  The  

sample  preparation  process  for  96  samples  takes  approximately  2  hours.  

The  prepared  samples  in  96-tube  racks  are  inserted  to  a  robotic  sample  changer  

(Bruker  SampleJet)  mounted  on  top  of  a  Bruker  NMR  spectrometer.  The  sample  

changer  can  hold  up  to  five  well  plates  at  a  time  (480  samples)  and  it  is  equipped  

with  a  cooling  unit  to  keep  the  samples  at  a  refrigerator  temperature  (+6°C)  while  

awaiting  for  the  measurement.  Additionally,  the  SampleJet  includes  a  pre-heating  

unit  to  warm  the  samples  to  a  physiological  temperature  (+37.5°C;;  0.5°C  of  heat  

is   lost   during   the   sample   transfer   into   the   spectrometer)   just   before   the   NMR  

experiment,  thus  minimizing  the  time  needed  for  temperature  stabilization  inside  

the  magnet.    

The   1H   NMR   experimentation   is   performed   with   a   Bruker   AVANCE   III  

spectrometer  operating  at  500.36  Hz  (11.74  T)  and  dedicated  to  the  metabolomics  

measurements.   The   spectrometer   is   equipped   with   the   latest   components,  

including   an   inverse   selective   probehead,   that   enable   high   sensitivity   in   the  

analysis  and  thus  facilitate  metabolite  quantification.  The  total  time  required  for  

LIPO  and  LMWM  measurements  and  spectra  preprocessing  is  less  than  9  minutes  

per  sample,  while  with  the  previous  manual  experimentation  used  in  Publication  I  
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the  corresponding  time  was  about  30  minutes.  The  experimental  details  for  LIPO  

and  LMWM  windows  are  given  in  Table  2.  

As  NMR  experimentation  is  non-destructive  to  the  sample,  the  sample  used  for  

LIPO  and  LMWM  measurements  can  be  stored  for   later  use,   including  the   lipid  

extraction   and   LIPID   window   measurement.   Currently,   the   lipid   extraction  

protocol   is   done  manually   as   specified   in   Publication   I,   but   automation   of   the  

procedure   is   in   progress.   The  manual   extraction,   however,   poses   no   bottleneck  

time-wise   as   the   throughput   per  week   (500   samples)  meets   the   capacity   of   the  

NMR  spectrometer.  The  experimental  details  for  the  LIPID  window  are  in  Table  2  

and  the  measurement  lasts  approximately  10  minutes.    

An   essential   part   of   the   platform   is   the   storage   of   the   vast   amounts   of   data  

generated.  The  data  from  the  experiments  as  well  as  other  metadata  are  stored  to  

a  dedicated  server  to  a  centralised  data  base  from  where  it  can  be  easily  accessed  

and  analysed  with  the  analysis  tools  incorporated  or  other  software.  

3.3   Data-analysis  example:  Self-organizing  map    

One   of   the   data-analysis   and   visualization   tools   incorporated   to   the   platform   is  

self-organizing  map  (SOM).  SOM  is  an  unsupervised  pattern  recognition  method  

that   projects   the   multidimensional   metabolomics   data   onto   a   two-dimensional  

map,  the  metabolically  similar  samples  residing  close  to  each  other  and  dissimilar  

further   apart.   With   the   statistical   colourings   implemented   (Mäkinen   et   al.10,  

Publication  I),  SOM  provides  a  powerful  approach  for  simultaneous  visualization  

and  comparison  of  various  metabolic  (NMR)  and  clinical  (external)  features  and  

their  relationships.  The  SOM-analysis  does  not  require  metabolite  quantification  

but  can  use  the  NMR  spectra  as  an  input  and  thus  is  a  suitable  first-stage  analysis  

approach.  

In  Publication   I   the   SOM  approach  was   used   in   the   analysis   of   the  metabolic  

characteristics  of  mild  cognitive   impairment  (MCI),  a   transitional  stage  between  

normal  cognition  and  dementia.  The  NMR  spectra  data  from  the  three  molecular  

windows  from  180  serum  samples  were  analysed.  Although  the  study  sample  was  

limited,  the  metabolic  features  captured  in  the  serum  NMR  spectra,  i.e.,  systemic  

metabolism,  were  reflective  of   the  cognitive  decline  and  resulted   in  a  significant  

cluster  of   the  MCI  samples.  Selected  signals  were  quantified   from  the  spectra   to  

further  analyze  the  contribution  of  the  metabolites  to  the  observed  distribution  of  

the   samples   on   the   SOM.   A  metabolic   characteristic   that   coincided   remarkably  

well  with  the  high  proportion  of  MCI  cases  on  the  map  was  a  low  relative  amount  

of   -3   fatty   acids.   This   finding   provided   another   perspective   on   the   role   of  

polyunsaturated  fatty  acids  in  dementia  development51.  

With   the   platform   running   the   metabolomics   measurement   of   considerably  

larger,   epidemiological,   data   sets   is   now   possible.   In   Publication   II   the  

metabolomics  data  (LIPO  and  LMWM)  from  4470  serum  samples  were  analysed  
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with   SOM   to   exemplify   how   the   data-driven  metabolic   phenotyping   with   NMR  

metabolomics  data  reflects  metabolic  syndrome  and  its  components.    

3.4   Metabolite  quantification  

To   facilitate  quantitative  metabolomics  and  the  use  of  NMR  as  an  alternative   to  

standard  laboratory  assays,  models  for  automated  metabolite  quantification  from  

the  NMR  spectra  have  been  developed.  As  these  models  are  yet  to  be  published,  

detailed   data   on   the  models   and   their   performance   cannot   be   presented   in   this  

thesis.    

The   deconvolution   of   lipoprotein   measures   from   the   largely   overlapping   and  

broad  peaks  of  the  LIPO  window  is  not  straightforward.  For  the  LIPO  window  we  

have   implemented  models   for   14  different   lipoprotein  subclasses   including   their  

lipid   and  particle   concentrations   (Table  3  presents   the   subclasses,   particle   sizes  

and  measures),  as  well  as  other  serum  lipoprotein  and  lipid  measures,  e.g.  serum  

triglycerides.  In  total  90  measures  are  quantified  from  the  LIPO  window.  

The   quantification   bases   on   regression   models   similar   to   those   presented   by  

Vehtari   et   al50   as  we  have  observed   that   regression  models   perform  better   than  

the   line   fitting-based   approaches   in   the   lipoprotein   quantification.   All   models  

were   calibrated   via   NMR-independent   measures   from   high-performance   liquid  

chromatography   (HPLC)   and   cross-validated   to   evaluate   the   performance.   The  

average  r2  for  the  measures  from  HPLC  and  NMR  is  0.75  (SD  =  0.14)  with  73%  of  

the   models   having   r2   >   0.7.   Utilizing   a   similar   approach   Bruker   has   recently  

developed   a   commercial   package   for   lipoprotein   subclass   quantification.   As   an  

example   of   the   accuracy   of   the   lipoprotein   measure   quantification   from   NMR  

spectra   a   comparison   between   the   enzymatically   measured   serum   triglycerides  

and  the  NMR  measured  triglycerides  is  given  in  Figure  5.    

Due  to   the  sharper  peaks  and   less  extensive  overlap   in   the  LMWM  and  LIPID  

windows  the  method  of  choice  for  metabolite  and  lipid  signal  quantification  from  

LMWM   and   LIPID   spectra,   respectively,   was   initially   iterative   lineshape   fitting  

analysis  (Figure  6)  done  using  software  from  PERCH  Solutions  Ltd.  However,  in  

the   latest   quantification   protocol   the   metabolites   also   from   these   windows   are  

quantified   using   regression   models,   which   perform   more   efficiently   time-wise.  

The   metabolites   were   identified   using   multidimensional   NMR   spectra   and  

literature   references   of   chemical   shifts   and  peak   shapes6.      As  material   loss  may  

occur  during  the  lipid  extraction  procedure,  the  data  from  LIPID  window  is  scaled  

with  the  ratio  of  the  total  cholesterol  signals  from  LIPO  and  LIPID  windows.  This  

approach   assumes   the   loss   of  material   is   equal   for   all   lipid   species.   In   total   22  

metabolites   are   currently   quantified   from   the   LMWM   spectra   and   15   from   the  

LIPID  spectra.  As  an  example  of  the  accuracy  of  the  small  molecule  quantification  

the  creatinine   levels  measured  via  conventional   laboratory   techniques  and  NMR  

from  the  same  serum  samples  are  compared  in  Figure  5.  
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Altogether   117  metabolites   are   currently  quantified   from  serum  samples  using  

the  NMR-based  platform.  The  metabolites  and  their  roles  in  human  metabolism  

are  overviewed  in  the  next  chapter.  

  
Table  3.   The   lipoprotein   subclasses  and   lipid   components  quantified   from   the  
NMR  spectra.  The  components  that  can  be  reliably  quantified  for  each  subclass  
are  marked  with  an  x.  

Lipoprotein  
subclass  

Average  
diameter  
(nm)  

TC   FC   CE   PL   TG   TL   [P]  

Chylomicrons  and  
extremely  large  
VLDL  

75  upwards   -   -   -   x   x   x   x  

Very  large  VLDL   64   -   -   -   x   x   x   x  
Large  VLDL   53.6   x   x   x   x   x   x   x  
Medium  VLDL   44.5   x   x   x   x   x   x   x  
Small  VLDL   36.8   x   x   -   x   x   x   x  
Very  small  VLDL   31.3   -   -   -   x   x   x   x  

IDL   28.6   x   x   -   x   x   x   x  
Large  LDL   25.5   x   x   x   x   -   x   x  
Medium  LDL   23.0   x   -   x   x   -   x   x  
Small  LDL   18.7   x   -   -   -   -   x   x  
Large  HDL   14.3   x   x   x   x   x   x   x  
Medium  HDL   12.1   x   x   x   x   -   x   x  
Small  HDL   10.9   x   x   x   x   -   x   x  
Very  small  HDL   8.7   -   -   -   -   x   x   x  
TC,   total   cholesterol;;   FC,   free   cholesterol;;   CE,   cholesterol   esters;;   PL,  
phospholipids;;  TG,  triglycerides;;  TL,  total  lipids;;  [P],  particle  concentration.  
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Figure  5.  Comparison  of  the  NMR  measured  triglycerides  and  creatinine  to  the  
corresponding   measures   obtained   with   conventional   laboratory   assays.   The  
figure  is  courtesy  of  Pasi  Soininen.  
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Figure  6.  An  example  of  the  line  shape  fitting  procedure.  The  figure  is  courtesy  
of  Antti  J.  Kangas.  

3.5   Discussion  

Over  the  past  decade  many  research  groups  have  set  up  mainly  NMR  or  MS-based  

metabolomics   protocols   and   commercial   platforms   have   also   emerged.   The  

metabolomics   data   from  NMR  overlaps   only   partly  with   the  metabolomics   data  

from  MS-based  platforms  and   thus   the   two  approaches  provide   complementary  

information.  The  metabolites  unique   to  NMR  are  mainly   arising   from   the  LIPO  

window,  as  MS-based  methods  typically  are  not  capable  of  detecting  lipoproteins.  

However,   with  MS   a  multitude   of   other   detailed  molecular   information   can   be  

captured.    

In  general,  NMR-based  approaches  are  less  expensive  compared  to  various  MS  

metabolomics   approaches   largely   due   to   the   minimal   sample   preparation   and  

measurement   time  required   in  NMR  experimentation.  However,  methods  are   in  

constant   development   and  MS   profiling   of   over   250   serum  metabolites   can   be  

achieved  in  24  minutes14.  In  terms  of  the  throughput  and  automated  analyses  the  

serum  

For   example,   another   NMR-based   metabolomics   platform   designed   for   large-

scale  metabolic  profiling  offers  the  measurement  of  48  plasma  or  serum  samples  

or   120   urine   specimens   per   day27,   52   but   currently   offers   automated   or  

semiatomated   quantification   of   only   a   small   number   of   metabolites27.   A  

commercial  Chenomx  platform  uses   their  patented  Targeted  Profiling   technique  

for   metabolite   quantification   from   NMR   data   promising   rapid   and   accurate  

analyses,  however,  no  information  on  the  details  of  this  method  was  available  on  

the  company  website  (http://www.chenomx.com/,  accessed  24.11.2011).      

NMR-based   metabolite   profiling   can   be   used   for   all   kinds   of   fluids   and   also  

tissues.  This  platform  was  optimized  for  serum,  mainly  due  to     interest  

in   vascular   problems,   this   biofluid   providing   a   source   of   relevant   metabolite  

information   to   these   studies.   Plasma   is   a   fluid   similar   to   serum,   but   contains  
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clotting  factors,  and  could  have  served  as  an  alternative  for  the  target  biofluid.  It  

has   been   reported,   using   MS-based   metabolomics,   that   plasma   measures   of  

metabolites   are   less   variable   than   the   corresponding  measures   from  serum,  but  

also   that   the  metabolite  concentrations  are  higher   in   serum  53.  We  have  noticed  

that  more  metabolites   can  be  quantified   from  serum  NMR  spectra   compared   to  

plasma.   Work   is   ongoing   to   adjust   the   platform   and   metabolite   quantification  

models  also  for  plasma  samples.  

NMR   analyses   are   highly   reproducible,   however,   some   variability   can   be  

introduced   during   sample   storage   and   handling.   Too   high   sample   storage  

temperature  and  an  increasing  number  of  freeze-thaw  cycles  can  have  an  effect  on  

NMR   signals,   especially   those   arising   from   lipoproteins54-57.   In   our   analyses  we  

have   observed   that   samples   stored   in   -80°C   produce   a   highly   similar   spectrum  

and   result   in   similar   quantification   values   for   metabolites   even   after   years   of  

storage.  Repeated  freezing  and  thawing  of   the  sample  appears   to  be  a  more  of  a  

critical   factor,   however,   significant   effects   begin   to   appear   only   after   several  

freeze-thaw   cycles.   Furthermore,   as   the   sample   preparation   is   automated,   with  

the   exception   of   the   lipid   extraction,   the   variation   introduced   in   this   step   is  

minimal.  

Quantification  of  further  metabolites  could  be  facilitated  to  some  extent  using  a  

spectrometer  with  stronger   field  strength  or  using   longer  acquisition   times.  The  

NMR  analyses  were,  however,  optimized  for  the  set-up  presented  in  this  chapter  

to  allow  for  cost-effective  and  high-throughput  metabolomics  analyses.  Thus,  the  

platform  has  provided  metabolite  profiles  and  quantitative  data  on  more   than  a  

hundred  metabolites  for  several  population-based  studies.  The  platform  has  been  

running   for   roughly   three   years,   and   several   published   papers   have   utilized   the  

data  from  the  platform43,  47,  58-65.  
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4.  Metabolic  context  of  the  NMR  
measured  metabolites  

The   NMR   metabolomics   platform   presented   in   the   previous   chapter   currently  

allows   for   the  quantification  of   in   total  117  metabolites   from  three  NMR  spectra  

acquired   from   a   fasting   serum   sample   or   the   lipid   extracts   of   the   sample.   The  

quantified  metabolites,  which  are  summarized  in  Table  4,  are  not  selected  based  

on   suspected   role   in   cardiometabolic   diseases   but   rather   represent   the   most  

abundant   serum   metabolites   and   thus   observable   by   NMR.   The   metabolomics  

protocol  was  utilized  in  Publications  III  and  IV  to  obtain  quantitative  metabolite  

data.   This   chapter   gives   a   brief   overview   to   the   quantified  metabolites   and   the  

primary  pathways  they  are  involved  in  and  connected  by  in  the  context  of  human  

metabolism.  As  the  greatest  proportion  of  the  quantitative  metabolite  information  

is   lipoprotein-related   and   as   Publication   III   largely   focuses   on   lipoproteins,   a  

major  emphasis  in  this  chapter  is  on  these  metabolites  and  their  metabolism.    
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Table   4.   The  metabolites   quantified   via   the   NMR   platform   grouped   together  
according  to  the  metabolite  type  and/or  metabolic  pathways  the  metabolites  are  
involved   in,   i.e,   not   necessarily   according   to   the   molecular   windows   the  
metabolites   are   quantified   from.   Only   the   particle   class   for   each   lipoprotein  
subclass  is  given  in  the  table;;  the  lipid  components  quantified  for  each  subclass  
are   given   in   Table   3   and   Appendix   I,   which   lists   all   the  metabolite  measures,  
including  the  derived  measures  and  metabolite  ratios,  analyzed  in  Publications  
III  and  IV.    

Lipoprotein  
measures  

Lipids  and  related  
metabolites  

Glycolysis  and  citric  
acid  cycle  
metabolites  

Ketone  bodies  

Extremely  large  VLDL   Total  fatty  acids   Citrate   3-hydroxybutyrate  

Very  large  VLDL   Polyunsaturated  fatty  
acids   Glucose   Acetoacetate  

Large  VLDL   -3  fatty  acids   Lactate   Waste  products  
Medium  VLDL   -6  fatty  acids   Pyruvate   Urea  

Small  VLDL   -9  and  saturated  fatty  
acids   Amino  acids   Creatinine  

Very  small  VLDL   Docosahexaenoic  acid   Alanine   Other  metabolites  
IDL   Linoleic  acid   Glutamine   Glycoproteins  
Large  LDL   Total  cholesterol   Histidine   Acetate  
Medium  LDL   Free  cholesterol   Isoleucine     
Small  LDL   Esterified  cholesterol   Leucine     
Very  large  HDL   Total  triglycerides   Phenylalanine     
Large  HDL   Total  phosphoglycerides   Tyrosine     
Medium  HDL   Total  cholines   Valine     
Small  HDL   Phosphatidylcholines        
TC   Sphingomyelins        

TG   3  signals  from  mobile  
lipids        

LDL-C   Albumin        
HDL-C   Glycerol        
VLDL,   very-low-density   lipoproteins;;   IDL,   intermediate-density   lipoproteins;;  
LDL,   low-density   lipoproteins;;   HDL,   high-density   lipoproteins;;   LDL-C,   LDL  
cholesterol;;  HDL-C,  HDL  cholesterol.  

4.1   Lipoproteins  

Lipids,   including   cholesterol,   triglycerides   and   phospholipids,   are   essential  

components   for  many  molecular   reactions   and   cell  membrane   composition   and  

serve   as   an   important   source   of   energy.   Due   to   their   poor   solubility   to   blood,  

lipids  are  transported  in  lipoprotein  particles,  which  are  complexes  of   lipids  and  

lipid-binding   proteins,   apolipoproteins2.   Thus,   lipoproteins   are   key   players   in  

human   metabolism   and   abnormal   lipoprotein   levels,   dyslipidemia,   is   an  

acknowledged  risk  factor  for  cardiovascular  disease.  
     

                                                                                                                                        
2  The   levels  of  apolipoproteins  B  and  A1  can  be  estimated  from  the  quantified  NMR  lipids  
using  the  so-called  extended  Friedewald  formula152  
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4.1.1   Composition  and  classification  

Lipoproteins  are  spherical  particles   that  have  a   lipid-rich  core  consisting  mainly  

of   hydrophobic   lipids,   i.e.,   esterified   cholesterol   and   triglycerides,   and   a  

hydrophilic   surface   layer   of   mainly   unesterified   cholesterol,   phospholipids   and  

apolipoproteins.   Lipoproteins   are   a   heterogeneous   group   of   particles   with  

different   particle   size,   density   and   both   lipid   and   apolipoprotein   compositions.  

Each  of  these  characteristics  can  be  used  to  categorize  the  particles.  A  commonly  

applied   criterion   is   the  density,   by  which   lipoproteins   can  be   classified   into   five  

distinct   groups:   chylomicrons   (CM),   very-low-density   lipoproteins   (VLDL),  

intermediate-density   lipoproteins   (IDL),   low-density-lipoproteins   (LDL)   and  

high-density  lipoproteins  (HDL);;  the  less  dense  the  particles  the  larger  they  are  in  

size  and  compose  of  more  lipids  than  protein.  The  basic  properties  of  these  classes  

are  given  in  Table  5  and  illustrated  in  Figure  7a.  

The  lipoprotein  classes  HDL,  LDL  and  VLDL  are  heterogeneous  composites  and  

can   further  be   subdivided   into  more  detailed   lipoprotein  subclasses   that   further  

differ  in  size  and  composition.  Lipoprotein  subclasses  have  become  of  interest  as  

different   subclasses  may   exhibit   different   functions66,   67.   The   role   of   lipoprotein  

subclasses  as  well  as  the  lipoprotein  particle  number  has  been  debated  especially  

with  regards  to  cardiovascular  risk67-70.  The  NMR  platform  quantifies  14  different  

lipoprotein   subclasses   and   a   number   of   lipid   components   for   each   particle   type  

(Tables  3  and  4).  

  

Table   5.   Density,   diameter,   main   apolipoprotein   constituents   and   weight  
percentages  for  the  lipid  components  for  the  main  lipoprotein  fractions.  

Particle   Density  
(g/ml)  

Particle  
diameter  
(nm)  

Main  
apos  

%TG   %C   %PL   %PROT  

CM   <  0.95   100-500   apoB   84   8   7   <  2  
VLDL   0.95-1.006   30-80   apoB   50   22   18   10  
IDL   1.006-1.019   25-50   apoB   31   29   22   18  
LDL   1.019-1.063   18-28   apoA   4   50   21   25  
HDL   >  1.063   5-15   apoA   8   30   29   33  
Apo,   apolipoprotein;;   TG,   triglyceride;;   C,   cholesterol;;   PL,   phospholipid;;   PROT,  
protein.  Modified  from  Biochemistry  2nd  Edition,  1995,  Garret  &  Grisham.  

  

The   lipoprotein  metabolism   is   a   complex   interplay   of   the   various   lipoprotein  

particles,   lipid  transfer  proteins,  cell   surface  receptors  and  enzymes.  Briefly,   the  

functions   of   the   five   lipoprotein   classes   are   the   following   (Figure   7b):   The   CM,  

VLDL   and   IDL   particles   transfer   dietary   (CM)   or   internally   synthesized   (VLDL  

and   IDL)   triglycerides   to   peripheral   tissues,   and   the   LDL   and   HDL   particles  

function  in  maintaining  the  cholesterol  homeostasis  by  transporting  cholesterol  to  

(LDL)  and   from  (HDL)   tissues.  The   following  paragraphs   and  Figure  8  describe  

these  processes  in  more  detail.    
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Figure   7.   Illustrations   of   a)   the   lipoprotein   particle   composition   and   the   five  
main   classes   of   lipoproteins,   and   b)   the   primary   processes   in   lipoprotein  
metabolism.  The  figure  is  modified  from  the  thesis  of  Ville-Petteri  Mäkinen  with  
permission.  

4.1.2   Lipoprotein  metabolism  

Chylomicrons   are   formed   in   the   epithelial   cells   of   the   small   intestine   from   the  

dietary   lipids,   a   majority   of   which   are   triglycerides,   and   apolipoprotein  

components,  apolipoprotein  B-48  being  specific  for  CM  particles.  After  secretion  

to   the   blood   stream   the   CM   particles   rapidly   transport   the   triglycerides   to  

extrahepatic   tissues,   e.g.,   muscle   and   adipose   tissue,   where   lipoprotein   lipase  

(LPL)  first  hydrolyzes  the  triglycerides  before  taking  the  fatty  acids  in  the  tissue.    

The   delipidated   CMs,   chylomicron   remnants,   consisting   mainly   of  

apolipoproteins   and   cholesterol,   are   taken   up   by   the   liver  mainly   through   LDL  

receptor  (LDLR)  or  LDLR  related  proteins  (LRP)71.  Chylomicrons  are  only  present  

in   human   circulation   in   the   postprandial   state,   thus   lipoprotein  measures   from  

fasting  blood  do  not  include  CMs.  

The  triglycerides  synthesized  in  liver  are  packed  to  VLDL  particles,  which,   like  

CMs,  transport  triglycerides  to  peripheral  tissues,  but  are  considerably  smaller  in  

size   and   contain   apolipoprotein   B-100.   The   secretion   of   VLDL   particles   to   the  

bloodstream  starts  the  delipidation  cascade,  in  which,  with  depleting  TG  content,  

VLDL  particles  gradually   turn   into  IDL  and  finally   to  LDL  particles   that  contain  

only   small   amounts   of   TG.   The   triglycerides   from   VLDL   and   IDL   particles   are  

internalized  through  the  actions  of  LPL72  and  hepatic  lipase  (HL)  the  latter  mainly  

hydrolyzing   triglycerides   from   the   smaller   particles   (IDL   as   well   as   LDL   and  

HDL)73.  The   end  products   of   the  delipidation   cascade,   LDL  particles,  have   little  

triglycerides   and   the   major   lipid   component   is   cholesterol   esters.   The   LDL  

particles   are   internalized   through   the   LDLR   on   the   cell   surface   to   peripheral  
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tissues   and   the   liver,   where   the   particles   are   broken   down   to   obtain   the  

cholesterol.  

The  metabolism  of  HDL  particles  is  more  complex  than  of  the  other  lipoprotein  

classes   involving   multiple   steps,   and   describing   these   processes   in   all   detail   is  

beyond  the  scope  of   this   thesis.  Therefore  only   the  primary  steps  and  mediators  

are   touched   upon.   The   pre-forms   of   HDL,   so   called   pre-beta   HDL   particles   or  

nascent  HDL,  are  formed  when  apoA-1,  the  primary  apolipoprotein  component  of  

HDL,   first  acquires  phospholipids  and  free  cholesterol   from  liver  and  peripheral  

tissues   through   ATP-binding   cassette   transporter   A1   (ABCA1)74.   The   discoidal  

pre-beta   HDL   particle   matures   first   to   a   small   spherical   HDL   particle   and  

subsequently   to   a   larger  HDL,  when   lecithin-cholesterol   acyltransferase   (LCAT)  

converts  the  free  cholesterol  in  the  HDL  particle  to  cholesterol  ester  that  is  moved  

to   the  core  of   the  particle   resulting   in  a   concentration  gradient  allowing   further  

free  cholesterol  to  flow  into  the  particle75.  Also,  ATP-binding  cassette  transporters  

G1   (ABCG1)   and   G5   (ABCG5)   facilitate   the   flow   of   free   cholesterol   and   further  

phospholipids   from   peripheral   tissues   to   the   various   HDL   particles76.   The  

cholesterol  esters  mainly  from  the  mature  large  HDL  particles  are  donated  to  liver  

through   scavenger   receptor   class   B   member   1   (SR-BI)   protein   and   the   lipid-

depleted  HDL  particles  again  enter  the  HDL  maturation  process.  

HDL  particles  undergo  constant  remodelling  and  interact  with  other  lipoprotein  

particles  through  the  actions  of  lipases  and  enzymes  like  cholesterol  ester  transfer  

protein  (CETP),  phospholipase  transfer  protein  (PLTP)  and  LCAT.  CETP  transfers  

cholesterol   esters   from   HDL   particles   to   TG-rich   lipoproteins   concomitantly  

transferring   TG   to  HDL,   resulting   in   smaller   TG-enriched  HDL  particles.   PLTP  

transfers  phospholipids  between  VLDL  and  HDL  and  also  between  different  HDL  

particles.  It  also  modulates  HDL  particle  size77.      
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Figure  8.   A   schematic   illustration   of   the   endogenous   lipoprotein  metabolism.  
The  figure  is  modified  from  Figure  3  of  Publication  III.  

4.1.3   Lipoprotein  measurements  

There   are   various  methods   for  measuring   lipoproteins   that   isolate   the   particles  

based   on   their   different   properties.   The   methods   include   ultracentrifugation,  

precipitation,   electrophoresis,   chromatography,   enzymatic   methods   and   NMR.  

The   gold   standard   for   lipoprotein   subclass   isolation   is   ultracentrifugation   that  

separates  different   classes  based  on   their  density.  As  many  of   the  measurement  

methods   are   tedious   (e.g.,   ultacentrifugation78),   the   lipoproteins   are   rarely  

characterized   comprehensively   for   clinical   purposes,   but   only   levels   of   TC,   TG,  

HDL-C  and  LDL-C  are  regularly  assessed  with  enzymatic  laboratory  assays.  LDL-

C   is   occasionally   determined   through   a   mathematical   formula,   Friedewald  

formula,  which  estimates  the  amount  of  LDL-C  from  the  levels  of  the  three  other  

lipid   measures.   The   measurement   of   the   lipoprotein   subclasses   with   NMR  

contrasts   favourably   to   the  other  available  methods,  as   the  quantification  of   the  

lipoprotein   data   can   be   achieved   in   a   single  measurement   lasting   less   than   10  

minutes36.  
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4.2   Other  quantified  metabolites  

In  addition  to   lipoproteins,   the  metabolomics  platform  allows  the  quantification  

of   a   number   of   other   metabolic   intermediates.   Many   of   these  metabolites   play  

multiple   roles   and   are   involved   in   various   metabolic   pathways,   thus   only   the  

primary   catabolic   and   anabolic   processes   of   the   metabolites   are   touched   upon  

below.  

4.2.1   Lipids  and  related  metabolites  

The  lipid  extraction  procedure  breaks  down  the  lipoprotein  particle  structure  and  

thus  enables  the  detection  of  the  aggregates  of  the  lipid  components  carried  in  the  

particles.   This   data   includes   information   on   various   types   of   fatty   acids,   for  

example,  the  total  amounts  of   -3  and   -6  FA.  Two  specific  fatty  acid  species  are  

quantified;;   linoleic   acid   (LA),   an   -6   FA   essential   for   humans,   i.e.,   it   must   be  

acquired  through  diet,   that  acts  as  a  precursor   in   the  synthesis  of  other   -6  FA,  

and  docosahexaenoic  acid   (DHA),  an   -3  FA,   synthesized   from   -linolenic  acid.  

The  metabolic   pathways   of   -3   and   -6   FA   share   the   same   enzymes,   e.g.,   fatty  

acid  desaturases  1  and  2.    

Fatty  acids  are  transported  in  the  circulation  in  lipoprotein  particles  in  the  form  

of  triglycerides  or  free  fatty  acids  are  bound  to  albumin,  and  are  stored  in  cells  as  

triglycerides.   A   triglyceride   consists   of   three   fatty   acids   attached   to   a   glycerol  

molecule.   Phosphoglycerides   are   structurally   similar   to   triglycerides   but   one   of  

the  fatty  acids  is  substituted  by  a  phosphorylated  (amino)  alcohol,  e.g.,  choline  is  

the   alcohol   moiety   of   phosphatidylcholines.   Sphingomyelins,   another   type   of  

phospholipid  quantified  via  the  platform,  have  a  fatty  acid  and  phosphoryl  choline  

attached  to  a  sphingosine  backbone.  

Lipids  serve  as  an  important  source  of  energy  in  human  body.  The  first  step  in  

the  catabolism  of  lipids  is  the  hydrolysis  of  triglycerides  to  fatty  acids  and  glycerol.  

The   released   fatty   acids   are   oxidized   to   acetyl-coenzyme   A   (acetyl-CoA),   a   key  

substance  in  energy  transfer,  that  enters  the  citric  acid  cycle.  Acetyl-CoA  can  also  

be  a  substrate  in  the  synthesis  of  fatty  acids,  lipogenesis.  The  freed  glycerol  is  used  

in  glycolysis,   i.e.  the  breakdown  of  glucose,  or  gluconeogenesis,  the  regeneration  

of  glucose,  or  in  the  synthesis  of  fatty  acids.  

4.2.2   Glycolysis,  citric  adid  cycle  and  ketone  body  metabolites  

Glucose  is  a  central  source  of  energy  in  human  metabolism  and  is  stored  in  cells  

in  the  form  of  glycogen.  In  glycolysis  glucose  is  degraded  in  a  set  of  reactions  into  

pyruvate.  Pyruvate  is  involved  in  various  metabolic  processes.  In  addition  to  being  

the   end   product   of   glycolysis,   pyruvate   can   serve   as   a   substrate   for  

gluconeogenesis.   The   non-essential   amino   acid   alanine   can   be   generated   from  

pyruvate  and   the  glucogenic  amino  acids,   including  alanine,   can  be  degraded   to  

pyruvate.  Under   low-oxygen   conditions,   e.g.,   in   skeletal  muscle  during   exercise,  

pyruvate  is  converted  to  lactate,  which  is  subsequently  transported  to  liver  where  
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it   is   converted   to   glucose.   Normally,   however,   pyruvate   is   transported   to  

mitochondria  where   it   is  oxidized   to  acetyl-CoA.  Acetyl-CoA   is  also  produced   in  

the   -oxidation  of   fatty  acids   and   from  the  breakdown  of  ketogenic  amino  acids  

including  isoleucine,  leucine,  phenylalanine  and  tyrosine.  

Acetyl-CoA   enters   the   citric   acid   cycle,   where   it   is   first   converted   to   citrate.  

Citrate  is  further  converted  to  other  citric  acid  cycle  intermediates  or  transported  

to  cytosol  where  it   is  retransformed  to  acetyl-CoA  and  further  used,  e.g.,   in  fatty  

acid  synthesis.  Conditions  in  which  gluconeogenesis  is   increased,   for  example  in  

untreated  diabetes  or  after  prolonged  reduced  energy  intake,  the  citric  acid  cycle  

slows  down  as  the  produced  oxaloacetate  is  used  for  gluconeogenesis.  Under  these  

conditions  acetyl-CoA   is   increasingly  converted   in  hepatocytes   to  ketone  bodies,  

acetone,   acetoacetate   and   3-hydroxybutyrate.   Acetoacetate   and   3-

hydroxybutyrate  are   transported   in  blood   to  extrahepatic   tissues  where   they  are  

used  as  fuel,  i.e.,  oxidized  to  acetyl-CoA.  

4.2.3   Amino  acids  

Amino  acids  are  building  blocks  of  proteins  but  serve  also  as  a  source  of  energy  

and   are   substrates   for,   e.g.,   neurotransmitter   synthesis.   The   NMR   platform  

currently   quantifies   eight   amino   acids:   the   essential   amino   acids   histidine,  

isoleucine,   leucine,  phenylalanine  and  valine   and   the  non-essential   amino  acids  

alanine,   glutamine   and   tyrosine.  Alanine   is   synthesized   from  pyruvate,   tyrosine  

from   phenylalanine   and   glutamine   from   glutamate,   however,   the   de   novo  
synthesis  of  tyrosine  and  glutamine  can  be  insufficient  in  young  or  during  illness,  

and   therefore   these   amino   acids   are   conditionally   essential.   Tyrosine   is   a  

precursor  of  dopamine,  norepinephrine,  epinephrine  and  histidine  the  precursor  

of  histamine.  

All  of  the  amino  acids  can  serve  as  an  energy  source  when  their  carbon  skeletons  

are  degraded  into  acyl-CoA,  acyl-CoA  derivatives,  pyruvate  or  the  citric  acid  cycle  

intermediates   and   further   converted   to   either   ketone   bodies   (ketogenic   amino  

acids)   or   glucose   (glucogenic   amino   acids)   via   gluconeogenesis.   Most   of   the  

catabolism   of   amino   acids   takes   place   in   the   liver,   however,   isoleucine,   leucine  

and  valine,  the  branced-chain  amino  acids  (BCAA),  are  degraded  in  extrahepatic  

tissues  such  as  muscle  and  adipose  tissue,  where  they  are  converted  to  acyl-CoA  

derivatives   further   used   to   produce   energy.   Alanine   and   glutamine   are   the   two  

most   abundant   amino   acids   in   circulation   and   both   transport   amino   groups,  

which   are   produced   upon   amino   acid   breakdown   and   can   be   toxic,   away   from  

tissues  for  degradation  as  urea.  Alanine  has  a  central  role  in   the  glucose-alanine  

cycle,  a  transport  system  of  amino  groups  from  muscle  to  liver  and  subsequently  

for  degradation.  
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4.2.4   Waste  products  and  other  small  molecules  

The  amino  groups  transported  to  the  liver  are  converted  to  urea  in  the  urea  cycle,  

and   the   urea   is   subsequently   transported   to   kidney   for   excretion.   Creatinine   is  

formed  when  creatine,  an  energy  substrate,  breaks  down  in  muscle,  therefore  the  

Like  

urea,   creatinine   is   a   waste   product   and   excreted   though   the   kidneys.   Thus,  

elevated  levels  of  these  metabolites  can  indicate  kidney  dysfunction.  

Other   NMR   measured   metabolites   include   acetate   and   glycoproteins,   the  

measure   for   the   latter   mainly   comprising   of   1-acid   glycoprotein.   Acetate   is   a  

building   block   for   a   variety   of  metabolites,   and   1-acid   glycoprotein   is   an   acute  

phase  protein,  a  marker  of  low-grade  inflammation.  

4.3   Metabolite  levels  in  health  and  disease  

Maintaining   metabolic   homeostasis,   i.e.,   controlling   the   metabolite   levels   and  

fluxes,   is   essential   for   the   functioning   of   the   human   body   and   is   a   complex  

process.  One  of  the  key  players  involved  are  enzymes  that  convert  metabolites  to  

others,   e.g.,   phenylalanine   hydroxylase   that   converts   phenylalanine   to   tyrosine,  

and   transporters   that   control   the   intake   and  excretion  of  metabolites   in  human  

body   in   order   to   maintain   homeostasis.   As   the   metabolic   pathways   are   highly  

interconnected  a  dysfunction,  i.e.,  disturbance  of  homeostasis,  in  a  certain  part  of  

the  metabolism  may  be  reflected  as   fluctuations  also   in   the   levels  of  metabolites  

not  directly  involved.    

Part  of  the  enzyme  and  transporter  activity  is  genetically  determined;;  genomic  

variation   may   result,   e.g.,   in   changes   in   gene   expression   or   in   dysfunctional  

protein   products   and   thus   in   altered   metabolite   levels.   The   variation   can   have  

severe  consequences  causing  inherited  metabolic  disease.  For  example,  mutation  

that   renders   phenylalanine   dehydroxylase   dysfunctional   leads   to   elevated  

phenylalanine   levels   and  may   cause,   e.g.,   mental   retardation.   These   conditions  

are,  however,   rare  and  more  common  genetic  variation   in   the  same  genes   likely  

leads  to  smaller-scale  fluctuation  in  the  metabolite  levels.  For  instance,  genome-

wide   association   studies   have   identified   that   common   variants   affecting   genes  

encoding   for   an   aromatic   amino   acid   transporter   and   glutaminase,   an   enzyme  

that  degrades  glutamine  to  glutamate,  are  associated  with  variation  in  the  levels  of  

tyrosine   and   glutamine,   respectively   (Suhre   et   al.14   and   Publication   IV).   In  

addition,   variants   in   several   genes   encoding   for   enzymes   and   transporters  

involved   in   lipoprotein  metabolism  have  been   identified   to   associate  with  blood  

lipid  and  lipoprotein  levels  at  the  population  level  (Teslovich  et  al.79,  Publications  

III  and  IV).  

Metabolic   homeostasis   is   also   disturbed   by   various   other   conditions,   e.g.,  

diseases  like  type  2  diabetes  that  have  a  substantial  environmental  component  in  

addition  to  the  genetic  preponderance.  For  example,  the  insensitivity  to  insulin  in  
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type   2   diabetes   leads   to   the   dysregulation   of   glucose   levels   and   can   also   be  

reflected  in  other  metabolic  parameters  including  the  levels  of  the  ketone  bodies.  

Blood   levels   of   some   of   the  metabolites   quantified   by   the   NMR   platform   are  

regularly   used   in   the   clinic   for   disease   diagnosis   or   risk   evaluation,   and   recent  

studies  have  suggested  potential   role   for   the  metabolites  as  biomarkers.  Table  6  

summarizes  the  most  established  biomarkers  among  the  quantified  metabolites.  

  

Table  6.  A   summary  of   the  metabolites  quantified  via   the  NMR  platform  that  
are  used  or  suggested  as  markers  for  metabolic  disorders.  

Metabolite   Marker  for  

1-acid  glycoprotein   Inflammation  

Acetoacetate,  3-hydroxybutyrate   Diabetic  ketoacidocis  

Albumin   Fluid  balance,  liver  and  kidney  function  

Amino  acids   Rare  metabolic  disorders  

Glucose   Diabetes  diagnosis  and  monitoring  

Lactate   Acid-base  balance,  e.g.,  in  diabetes  

Lipoproteins  (e.g.  LDL-C  and  HDL-C)   Risk  markers  for  coronary  artery  disease  

Urea,  creatinine   Kidney  function  

BCAAs,  tyrosine,  phenylalanine   Suggested  markers  for  the  risk  of  diabetes5  

DHA,  tyrosine,  glutamine   Suggested  markers  for  incident  high  intima-media  thickness80  

Sphingomyelin   Suggested  marker  for  kidney  disease  in  type  1  diabetes81  
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5.  Genetics  

Genetics   is  a  discipline   in  biology   studying  heredity,   the  genetic   transmission  of  

characteristics  from  parents  to  offspring.  Genetics  is  a  broad  area  of  science  that  

covers   studies   from   the  molecular   basis   of   inheritance,   e.g.,   gene   structure   and  

function   or   the   organization   and   information   in   the   genome   sequence,   to   the  

genetic   differences   within   and   between   populations   or   between   species.   This  

chapter   focuses  on   the  structure  and  variation  of  human  genome  and  the  use  of  

the   variation   in   genome-wide   association   analyses   to   dissect   the   genetic  

components  contributing  to  the  variance  of  complex  traits.  

5.1   Structure  and  variation  of  human  genome  

Human  genome  consists  of  a  double  helix  of  deoxyribonucleic  acid  (DNA)  where  

the  order  of  the  four  different  nucleotide  bases,  adenine  (A),  thymine  (T),  guanine  

(G)  and  cytosine  (C),   me   is  

packed   into   23   chromosome   pairs,   22   of   which   are   autosomal   and   one   sex-

determining,  that  are  stored  in  the  nuclei  of  cells.  Additionally,  a  small  amount  of  

genetic  material,   a   circular  DNA  molecule,  mitochondrial  DNA,   is   stored   in   cell  

organelles   called  mitochondria.  A  chromosome  consists   of   a   long  string  of  DNA  

double  helix,  paired  strands  of  DNA,  bound  around  proteins  called  histones.  

There   are   approximately   3   billion   base   pairs   in   the   23   human   chromosomes.  

Only   a   small   minority   of   this   sequence,   1.5%,   is   known   to   code   for   proteins  

corresponding  to  between  20,000  and  25,000  genes.  With  the  enormous  amount  

of  base  pairs  in  the  human  genome,  it  is  no  wonder  that  no  two  human  beings  are  

fully  identical  in  their  genetic  make-up.  However,  all  human  genomes  are  99.9%  

identical,  and  between  any  two  individuals  only  0.1%  of  the  genome  varies.  Most  

of  this  variation  has  no  biological  effect,  and  therefore  only  a  small  proportion  of  

the   genome   together   with   environmental   factors   contributes   to   the   phenotypic  

differences   between   individuals.   The   variable   sites   in   the   genome   are   used   in  

genetic  mapping  to  identify  DNA  regions  contributing  to  phenotypic  differences.  

There   are   two  main  mechanisms   introducing  variation   to   the  human  genome,  

recombination  occurring  during  meiosis  and  mutations   taking  place  at  any  time  

in  any  cell.  An  individual  inherits  half  of  the  genetic  material  from  the  mother  and  

a   half   from   the   father,   one   of   each   chromosome   from   each   parent.   The  
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chromosomes,  however,  do  not  pass  on  to  the  offspring  as  such,  but  the  maternal  

and   paternal   genetic   materials   are   shuffled   during   meiosis   in   a   process   called  

homologous   recombination.   Recombination   events   occur   approximately   once  

every   one   hundred   million   base   pairs,   thus,   recombination   can   take   place   on  

average  over  30  times  per  chromosome  per  meiosis.  

Additional  variation  to  the  genome  is  introduced  by  spontaneous  mutations  that  

can   occur   due   to   errors   in   DNA   replication,   or   can   be   caused,   for   example,   by  

exposure   to   radiation   or   mutagens.   Additionally   malfunction   in   the  

recombination  system  can  cause  structural  mutations.  If  a  mutation  occurs  in  the  

germline,  it  is  passed  on  to  the  next  generation.  The  simplest  type  of  mutation  is  

the  substitution  of  a  single  nucleotide  by  another.  The  average  mutation  rate  for  a  

base   is  ~2.5  × 10-8  per  meiosis82.   In  addition,  parts  of  DNA  sequence  varying   in  

length   from   a   single   nucleotide   to   larger   chunks   can   be   inserted   (insertion),  

duplicated  (duplication)  or  deleted  (deletion)  from  a  genomic  sequence  including  

the  exchange  of  genetic  material  between  different  chromosomes  (translocation)  

(Figure  9).    

  

  
Figure   9.   Different   types   of   mutations   in   human   genome.   Modified   from  
www.genome.gov/glossary.  

5.1.1   Single  nucleotide  polymorphisms  

A   mutation   of   a   single   nucleotide   occurring   in   a   population   is   called   a   single  

nucleotide   polymorphism   (SNP).   These   genomic   variants   are   typically   found  

every  100  to  300  bases  along  the  DNA  sequence  and  make  up  approximately  90%  

of  human  genetic  variation83.  Due  to  their  abundance,  SNPs  have  become  a  major  

target   in   genetics   research.   Although   the   substitution   of   a   base   by   another   is   a  

http://www.genome.gov/glossary
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minor   change   in   the   genome,   and   many   of   the   SNPs   likely   have   no   biological  

effect,  SNPs  that  change  the  amino  acid  sequence  may  have  large  impacts  on  the  

protein  products.  

The  1000  Genomes  project  aims  at  providing  a  comprehensive  resource  on  the  

genomic   variation,   including  SNPs   that  have  minor  allele   frequencies  of  at   least  

1%   in   a   population,   by   sequencing,   initially   1000,   individuals   from   various  

populations.   The   pilot   phase   of   the   study   with   less   than   200   individuals  

sequenced  reported  approximately  15  million  SNPs83,  and  with  the  completion  of  

sequencing  of   1094   individuals   over   38  million  SNPs  are  now  catalogued   (June  

2011  release).     The  next  goal  of  the  project  is  to  sequence  2500  individuals  from  

25  populations.    

The  genotypes  of  SNPs  can  be  determined  individually  by  direct  genotyping  but  

often  SNP  information  is  collected  using  commercial  Illumina  or  Affymetrix  SNP  

arrays  that  nowadays  provide  information  on  up  to  five  million  variants  across  the  

genome.   The   population   cohorts   studied   in   Publications   III   and   IV   were  

genotyped   using   SNP   arrays   from   Illumina   that   captured   370,   610   or   670  

thousand  variants   selected  to   tag  a   large  proportion  of   the  common  variation   in  

European   populations.   As   the   number   of   SNPs   in   the   genome   is   considerably  

larger,  the  SNP  set  is  often  augmented  to  include  a  larger  number  of  variants  by  

imputation  (see  Chapter  5.3).  

5.2   Linkage  disequilibrium  

A  variant   in   the  parental  genome  may  be  passed  on   to  next  generations.  As   the  

number  of  recombination  events  in  a  generation  is  rather  small,  the  offspring  not  

only  inherit  the  genomic  variant  but  a  long  stretch  of  DNA  around  it.  Over  many  

generations   several   recombination   events   take   place,   the   DNA   gets   more   and  

more  mixed  and  therefore  the  pieces  of  DNA  sequences  the  individuals  descended  

from   a   common   ancestor   share   are   getting   shorter.   However,   even   apparently  

unrelated   individuals   share   recognizable   stretches   of   DNA.   These   regions   of  

chromosomes   that   have   not   been   broken   up   by   recombination   are   called  

haplotypes.  

The  non-random  co-inheritance  of  alleles  from  two  or  more  loci  is  called  linkage  

disequilibrium  (LD):  two  loci  inherited  together  are  in  complete  LD  and  typically  

the  further  apart   the   loci  are,   the  weaker   is   the  LD  between  them.  LD  occurs  as  

haplotype   blocks,   i.e.,   regions   of   the   genome   with   little   recombination   events  

(recombination   coldspots)   between   two   sites   of   more   frequent   recombination  

(recombination  hotspots).  As  humans  are  a  rather  young  species,  most  of  the  SNP  

variation   in  any  current  human  population  comes   from  the  variation  present   in  

the  ancestral  human  population,  and  therefore  for  most  parts  of  the  chromosomes  

only  a   limited  number  of  common  haplotypes  exists.  However,   the  extent  of  LD  

varies  from  population  to  population  and  depends  on  the  population  history84,  85.  

The   range  of  LD   is   the   shortest   among   the  Africans  while   in  Finland  where   the  
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population  history  includes  multiple  bottlenecks,  subsequent  isolation  and  rapid  

expansion86  leading  to  limited  number  of  ancestral  haplotypes  (Figure  10),  the  LD  

is  among  the  most  extensive87.  

  
Figure   10.   The   inhabitation   of   Finland.   a)   The   two   migratory   waves   to  
Finland,   4000   years   ago   from   east   and   2000   years   ago   from   south.   b)   The  
habitation  was   largely   concentrated  on   the   coastal  area   (the   early   settlement)  
until   the   16th   century     when   the   internal  migration  movement   started   from  a  
small  southeastern  area  of  Finland  to  the  uninhabited  parts  of  the  country  (late  
settlement)   and   resulted   in   isolated   rural   populations,   including   the   internal  
isolate  of  Kuusamo  (shaded  black),  that  have  remained  surprisingly  stable  over  
time.  The  population  of  Finland  grew  rapidly  from  the  250,000  inhabitants  on  
the  18th  century  to  its  present  5  million.  The  figure  is  modified  from  Peltonen  et  
al.88  and  Varilo  et  al.86.  

The  correlation  of  the  alleles  within  a  haplotype  block  is  utilized  in  association  

studies.   The   variation   from   a   SNP   predisposing   to   a   specific   phenotype   can   be  

detected  via  another  SNP  in  LD  with  the  causal  variant  (genome-wide  association  

studies).   Also,   LD   can   be   used   to   predict   the   genotypes   of   SNPs   that   are   not  

directly   observed   using   the   information   from   the   genotyped   variants  

(imputation).  

In   2003   the   International   HapMap   Consortium   started   building   a   haplotype  

map   of   the   entire   human   genome,   which   shows   the   LD   structure   across  

chromosomes   in   various   populations   and   predicts   which  markers   are   inherited  

together   and   thus   facilitates   the   use   of   SNP  data   in   genomics   studies.   The   first  

HapMap   catalogue   contained   information   on   roughly   one   million   common  

(population  frequency  >  5%)  SNPs85,  the  following  Phase  II  increased  the  number  

to   3.1  million89   and   Phase   III   catalogued   further   1.6  million   SNPs90.   Now   data  

from  the  1000  Genomes  project  provides  a  similar  resource  to  a  larger  number  of  

variants83.  
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5.3   Genotype  imputation  

SNP  arrays  genotype  only  a  small  set  of  the  known  variants,  however  due  to  LD  

the  genotypes  for  the  untyped  SNPs  can  be  predicted  by  utilizing  the  limited  set  of  

observed  SNP  data.  Genotype   imputation  describes   this  process  of   filling   in   the  

missing   genotypes.   Successful   imputation   requires   a   detailed   reference   panel   of  

haplotypes,   i.e.,  a  dense  data  set  of  genotyped  markers  in  another  study  set  that  

includes   data   on   the   markers   being   imputed,   e.g.,   1000   Genomes   reference  

haplotypes   potentially   complemented   with   population-specific   haplotype   sets91.  

In   addition   information   on   the   recombination   rates   in   the   genomic   regions   is  

required.    

Genotype   imputation  has  become  standard  practice   in  genetics  within   the   last  

decade,  since  genome-wide  association  studies  (GWASs)  often  require  the  meta-

analysis   of   tens   of   cohorts   that   are  often  genotyped  on  different  platforms.  The  

cohorts   can   be   combined  when   they   all   are   imputed   to   include   the   same   set   of  

SNPs.   Aside   facilitating   meta-analyses   genotype   imputation   can   aid   in   fine-

mapping  analyses  by  providing  a  denser  set  of  SNPs92.  Many  imputation  methods  

also  allow  the  imputation  of  sporadic  missing  SNPs  from  the  genotype  chip  data,  

variants  that  are  not  in  the  reference  panel  or  genetic  variation  other  than  SNPs,  

for  example  copy  number  variations92,  93.  

Figure  11  presents  a  summary  of  the  workflow  in  genotype  imputation.  A  cohort  

of  individuals  has  been  genotyped  with  a  SNP  array  that  leaves  a  large  number  of  

variants  untyped  (Step  1  in  Figure  11).  In  imputation  the  essential  goal  is  to  fill  in  

this  missing  data.  Most  of  the  imputation  algorithms  first  phase  each  individual  at  

the   observed   SNPs,   i.e.,   each   genotype   is   resolved   into   its   two   haplotypes  

(combinations  of   alleles;;  paternal   and  maternal   alleles),   statistically   or  by  using  

the   reference   set   of   haplotype   information   at   the   typed   SNPs.   The   resulting  

phased   haplotypes   are   then   considered   as   mosaics   of   the   different   reference  

haplotypes  (Step  2  in  Figure  11)  by  looking  for  perfect  or  nearly  perfect  matches  

between   the   two  sets.  Assuming   that   the  stretches  of  haplotypes   that  match   the  

observed   SNPs   also   match   the   untyped   SNPs   in   the   study   cohort,   the   missing  

genotypes  are  selected  from  the  matching  mosaic  haplotypes  (Step  3  in  Figure  11).  
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Figure  11.  Illustration  of  the  workflow  of  genotype  imputation.  Modified  from  
Marchini  et  al.92.  

As  with  all  prediction  procedures  there  is  uncertainty  in  the  results  of  genotype  

imputation.  The  genotypes  cannot  be  phased  with  100%  certainty  nor  is  matching  

the   pieces   of   reference   haplotypes   error-free.   Therefore,   the   imputation  

algorithms,   many   of   which   are  Markov   chain  Monte   Carlo   based   algorithms94,  

present   the   imputed   genotypes   as   probability   distributions,   thus   allowing   this  

uncertainty  to  be  accounted  for  in  the  subsequent  analyses.  

5.4   Genome-wide  association  analyses  

Genome-wide   association   study   (GWAS)   is   an   analysis   approach   to   identify   the  

variants,  typically  SNPs,  in  human  genome  that  associate  with  the  trait  of  interest  

by   studying   a   large   number   of   genetic   markers   in   thousands   of   unrelated  

individuals.  The  traits  studied  vary  from  diseases,  e.g.,  type  II  diabetes  or  lupus,  

to  anthropometric  and  biochemical  traits,  e.g.,  body-mass  index  (BMI)  and  blood  

lipid   levels,   respectively.  The  common  denominator   for   the   studied  traits   is   that  

they   are   expected   to   be   complex   traits,   i.e.,   multiple   genes   in   addition   to  

environmental   factors   contribute   to   trait   variance,   in   contrast   to   Mendelian  

disorders,  for  which  the  underlying  gene  has  often  been  identified  previously  with  

other  means  of  genetic  research.  

The  field  has  taken  giant  leaps  since  the  publication  of  the  first  GWAS  in  200595  

that  studied  the  association  of  116,204  SNPs  to  age-related  macular  degeneration  

in   96   cases   and   50   controls.   The   National   Human   Genome   Research   Institute  

GWAS   Catalog   currently   (2011   2nd   quarter)   lists   the   significant   results   from  

altogether   1,449   published   GWAS   for   237   different   traits   (available   at  

www.genome.gov/GWAStudies,  accessed  6.11.2011).  The   low-hanging   fruits,   i.e.,  
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the   variants   with   large   effects,   were   quickly   detected   for   a   variety   of   traits  

(including  FTO  for  body  mass  index96)  with  reasonable  sample  sizes.  The  current-

day  association  studies  of  the  extensively  studied  traits   like  BMI  and  blood  lipid  

levels   require   more   than   100,000   individuals   to   detect   new   variants,   since   the  

effect   sizes   of   these   SNPs   are  minute.   Few   single   cohorts   include   such   sample  

sizes  and  therefore  most  GWASs  are  multi-centre  efforts.  

  
Figure   12.   Illustration   of   all   published   and   catalogued   genome-wide  
association  studies  (N  =  1,449)  and  their  findings  by  chromosome  as  of  the  June  
2011.  The  circles  show  the  positions  of  the  significant   -8)  associations  
in   the   genome   and   the   different   colors   illustrate   the   various   traits   (N   =   237)  
studied.  Key  for  the  four  blood  lipids  (TC,  LDL-C,  HDL-C  and  TG)  is  given.  The  
figure  is  modified  from  http://www.genome.gov/GWAStudies/.  

The   association   between   a   SNP   and   the   trait   is  most   often   tested  with   simple  

regression,   depending   on   the   type   of   trait   studied,   either   with   logistic   (for  

dichotomous   traits)   or   linear   (quantitative   traits)   regression.   Regression   is   a  

simplistic   approach  but   considering   the  amount  of  SNPs   tested   in   thousands  of  

individuals,  the  computational  burden  is  considerable.  The  traits  studied  are  often  

adjusted  with  a  few  major  covariates  that  significantly  correlate  with  the  trait,  e.g.,  

gender   and   age.   Additionally,   it   is   often   necessary   to   adjust   for   population  

stratification,   i.e.,   the   systematic   differences   in   allele   frequencies   between  

individuals   from   different   geographical   origins.   As   the   current   GWASs   include  

multiple  cohorts  that  are  analyzed  separately,  the  results  are  combined  in  a  meta-

analysis.   Testing   more   than   a   million   variants   in   a   GWAS   causes   a   multiple-

testing  issue,  thus  a  stringent  P-value  threshold  needs  to  be  used  to  rule  out  false  
positives.   The   widely   accepted   significance   threshold,   often   referred   to   as  

genome-wide   significance,   is   5   ×   10-8.   This   threshold   is   derived   based   on   the  

http://www.genome.gov/GWAStudies/
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assumption   that   there  are   roughly  a  million   independent  variants   in   the  human  

genome97.  

5.4.1   GWAS  of  blood  lipids  

As  abnormal   levels   of   the  blood   lipid  parameters  of  TC,  TG,  LDL-C  and  HDL-C  

are   major   risk   factors   for   coronary   artery   disease   and   the   measurements   are  

readily   available   for  many   cohorts,   these   lipids   are   among   the  most   extensively  

studied   traits   in  GWASs.   Tens   of   studies   have   investigated   the   genetic   variants  

contributing   to   the   variance   of   the   four   blood   lipids   with   sample   sizes   of   the  

studies   increasing   year   by   year79,   98-119.   The   latest   published   GWAS   of   the   four  

lipids,   by   Teslovich   et   al.,   which   included   over   100,000   individuals   from   46  

population-based  cohorts,  identified  95  loci  associated  with  the  traits79.  Fifty-nine  

of  the  reported  loci  were  novel  and  the  36  other  loci  included  all  the  loci  identified  

in  previous  GWASs  of   the  same  traits.  Table  7  summarizes   the  results   from  this  

study.  

Many  of  the  loci  identified  by  Teslovich  et  al.  harbor  genes  that  have  previously  

been   linked   to  Mendelian   lipid   disorders,   are   targets   for   hyperlipidemia   drugs,  

have   a   known   function   in   lipid   metabolism   or   are   good   functional   candidates,  

including  APOB  (encoding  for  apolipoprotein  B),  LIPC  (hepatic  lipase)  and  PLTP  

(phospholipid   transfer   protein).   However,   many   of   the   loci   have   not   been  

previously  implicated  in  lipoprotein  metabolism.    Further  studies  are  required  to  

identify   the   causal   variants   and   affected   genes   and   to   elucidate   the   role   and  

relevance   of   these   genes   for   human   metabolism.   For   example,   an   extensive  

functional   study   using   human   cohorts,   hepatocytes   and   knockout   mice   was  

carried   out   to   identify   SORT1   as   the   causative   gene   and   the   related   pathway  

underlying   the  association  of   a   SNP   in   chromosome   1p13  with  both  LDL-C  and  

myocardial  infarction120.      
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Table  7.  The  95  loci  identified  in  the  GWAS  of  Teslovich  et  al.  to  associate  with  
one  or  more  of  the  conventional  blood  lipids.  

Locus   Lead  trait   Effect  size   P-value      Locus   Lead  trait   Effect  size   P-value  
LDLRAP1   TC   1.22   4×10 11      CYP26A1   TG   2.28   2×10 8  

PABPC4   HDL   0.48   4×10 10      GPAM   TC   1.14   2×10 10  
PCSK9   LDL   2.01   2×10 28      AMPD3   HDL   0.41   5×10 8  
ANGPTL3   TG   4.94   9×10 43      SPTY2D1   TC   1.04   3×10 8  

EVI5   TC   1.18   3×10 8      LRP4   HDL   0.78   3×10 18  
SORT1   LDL   5.65   1×10 170      FADS1-2-3   TG   3.82   5×10 24  
ZNF648   HDL   0.47   3×10 10      APOA1   TG   16.95   7×10 240  

MOSC1   TC   1.39   6×10 13      UBASH3B   TC   0.97   2×10 10  
GALNT2   HDL   0.61   4×10 21      ST3GAL4   LDL   1.95   1×10 15  
IRF2BP2   TC   1.36   5×10 14      PDE3A   HDL   0.4   4×10 8  

APOB   LDL   4.05   4×10 114      LRP1   TG   2.70   4×10 10  
GCKR   TG   8.76   6×10 133      MVK   HDL   0.44   7×10 15  
ABCG5/8   LDL   2.75   2×10 47      BRAP   TC   0.96   7×10 12  

RAB3GAP1   TC   1.25   2×10 8      HNF1A   TC   1.42   1×10 14  
COBLL1   TG   2.01   2×10 10      SBNO1   HDL   0.86   7×10 9  
IRS1   HDL   0.46   3×10 9      ZNF664   HDL   0.44   3×10 10  

RAF1   TC   1.42   4×10 9      SCARB1   HDL   0.61   3×10 14  
MSL2L1   TG   2.22   3×10 8      NYNRIN   LDL   1.14   5×10 11  

KLHL8   TG   2.25   9×10 12      CAPN3   TG   7   2×10 8  
SLC39A8   HDL   0.84   7×10 11      FRMD5   TG   5.13   2×10 11  
ARL15   HDL   0.49   5×10 8      LIPC   HDL   1.45   3×10 96  

MAP3K1   TG   2.57   1×10 10      LACTB   HDL   0.39   9×10 9  
HMGCR   TC   2.84   9×10 47      CTF1   TG   2.13   3×10 8  
TIMD4   TC   1.98   7×10 28      CETP   HDL   3.39   7×10 380  

MYLIP   LDL   1.43   1×10 11      LCAT   HDL   1.27   8×10 33  
HFE   LDL   2.22   6×10 10      HPR   TC   2.34   3×10 24  
HLA   TC   2.31   4×10 19      CMIP   HDL   0.45   2×10 11  

C6orf106   TC   1.86   5×10 11      STARD3   HDL   0.48   1×10 13  
FRK   TC   1.18   2×10 10      OSBPL7   LDL   0.78   2×10 8  
CITED2   HDL   0.39   3×10 8      ABCA8   HDL   0.42   2×10 10  

LPA   LDL   0.56   2×10 17      PGS1   HDL   0.39   8×10 9  
DNAH11   TC   1.43   9×10 10      LIPG   HDL   1.31   3×10 49  

NPC1L1   TC   2.01   3×10 11      MC4R   HDL   0.42   7×10 9  
TYW1B   TG   7.91   1×10 9      ANGPTL4   HDL   0.45   3×10 8  
MLXIPL   TG   9.32   6×10 58      LDLR   LDL   6.99   4×10 117  

KLF14   HDL   0.59   1×10 15      LOC55908   HDL   0.64   3×10 9  
PPP1R3B   HDL   1.21   6×10 25      CILP2   TC   4.74   3×10 38  
PINX1   TG   2.01   1×10 8      APOE   LDL   7.14   9×10 147  

NAT2   TG   2.85   5×10 14      FLJ36070   TC   1.27   2×10 10  
LPL   TG   13.64   2×10 115      LILRA3   HDL   0.83   4×10 16  
CYP7A1   TC   1.23   2×10 12      ERGIC3   TC   1.19   4×10 10  

TRPS1   HDL   0.44   6×10 11      MAFB   TC   1.38   6×10 11  
TRIB1   TG   5.64   3×10 55      TOP1   LDL   1.39   4×10 19  
PLEC1   LDL   1.4   4×10 13      HNF4A   HDL   1.88   1×10 15  

TTC39B   HDL   0.65   3×10 12      PLTP   HDL   0.93   2×10 22  
ABCA1   HDL   0.94   2×10 33      UBE2L3   HDL   0.46   1×10 8  
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ABO   LDL   2.24   6×10 13      PLA2G6   TG   1.54   4×10 8  

JMJD1C   TG   2.38   3×10 12                 
Locus,  the  candidate  gene  or  the  nearest  gene  of  the  associated  SNP  as  reported  
by  Teslovich  et  al.79;;  Lead  trait,  the  most  associated  trait;;  Effect  size,  the  effect  
size  of  the  association  with  respect  to  the  minor  allele  in  units  of  mg/dl.  

In  addition  to  the  above  studies,  Chasman  et  al.  performed  a  GWAS  on  17  NMR-

derived  lipoprotein  measures  (the  concentrations  of  eight  lipoprotein  subclasses,  

the   total   particles   for   four   lipoprotein   classes,   mean   particle   sizes   for   three  

lipoprotein  classes,  and   the  estimates   for  HDL-C  and  TG)  and   five  conventional  

lipoprotein  or  apolipoprotein  measures33.  In  total  31  loci  were  associated  with  one  

or  more  of  the  22  lipoprotein  measures  in  the  primary  association  analysis.  At  the  

time   the   study  was   published   seven   of   the   associated   loci   were   novel.   Four   loci  

were   later  discovered   in   the  GWAS  of   total   lipid  measures  by  Teslovich   et   al.79,  

however   with   a   significantly   larger   study   sample,   thus   pointing   to   the   reduced  

biological  variance  resulting  from  the  use  of  detailed  lipoprotein  measures.  Table  

3   summarizes   the   three  novel   loci   that  all   associated   to  HDL  measures.  Further  

support   for   the  use  of  NMR-based   lipoprotein  phenotyping  was  provided   in   the  

study   from   Kaess   et   al.,   where   the   authors   identified   further   and/or   stronger  

associations  when  HDL  particle   size  was   included   in   the  analyses   in  addition   to  

HDL-C121.   In  addition,   in  a   recent  paper  by  Petersen  et  al.122   the  associations  of  

the   95   known   lipid   loci   to   15   NMR-derived   lipoprotein   subclasses   were  

investigated,  and  the  authors  found  that  the  associations  to  the  subclass  measures  

strengthened  the  associations  compared  to  conventional  lipids.  

  

Table   8.   The   three   novel   loci   found   by   Chasman   et   al.33   that   have   not   been  
identified  in  GWASs  of  the  main  lipid  fractions.  

Locus   Chr   SNP   Trait   Alleles/MAF   Effect  
size  

P-value  

PCCB,  STAG1   3   rs3856637   HDL  small   G/A/0.28   0.37   1  ×  10-8  
ASCL1,  PAH   12   rs10778213   HDL-C  by  NMR   G/A/0.47   -0.79   2  ×  10-8  

      rs1818702   HDL  total   A/G/0.29   -0.42   9  ×  10-10  
PRKAR1A,  
WIPI1  

17   rs2909207   HDL  medium   A/G/0.22   0.09   1  ×  10-8  

Locus,  the  candidate  gene  or  nearest  gene  of  the  associated  SNP  as  reported  by  
Chasman  et  al.;;  Chr,  chromosome;;  Trait,  the  associated  trait;;  Alleles/MAF,   the  
minor  and  major  alleles  and  frequency  of  the  minor  allele;;  Effect  size,  the  effect  
size  of  the  association  with  respect  to  the  minor  allele.  

5.4.2   GWAS  and  metabolomics  

Metabolomics   data   for   samples   large   enough   to   conduct   genome-wide   analyses  

with   are   just   becoming   available   and   only   a   handful   of   studies   assessing   the  

genetic   variants   associated   with   the   metabolite   traits   from   serum   or   urine  

measured  with  either  MS  or  NMR  have  been  conducted  thus  far.  Three  genome-

wide   association   studies   have   focused   the   analyses   on   MS-based   serum  

metabolites14-16,   46,   while   two   other   studies   investigated   the   NMR-measured  

metabolites  from  urine  and/or  plasma17,   18.  The  top  panel  in  Table  9  summarizes  
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these  studies.  All  but  one  of   the  studies  have  also  analysed  ratios  of  metabolites  

motivated  by   the   findings   that   these   serve  as  proxies   for   enzymatic   activity   and  

thus  may   increase   the   strength   of   association16,   123.   Additionally,   one   study   has  

investigated   the   genetic   components   of   more   targeted   sets   of   metabolites,   i.e.,  

sphingolipids124  (middle  section  of  Table  9).  

Together   the   studies   have   identified   more   than   40   loci   that   associate   with  

metabolite   levels   or   ratios   of   metabolites.   For   many   loci   there   are   plausible  

candidate  genes,  which  have   functions   that  match   to   the  metabolites   associated  

with   the  variants   in   the   locus.  For   example,   several   genes   known   to   function   in  

fatty   acid   beta-oxidation   are   associated   with   the   levels   of   carnitines15,   essential  

components   for   lipid   metabolism.   Additionally,   in   the   cases   where   the   nearby  

genes   have   no   known   role   in  metabolism,   the   associated  metabolite   traits  may  

provide   further   insight   into   the   functions  of  genes   in   the  region.  As  an  example,  

inspired  by   the  association  of  a   locus  with  serum   levels  of   carnitine,  Suhre  et  al  

experimentally  validated  the  gene  in  the  locus,  SLC16A9,  to  function  as  a  carnitine  
efflux   transporter14.   Many   of   the   identified   loci   have   been   previously   linked   to  

clinical   outcomes,   including   NAT2   to   coronary   artery   disease   and   GCKR   to  
diabetes.  Thus,  the  metabolite  associations  uncovered  for  these  loci  may  provide  

bases   for   new   pathophysiological   hypotheses   and   help   to   identify   new  

pharmacological  targets.  

Although   the   sample   sizes   in   the   studies   are   considerably   smaller,   only   up   to  

3000   individuals   for   the   untargeted   metabolomics,   than   the   current-day  

association   studies   of   complex   traits   that   involve   over   hundred   thousand  

individuals,  a  wealth  of  genetic  loci  have  been  identified.  Many  of  the  traits  have  

not   been   studied   before,   which  may   explain   the   discovery   rate   to   some   extent.  

However,   this   is   also   likely   due   to   the   metabolomics   traits   being   closer   to   the  

actual  pathways  the  genes  act  on,  thus  the  strengths  of  association  are  larger  than  

for  the  clinical  phenotypes.  This  assumption  is  supported  by  the  large  effect  size  

most  of  the  loci  show;;  while  a  single  SNP  typically  explains  less  than  a  percent  of  

the   variation   of   a   clinical   phenotype,   such   as   TC,   the   proportions   explained   of  

variance  of  the  metabolite  levels  are  up  to  30%.    

Many  of  the  metabolomics-GWA  studies  have  also  investigated  the  associations  

of  the  variants  to  ratios  of  the  metabolites.  This  approach  is  justified  as  many  loci  

show  significantly  stronger  associations  to  the  ratios.  In  these  cases  the  associated  

variants  may  directly  affect  the  enzymes  converting  one  metabolite  to  another  and  

therefore  using  a  ratio  of  the  metabolites  reduces  the  biological  variance.  

Testing  a  large  number  of  traits  simultaneously  -  including  the  metabolite  ratios  

the  number  of  traits  tested  is  more  than  30,000  -  causes  a  multiple  testing  issue.  

Thus,   most   studies   have   applied   a   stringent   P-value   threshold   to   avoid   false  
positive   findings.  Additionally,   as   sample   sizes   have   been   limited,   some   studies  

have  focused  the  analyses  on  variants  that  have  minor  allele  frequencies  of  at  least  

10%  to  avoid  false  findings.    
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Table   9.   The   published   genome-wide   association   studies   that   have   used  
metabolomics  data.  The  top  panel  lists  the  studies  that  have  applied  untargeted  
metabolomics   analyses   and   the   middle   panel   the   study   that   has   targeted   the  
analyses  on  lipid  species.  In  the  bottom  panel  details  of  a  study  that  investigated  
sexual  dimorphisms  in  the  metabolite  associations  is  given.  

Study,  
year   Sample   Metabolomics  

platform   N   Met   SNPs   Loci  

Untargeted  metabolomics  

Suhre  et  
al.14,  2011   Serum  

2  separate  
UHPLC/MS/MS2  
injections,  1  GC/MS  
injection  +  

Metabolon  library  

1,768  (KORA  F4)  
+  1,052  (Twins  

UK)  

295  +    >  
37,000  
ratios  

655,658  /  
534,665   37  

Illig  et  al.15,  
2010   Serum  

ESI-MS/MS,  
Biocrates  
AbsoluteIDQ  

1,809  (First  stage:  
1,029  (KORA  F4);;  
Second  stage:  780  
(KORA  F4));;  
Replication:  422  
(Twins  UK)  

163  +  
26,406  
ratios  

517,480   9  

Gieger  et  
al.16,  2008   Serum  

ESI-MS/MS  at  
Biocrates  Life  
Sciences  AG  

284  (KORA  F3)   363  +  201  
ratios   187,454   3  

Nicholson  
et  al.  18,  
2011  

Plasma  
and  urine  

(FIA-MS  Biocrates  
+)  in-house  NMR  

142  (MolTWIN);;  
Replication:  69  
(MolOBB)  

526  peaks  
from  NMR   2,541,644   3  

Suhre  et  
al.17,  2010   Urine  

NMR  400  MHz,  
Chenomx  NMR  
Suite  6.1  

862  (SHIP-0  
discovery);;  

Replication:  870  
(SHIP-0  females)  
+  992  (KORA  F4);;  
Verification:  170  
(SHIP-1  
verification)  

59  +  1661  
ratios   645,249   5  

Targeted  metabolomics  

Hicks  et  
al.124,  2009   Plasma   ESI-MS/MS  

4,400  from  four  
cohorts  (ERF,  
MICROS,  
NSPHS,  

ORCADES,  VIS)  

33  lipids  +  
43  

matched  
ratios  

318,237   5  

Sex-specific  analyses  

Mittelstras
s  et  al.9,  
2011  

Serum  
ESI-MS/MS,  
Biocrates  
AbsoluteIDQ  

3,061  (1452  males,  
1552  females,  
KORA  F4)  +  377  
(197  males,  180  
females,  KORA  

F3)  

131   651,596   1  

Sample,   the   biofluid   used   in   the   metabolomics   analyses;;   N,   the   number   of  
individuals  in  the  study  (cohort   is  given  in  parenthesis);;  Met,  the  number  (and  
type)   of   metabolites   studied;;   SNPs,   the   number   of   SNPs   studied;;   Loci,   the  
number  of  significantly  associated  loci.  
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Although  gender  and  age  are  shown  to  have  an  effect  on  the  metabolite  profiles  

of  urine11,   12  and  serum/plasma10,   21,   125,  only  two  (Suhre  et  al.14  and  Nicholson  et  

al.18)   of   the   GWASs   on   the   untargeted   metabolomics   traits   have   adjusted   the  

analyses   for   either   or   both   of   these   confounding   factors.   Mittelstrass   et   al.  

comprehensively   analysed   the   gender   differences   in   MS-measured   metabolites  

and  identified  significant  effects  for  78%  of  the  studied  traits9.  In  the  same  study  

sex-specific   genome-wide   analysis   was   performed   and   one   locus   was   found   to  

have  significantly  different  effects  between  the  genders  (bottom  panel  in  Table  9).  

In  addition   to   these  studies  where  metabolomics  data  has  been  applied   in   the  

discovery  of  new  loci,  some  studies  have  used  NMR  metabolomics  measurements  

to   provide   further   insight   into   the   biology   underlying   the   loci   identified   to  

associate   with   other   metabolic   parameters,   i.e.,   liver   enzymes58   and   blood  

pressure59.  

5.5   Heritability  

In  order  for  a  trait  to  be  genetically  determined,  it  has  to  be  heritable,  i.e.,  genetic  

factors   in   addition   to   environmental   influences   contribute   to   the   trait   variance.  

The  observed  variance   in   a   trait   (    can  be  decomposed   to   variance   from  both  

genetic  ( and  environmental  factors  (   :  

  

Heritability  determines  the  proportion  of  the  trait  variance  that  is  due  to  genetic  

variation:  

  

This   is   the   definition   of   broad   sense   heritability   that   takes   into   account   the  

variance   of   both   additive   ( )   genetic   effects,   reflecting   the   effects   of   individual  

alleles,  and  dominant  ( )  genetic  effects,  reflecting  the  allelic  interactions,  which  

compose  the  total  genetic  variance.  The  narrow  sense  heritability  determines  the  

proportion  the  additive  genetic  variance  from  the  trait  variance:  

  

Similarly  the  environmental  component  of  variance  can  be  further  decomposed  

to   contributing   factors,   for   example,   to   environmental   variance   common   to  

siblings  and  that  arising  from  unique  environmental  influences.    
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Heritability   can   be   estimated   by   comparing   the   observed   and   expected  

resemblance  between   relatives,   e.g.,   families   or   twins.  A   common  way   to   assess  

the  heritability  is  to  study  monozygotic  (MZ)  and  dizygotic   (DZ)  twin  pairs,  who  

share   100%   or   50%   of   their   genomes,   respectively.   A   crude   estimate   for  

heritability   can   be   calculated   from   the   difference   in   the   intraclass   correlation  

(ICC)  between  the  MZ  and  DZ  twins:    

  

Twin   studies,   however,   often   apply   more   detailed   models   for   estimating   the  

heritability.  These  models  take  into  account  the  different  combinations  of  genetic  

and   environmental   sources   of   variation,   e.g.,   additive   and   dominant   genetic  

components  and  shared  and  unique  environmental  influences.  

5.5.1   Heritability  estimates  of  blood  lipids  

In   family   studies   the   heritability   estimates   for   blood   lipids   have   been   shown   to  

range  from  0.39  to  0.62  for  TC,  from  0.35  to  0.83  for  HDL-C,  from  0.24  to  0.50  

for  LDL-C  and   from  0.20   to  0.55   for  TG20,   126.  Some   twin   studies  have   reported  

somewhat  higher  estimates  (up  to  0.81  for  TC,  0.76  for  HDL-C,  0.79  LDL-C  and  

0.75   for  TG)127,   128  but   these  studies  have   included  data   sets  of   young   twins   that  

have   less  environmental  variance  and   thus   the  estimates   should  be  evaluated   in  

that   context.   Also,   gender   and   race   differences   have   been   reported128,   129.   Few  

studies  have  assessed  the  heritabilities  of   lipoprotein  subclasses.  The  heritability  

estimates   for   LDL   particle   size   have   varied   from   0.26   to   0.60127,   130,   131   and   for  

HDL  from  0.25  to  0.56127,  132.  The  heritability  estimates  for  five  HDL  subclasses  in  

a  Finnish  twin  sample  ranged  from  0.46  to  0.63127.  

5.5.2   Heritability  of  metabolomics  measures  

The  large  number  of  loci  identified  for  the  blood  and  urine  metabolites  pinpoints  

the  genetic  components  underlying  the  metabolite  level  regulation.  However,  thus  

far,   few   studies   have   assessed   the   extent   of   the   inherited   proportion   in   the  

variation  in  metabolites.  

Shah   et   al.   studied   the   heritabilities   of   metabolites   measured   with   MS   in  

comparison   to   the   heritabilities   of   conventional   metabolites   linked   to  

cardiovascular   risk   in   117   individuals   from   eight   families   burdened   with  

premature   coronary   artery   disease20.   Many   of   the   metabolites   showed   higher  

degree  of  heritability   than  the  conventional  risk   factors;;  High  heritabilities  were  

identified   for   several   amino   acids,   arginine   showing   an   exceptionally   high  

heritability   (h2=0.80),   some   free   fatty  acids  and  acylcarnitine  species.  However,  

as   the   study   sample  was   limited   these   heritability   estimates   had   large   standard  

errors.  

Nicholson   et   al.   used   a   longitudinal   twin   study   design   to   decompose   the  

variation   in   plasma   and   urine   NMR   spectra   peaks   into   familial,   individual-

environmental   and   longitudinally   unstable   components19.   Due   to   the   small  

sample   of   only   77   twin   pairs,   the   group   could   not   assess   the   heritability,   but  
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determined  the  familiality  that  combines  the  genetic  and  common  environmental  

variation.  Peaks  in  NMR  spectra  of  plasma  showed  a  greater  degree  of  familiality,  

and   less   between-visit   variability   compared   to   urine   NMR.   However,   for   both  

biofluids  much  of  the  variation  in  the  peaks  was  due  to  the  stable,  i.e.,  genetic  and  

environmental,   components,   and   less   due   to   short-term   fluctuations   in   the  

metabolite  profile,   thus  highlighting   the  potential   of  NMR-based  metabolites   as  

biomarkers.  The  highest  familialities  were  identified  for  plasma  creatinine  (77%)  

and  urine  trimethylamine  (92%),  and  the  findings  were  mostly  consistent  with  the  

heritability  estimates  from  the  previous  study  by  Shah  et  al.  

5.6   Mapping  gene  expression  

The  genetic  markers  identified  in  association  studies  rarely  provide  much  detail  of  

the   underlying   genes   and   mechanisms.   Further   understanding   on   how   the  

associated   loci   contribute   to   the   trait   variance   can   be   gained   by   studying   the  

associations  of  the  SNPs  to  the  variation  in  gene  expression.  The  loci  that  regulate  

gene  expression  are  called  expression  quantitative  trait  loci  (eQTL).    

The   genetic  markers   identified   in   association   studies   often  map   in   loci   where  

there  is  no  evident  functional  candidate  gene,  e.g.,  there  may  be  several  genes  in  

the  region  or  the  associated  locus  may  be  in  a  gene  desert.  Therefore  GWASs  are  

often   complemented  with   an   eQTL   analysis   to   further   interpret   the   results.   For  

example,   the   largest   GWAS   on   blood   lipids   up   to   date   investigated   the  

correlations   of   the   lead   SNPs   of   the   95   associated   loci   and   the   gene   transcripts  

from  liver,  omental  fat  and  subcutaneous  fat  located  within  500  kb  of  the  variant,  

i.e.,  cis-eQTL,  and  identified  significant  eQTLs  for  32  loci.  Some  of  the  associated  
transcripts  can  be  remote   from  the  SNPs.  E.g.,  a  variant  that  correlates  with  the  

expression   of   PPP1R3B   lies   nearly   200   kb   from   the   gene79.   In   addition   to  
identifying  functional  candidates,  the  gene  expression  data  can  be  used  to  provide  

insight   into   which   of   the   associated   SNPs   in   the   region   are   more   likely   to   be  

tagging  the  causative  variant.  

Gene   expression   varies   considerably   between   tissues,   and   thus   the   identified  

eQTLs  depend  on  the  choice  of  tissue  for  the  study.  For  example,  30  %  of  eQTLs  

are   shared   among   lymphoblastoid   cell   line,   skin   and   fat   tissues,   and   a   high  

proportion   of   these   show   significant   differences   in   the   magnitudes   of   effects  

between  the  different  tissues133.  Ideally  transcripts  from  multiple  tissues  would  be  

included  in  the  eQTL  analyses,  however,  well-characterized  data  sets  of  hundreds  

of   individuals   with   both   genome-wide   SNP   data   and   genome-wide   transcripts  

from  several  tissues  are  rare.  For  eQTL  studies  of  variants  associated  with  lipid-

related  traits,  transcripts  from  liver  seem  the  ideal  target,  as  liver  is  a  major  player  

in  lipid  metabolism.  
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6.  Materials  and  methods  

The  metabolomics  platform  presented  in  Chapter  3  provided  a  foundation  for  the  

two   other   studies   presented   in   thesis,   i.e.,   Publications   III   and   IV.  However,   in  

addition  to  the  means  to  assess  the  metabolites,  the  thorough  investigation  of  the  

genetic  components  underlying   the  metabolite   levels  performed   in   these  studies  

required,   for   example,   study   cohorts,   genotyping,   imputation   and   a   number   of  

other  analysis  methods.  This  chapter  presents  the  materials  and  methods  used  in  

Publications  III  and  IV.  

6.1   Study  subjects  

More  detailed  descriptions  of  the  cohorts  can  be  found  in  the  original  publications  

(III   and   IV)   and   references   therein.   All   studies   were   approved   by   local   ethics  

committees  and  participants  provided  informed  consent.    

6.1.1   The  Northern  Finland  Birth  Cohort  1966  (III,  IV)  

The   Northern   Finland   Birth   Cohort   1966   (NFBC1966)   is   a   longitudinal   birth  

cohort  following  mothers  and  their  children  born  in  1966  in  the  Oulu  and  Lapland  

provinces  of  Finland  and  comprises  of  12068  deliveries  and  12231  children.134  The  

data  collection  began  prenatally  and  the  offspring  were  followed-up  at  the  ages  of  

6   months,   14   years   and   at   the   age   of   31.   6007   cohort   members   still   living   in  

Northern   Finland   or   in   Helsinki   region   attended   the   latest   assessment.   The  

participants   went   through   a   medical   examination   and   provided   fasting   blood  

samples  that  were  used  for  metabolomics  experiments  and  DNA  extraction.    

6.1.2   The  Cardiovascular  Risk  in  Young  Finns  Study  (III,  IV)  

The  Cardiovascular  Risk   in   Young  Finns   Study   (YF)   is   an   ongoing  multi-centre  

follow-up  study  initiated  in  1980  to  study  the  cardiovascular  risk  from  childhood  

to  adulthood.135  3596  children  and  adolescents  from  five  Finnish  university  cities  

and   their   rural   surroundings   aged   3,   6,   9,   12,   15   and   18   years   attended   the  

baseline  examination.  The  cohort  was  followed-up  at  three  year  intervals  between  

1980  and  1992,  and   in  2001  and  2007.  Blood   samples   for  DNA  extraction  were  

donated  at  the  2001  follow-up  when  the  participants  were  24 39  years  of  age.  The  
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fasting   blood   samples   for   the   metabolomics   measurements   used   in   the  

Publications   III   and   IV   were   taken   at   the   latest,   27-year   assessment,   the  

participants  being  30 45  years  at  the  time.  

6.1.3   Helsinki  Birth  Cohort  Study  (III,  IV)  

The  Helsinki  Birth  Cohort  Study  (HBCS)  comprises  of  8760  men  and  women  born  

1934-1944   in   Helsinki,   Finland.136   Growth,   socioeconomic   aspects   and   general  

health   data   of   the   participants   has   been   abstracted   from   birth   records,   child  

welfare   clinic   and   school   health   records   and   linked   to   national   health   care  

registers.  A  subset  of  2500  randomly  selected   individuals   from  the  cohorts   took  

part   in  a  clinical  examination  and  gave  fasting  blood  samples  between  2001  and  

2004.  

6.1.4   Dietary,   Lifestyle,   and   Genetic   determinants   of   Obesity   and  
Metabolic  syndrome  study  (III,  IV)  

The   Dietary,   Lifestyle,   and   Genetic   determinants   of   Obesity   and   Metabolic  

syndrome  (DILGOM)  study  was  collected  in  2007  as  an  extension  to  the  National  

FINRISK   Study   2007   survey.   The   DILGOM   sample   includes   5025   Finnish  

individuals   25 74   years   of   age,   who   participated   in   a   thorough   clinical  

examination   including   measurements   for   fasting   glucose,   answered   a   dietary  

questionnaire  and  provided  fasting  blood  samples.  

6.1.5   The  Health  2000  GenMets  sample  (III,  IV)  

The   Health   2000   GenMets   (H2000)   sample   is   a   subset   of   2212   Finnish  

individuals  including  metabolic  syndrome  cases  and  their  matched  controls  from  

the  Health  2000  survey  collected  in  2000.137  Participants  provided  fasting  blood  

samples,   underwent   a   health   examination   and   answered   questions   concerning,  

e.g.,  their  health  status,  living  conditions  and  employment.    

6.1.6   Finnish  twin  registry  (IV)  

The  twin  sample  used  for  heritability  estimates  in  Publication  IV  is  a  subset  of  507  

monozygotic  and  826  dizygotic  twin  brothers  and  sisters  who  participated  either  

the   FinnTwin-12   (FT12,   http://wiki.helsinki.fi/display/twineng/Finntwin12)   or  

FinnTwin-16   (FT16,   http://wiki.helsinki.fi/display/twineng/Finntwin16)   cohort  

study.  The  cohorts  are  population-based  longitudinal  studies  following  twins  born  

in  1983-1987  (FT12)  and  1975-1979  (FT16).  The  twins  of  the  younger  study  were  

contacted  the  year  they  turned  11  and  were  followed-up  at  the  ages  of  14,  17  and  

~22.   The   participants   of   the   older   cohort   were   initially   approached   in   the   1-2  
th  birthday  and  follow-up  assessments  were  made  

when   the   twins   were   17,   18.5   and   ~25   years   of   age.   Each   visit   included  

comprehensive   survey   of   health,   personality   and   social   relationships.   Fasting  

blood  samples   for  DNA  extraction  and  metabolomics  experiments  were  taken  at  

the  last  assessment.  

http://wiki.helsinki.fi/display/twineng/Finntwin12
http://wiki.helsinki.fi/display/twineng/Finntwin16
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6.2   Genotypes  and  imputation  

The  cohorts  were  genotyped  using  commercial  Illumina  HumanHap  SNP  arrays:  

370k  array  for  NFBC1966,  610k  for  DILGOM  and  H2000  and  custom  generated  

670k   array   for   YF   and  HBCS.   Also,   a   subset   of   the   twins   was   genotyped   using  

HumanHap  670k  array.  Quality  control  was  performed  for  each  study  separately  

using  the  following  criteria:  DNA  samples  and  markers  that  had  genotype  failures  

in   >   5%   of   samples   or  markers,   respectively,   were   removed.   In   addition,   if   the  

data   indicated   excessive   genome-wide   heterozygosity   (indicating   sample  

contamination)  or  gender  discrepancies,   these   individuals  were   removed  as  well  

as  were  closely  related  individuals.  

The   cleaned   genotypes   were   augmented   by   imputation   using   IMPUTE  

software93  and  a  reference  panel  that  included  the  1000  Genomes  reference  (low-

coverage   pilot   release   from  March   2010),  HapMap3   reference   (release   #2   from  

Feb  2009)  which  further  included  an  additional  Finnish  imputation  reference  in  

HapMap3   depth.   After   imputation,   the   SNP   set   included   in   total   7.7   million  

genotyped  or  imputed  polymorphic  markers.  

In  order  to  assess  the  quality  of  the  imputation  to  the  1000  Genomes  reference,  

the  imputed  genotypes  for  316  markers  that  showed  genome  wide  significance  in  

Publication   IV   were   compared   with   directly   genotyped   SNPs   from  

Cardiometabochip,   which   was   available   for   the   DILGOM   study   sample   (Figure  

13).   As   the   concordance   of   the   genotypes   between   the   imputed   and   genotyped  

SNPs  was  high  (94%  of  the  SNPs  had  r2  >  0.8)  the  imputation  was  accurate  for  the  

reported  SNPs.  Imputation  accuracy  also  seemed  not   the  vary  depending  on  the  

allele  frequency  (1%  <  MAF  <  50%).  

6.3   Gene  expression  profiling  

Leukocyte  gene  expression  data  was  collected  for  a  subset  of  the  DILGOM  cohort  

(N   =   585).   PAXgene   Blood   RNA   System   (PreAnalytiX   GMbH,   Hombrechtikon,  

Switzerland)   was   used   to   obtain   stabilized   total   RNA   using   the   protocol   as  

recommended  by  the  manufacturer.  750  ng  of  biotinylated  cRNA  produced  from  

total   RNA   with   Ambion   Illumina   TotalPrep   RNA   Amplification   Kit   (Applied  

Biosystems,   Foster   City,   CA,   USA)   was   hybridized   onto   Illumina   HumanHT-12  

Expression   BeadChips   (Illumina   Inc.,   San   Diego,   CA,   USA),   using   a   standard  

protocol.  
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Figure   13.   The   correlation   between   the   genotypes   of   316   SNPs   imputed   from  
the  1000  Genomes  reference  panel  and  genotyped  with  Cardiometabochip  as  a  
function   of   the   minor   allele   frequency   (MAF).   The   figure   is   from   the  
Supplementary  Material  of  Publication  IV.  

6.4   Metabolite  and  enzymatic  lipid  measurements  

The  serum  1H  NMR  metabolomics  platform  presented  in  Chapter  3  was  applied  to  

measure   117   metabolites   from   fasting   serum   samples   including   80   lipoprotein  

measures,   15   lipid  measures   and   22   small  molecules   from   the   six   cohorts.   The  

measurements   were   targeted   to   three   molecular   windows,   LIPO,   LMWM   and  

LIPID.  The  details  on  the  platform  and  measurements  can  be  found  in  Chapter  3.  

The   blood   levels   of   TC,   TG,   LDL-C   and  HDL-C  were   also   determined   for   the  

individuals  in  each  cohort  using  standard  enzymatic  assays.  

6.4.1   Metabolite  transformations  and  corrections  

Before   applying   any   corrections   or   transformations   to   the   metabolite   traits  

individuals  who  were  pregnant  or  using  lipid-lowering  medication  were  excluded.  

Also   those   individuals  who  had  not   fasted  before  blood   sampling  were  removed  

from   further   analyses,   although,   the   metabolite   quantification   protocol  

automatically  excludes  samples  that  fall  too  far  from  the  training  set  maximum  or  

minimum   (sample   is   excluded   if   the  whole   quantifiable   area   in   the   spectrum   is  
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10%  or  a  single  spectral  point  10%  in  LIPO  or  40%  in  LIPID  and  LMWM  windows  

below  or  above  the  maximum  and  minimum  values,  respectively)  as  outliers.  The  

phenotypes  were  subsequently  corrected  for  gender,  age  (not  NFBC1966  where  all  

the   individuals   were   of   the   same   age)   and   ten   first   principal   components   to  

account   for   the   population   substructure138,   139.   The   covariate   adjustment   was  

performed  in  R  using  regression.  Inspection  of  the  raw  metabolite  traits  revealed  

skewness   in   the   distributions.   Therefore,   to   ensure   normal   distribution,   the  

residuals  from  the  regression  were  normalized  to  mean  0  and  standard  deviation  

1  using  inverse  normal  transformation.  

In   addition   to   the   117   directly   measured   metabolites   additional   99   targeted  

ratios  of  the  metabolites  or  other  derived  measures  were  calculated.  The  number  

of  ratios  was   limited  to  a  predefined  set  of  biologically   interesting  ones   to  avoid  

exhaustive   computational   load.   The  metabolite   ratios   were   calculated   from   the  

unadjusted  metabolite  data.  Extreme  outliers,  i.e.,  values  more  than  ±4  standard  

deviations   from   the   phenotype  mean,   were   excluded.   The   raw   ratios  were   then  

corrected  and  transformed  as  above.  

6.5   Association  testing  

6.5.1   Association  analyses  

To   test   the   associations   between   the   SNPs   and   the   metabolite   traits   the  

phenotypes   were   correlated   against   the   genotype   data   assuming   an   additive  

genetic  model:    

  

where      is   the   trait,      a   constant,      the   genotypes   of   the   SNP   {0,1,2},      the  

regression   coefficient,   i.e.,   the   effect   size,   and      is   the   prediction   error   of   the  

model.  The  model  assumptions  are  the  following:  1)   the  relationship  of   the  SNP  

and   the   mean   value   of   the   trait   is   linear,   i.e.,   each   copy   of   the   variant   allele  

increases   the  mean   trait   value  with   a   constant   amount,   2)   the   trait   is   normally  

distributed,  and  3)   the  error   terms  are  normally  distributed  and  independent  of  

each  other  and  the  values  of   .  

The   association   analyses   were   performed   for   each   cohort   separately   using  

SNPTEST  software94  (version  2.1.1)  or  R140.  

6.5.2   Meta-analysis  of  the  cohorts  

The  cohorts  were  combined  in  a  fixed-effects  inverse  variance  meta-analysis  using  

META  software141  or  GWAMA  software142.  SNPs  had  to  pass  the  following  criteria  

to   be   included   in   further   inspection:   the   SNP   had   to   have   a   result   in   all   five  

cohorts,   it   had   to  be   imputed  with   good  quality   (imputation   info  >  0.4)   and  no  

heterogeneity   in   the   effect   sizes   between   cohorts   was   allowed   (P-value   for   Q  
statistics  <  1  ×  10-5).    
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Genomic   inflation   factors,   lambdas,   illustrate   the   deviation   of   the   P-value  

distribution  of  a  phenotype  from  the  expected  distribution,  uniform  distribution  

[0,1].  A  value  over  1.05  usually  indicates  population  stratification.  In  Publication  

IV  the   lambdas   for   the  216  metabolite   traits  were  between  0.99   (for   the  ratio  of  

glucose  and  pyruvate)  and  1.06  (for  the  ratio  of  alanine  and  citrate).  Although  the  

lambda   values   gave   no   convincing   evidence   of   population   stratification,   the  

analyses   were   further   corrected   with   these   values.   Also,   a   stringent   P-value  
threshold  was  adopted,  2.31  ×  10-10,  which   is   the  genome-wide  significance   level  

corrected  for  the  216  traits  tested.  

6.5.3   Conditional  association  analyses  

Conditional   association   analyses   were   performed   in   Publications   III   and   IV   to  

identify   further   independent   signals   (III,   IV)  or   to   confirm   the   independence  of  

the  associated  SNPs  from  previously  reported  signals  (IV)  by  using  genotypes  of  

the  SNPs  as  covariates.   In  Publication  III   the  association  of   the  variants   in  each  

locus  was  conditioned  first  on  the  genotype  of  the  previously  reported  lead  variant  

of   the   locus   and   then,   if   significant   associations   (P   <   5   ×   10-8),   remained  
recursively   adding   the   most   significantly   associated   SNP   to   the   covariates.   In  

Publication  IV  the  analyses  were  conditioned  on  the  identified  lead  variant  of  each  

locus   and   the   significance   level   applied   was   P   <   2.31   ×   10-10.   The   conditional  
association  analyses  were  performed  for  all  metabolite  traits  in  analysis  windows  

of   1Mb   flanking   regions   of   the   previously   reported   (III)   or   identified   (IV)   lead  

variant  and   the   independent  variants   if   these  were   identified.   In  Publication   IV,  

further   conditional   analyses   were   performed   in   two   loci   to   verify   the  

independence  of  the  observed  association  from  a  previously  reported  association  

signal   from   a   nearby   locus   but   further   than   1Mb   away   by   conditioning   the  

analyses  on  the  reported  lead  variant  the  locus.  

The  conditional  association  analyses  were  performed  for  each  cohort  separately  

using  linear  regression  in  the  SNPTEST  software94  (version  2.2.0)  and  the  cohorts  

were  combined  in  a  fixed-effects  meta-analysis  using  META141  as  described  above.  

6.5.4   Proportion  of  variance  explained  

In   Publication   IV   the   proportion   of   trait   variance   explained   by   the   associated  

SNPs  was  assessed   in   the   twin  sample,  which  was   independent  of   the  discovery  

cohorts.   As   part   of   the   twin   sample  was   stratified   by   alcohol   consumption,   one  

pair   of   these   twins   was   randomly   chosen   for   the   analyses,   thus   resulting   in   a  

random  population   sample   of   436   individuals.  Gene   scores  were   built   from   the  

dosages  of  the  33  significantly  associated  SNPs  so  that  for  each  trait  all  the  SNPs  

that  showed  a  nominal  genome-wide  significant  association  with  the   trait   in   the  

meta-analysis  were  included  in  the  gene  score.    
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6.5.5   Cis-eQTL  analysis  

The  SNPs,  which  had  significant  association  with   one  or  more  of   the  metabolite  

traits   in   Publication   III   or   IV,   were   correlated   against   the   leukocyte   gene  

expression   in   a   subset   of   the  DILGOM  cohort   (N  =  585).  All   expression  probes  

  

using  Spearman  rank  correlation  in  R.  The  level  of  significance  used  was  P  <  9  ×  
10-7.  

6.6   Heritability  estimates  

The  heritablilities  for  the  metabolite  traits  were  estimated  in  the  twin  sample  (N  =  

561  pairs).  Before   calculating   the  heritability   estimates   the  metabolite  measures  

were   corrected   for   age   and   gender   and   the   residuals   were   inverse   normal  

transformed   in  R140.   The  heritability   of   each  metabolite  measure  was   estimated  

using  standard  modelling  methods  utilizing  the   n  

R.   For   each   metabolomics   phenotype,   models   estimating   the   hypothetical  

combinations   of   the   different   genetic   and   environmental   sources   of   influence  

(ACE,   ADE,   AE,   CE   and   E,   where   A   is   the   additive   genetic   influence,   C   is   the  

shared   environmental   influence,  D   is   the  dominance  genetic   influence,   and  E   is  

the   unique   environmental   influence)   were   built   and   tested   against   a   saturated  

model,   where   no   inference   on   the   underlying   architecture   of   the   phenotype   is  

assumed.   The   simplest   genetic   model   that   fitted   the   data   best   was   chosen   by  

comparing   the   fit   statistics   (likelihood   ratio   test   and   Akai

Criterion)   of   the   hierarchically   nested,   hypothetical   models   against   that   of   the  

saturated  model.  

6.7   Other  statistical  and  visualization  methods  

6.7.1   P-gain  

P-gain   is   a   statistic   calculated   to   evaluate   the  difference   in   the  associations  of   a  
SNP   to   two   traits,   i.e.,  P-gain   is   the   ratio  of   the   two  P-values.  This   statistic  was  

applied   in   Publication   III   to   formally   quantify   the   gain   from   using   the  

metabolomics  measures  over  the  enzymatic  lipids.  A  P-gain,  here  the  ratio  of  the  
P-values   of   the   SNP   association   to   the   lead   enzymatic   lipid   and   the   lead  
metabolomics   trait,   over  47  was  considered  significant.  The  significance   level  of  

47   was   derived   from   the   number   of   principal   components   of   the   full  

metabolomics  data  set  explaining  over  99%  of  variance.  In  Publication  IV  P-gain  
was   used   to   determine   whether   a   ratio   of   two  metabolites   has   better   power   of  

association   than   the   individual   metabolites.   A   P-gain   was   calculated   for   all  
associated   ratios   for   all   associated   SNPs   by   taking   the  minimum   of   the   two   P-
values  of  association  of  the  individual  metabolites  of  the  ratio  and  dividing  this  by  
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the  P-value  of  the  ratio.  If  the  P-gain  was  over  1,  then  the  ratio  was  considered  to  

provide  information  beyond  the  individual  metabolites.    

6.7.2   Heat  map  visualization  

In  Publication  III  the  associations  of  the  SNPs  in  the  lipid  loci  to  the  metabolites  

were  visualised  using  a  heat  map   to  enable   the   simultaneous  comparison  of   the  

associations.  The  beta  coefficients  determined  the  colour  scale  of  the  map.  For  the  

heat  map  containing  the  associations  of  all  the  lead  SNPs  of  the  95  lipid  loci  with  

the   lipoprotein   subclass   measures,   the   SNPs   were   ordered   based   on   their   beta  

coefficients   using   multidimensional   scaling   with   the   apoB-related   lipoprotein  

measures  and  HDL  measures  contributing  with  equal  weight  to  the  ordering.  The  

visualization  was  done  in  Matlab  programming  environment.            
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7.  NMR  metabolomics  meets  genetics  

This   chapter   presents   the   results   from   two   studies   (Publications   III   and   IV),   in  

which   that   metabolite   information   obtained   via   the   metabolomics   platform  

presented   in  Chapter  3  was   combined  with  genetic  data;;  Publication   III  utilized  

the  quantified  metabolite  data  and  a  dense  map  of  variants  to  further  characterize  

the   known   lipid   loci79   both   by   phenotype   and   by   genotype.   In   Publication   IV  

genome-wide  scan  of  the  metabolite  traits  was  conducted  and,  by  including  a  twin  

data   set,   the   heritabilities   of   the   metabolite   traits   were   estimated   and   the  

proportion  the  found  variants  explain  of  the  variance  of  the  metabolite  traits  was  

determined.    

The  data  set  used  in  the  studies  comprises  of  in  total  8330  Finnish  individuals  

from   five   population-based   cohorts   with   both   genotype   and   metabolite   data.  

Table  10  gives  the  basic  cohort  characteristics.  The  genotype  data  was  augmented  

by   imputation   to   the   1000  Genomes   reference   panel   yielding   a   dense   genotype  

marker   set   of   7.7   million   SNPs   across   the   genome.   The   metabolites   were  

quantified   from   the   NMR   spectra   automatically   as   described   in   Chapter   3.  

Altogether  quantitative  data  was  available  for  117  metabolites  (80  from  LIPO,  22  

from  LMWM  and  15   form  LIPID  windows).  Additionally,  a   set  of  99   interesting  

derived   measures,   including   selected   ratios   of   the   metabolites,   were   calculated  

based   on   existing   biological   knowledge.   The   studied   metabolites   and   derived  

metabolite  measures  with  the  abbreviations  used  are  given  in  Appendix  I.  

  

Table  10.  The  basic  characteristics  of  the  five  population-based  Finnish  cohorts  
used  in  Publications  III  and  IV.  

Study   N   Mean  age,  
years  

%  Female  

NFBC1966   Northern  Finland  Birth  Cohort  1966   4703   31  ±  0   51%  
YF   The  Cardiovascular  Risk  in  Young  

Finns  Study  
1904   37.7  ±  5.0   54%  

HBCS   Helsinki  Birth  Cohort  Study   708   61.3  ±  2.9   60%  
H2000   Health  2000  GenMets  Study   572   55.8  ±  7.3   57%  
DILGOM   The  Dietary,  Lifestyle,  and  Genetic  

determinants  of  Obesity  and  Metabolic  
Syndrome  

443   50.1  ±  13.5   56%  
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7.1   Metabolic  and  genetic  characterization  of  the  known  lipid  loci  
(Publication  III)  

In   Publication   III   the   metabolomics   and   genotype   data   were   used   to   further  

uncover   the  metabolic  and  genetic  architecture  of   the  95   loci   identified   through  

associations   with   enzymatic   measures   of   TC,   TG,   LDL-C   and   HDL-C79.   As  

suggested  in  another  study33,  some  of  the  lipid  genes  can  have  specific  effects  on  

certain  types  of  lipoprotein  particles.  Therefore,  we  hypothesized  that  the  variants  

could   be   more   strongly   associated   with   specific   lipoprotein   subclass   measures  

compared  to  the  aggregate  enzymatic  lipid  measures.  On  the  other  hand,  some  of  

the   lipid   genes   have   showed   associations   to   a   wide   range   of   traits,   thus   we  

investigated  the  associations  across  the  whole  metabolomics  panel.  Furthermore,  

a   recent   study   showed   for   seven   LDL-C   associated   genes   how   a   more   detailed  

coverage  of  the  SNPs  in  the  associated  regions  than  the  genotyping  arrays  provide  

leads   to   the   discovery   of   stronger   and   further   variants143.   Thus,   we   utilized   the  

detailed   marker   map   obtained   via   imputation   to   the   1000   Genomes   reference  

panel  and  investigated  the  associations  of  all  the  variants  within  the   lipid  loci  to  

the  metabolite  traits,  and  also  performed  conditional  analyses  to  formally  search  

for  multiple  independent  variants.  

7.1.1   Detailed  metabolic  characterization  of  the  lipid  loci  

We  first  investigated  the  associations  of  the  102  lead  SNPs  reported  for  the  95  loci  

to  the  wide  range  of  metabolomics  traits  (216  traits)  and  the  four  enzymatic  lipid  

measures.   Twenty-two   of   the   previously   reported   lead   SNPs   showed   significant  

associations  (P  <  5  ×  10-8).  The  associated  loci  and  traits  are  given  in  Table  11.  For  
only  six  of  the  lead  SNPs  (bottom  panel  in  Table  11)  the  strongest  association  was  

to  an  enzymatically  measured   lipid,  but   for  16  SNPs  a  more  detailed   lipoprotein  

measure   or   a   ratio   of   the   metabolites   was   the   most   associated   trait.   Had   only  

enzymatic   traits  been   studied,   only   16   significantly   associated  SNPs  would  have  

been  found.  

We  assessed  the  increase  in  the  strength  of  association  from  using  the  detailed  

metabolite   traits   from   the   metabolomics   platform   over   the   enzymatically  

determined   lipids  by  calculating   the  P-gain  statistic   (see  Materials  and  Methods  

for  details).  For  a  majority  of  the  associated  loci,  i.e.,  13  SNPs  (top  panel  in  Table  

11),   there  was   a   significant  P-gain   from  using   the  metabolomics   phenotypes.   In  
line   with   this   observation,   the   proportion   of   trait   variance   the   associated   SNPs  

explained  was  considerably  higher  for  the  metabolite  traits  (median  0.66%)  than  

for  the  enzymatic  lipids  (median  0.39%).  The  highest  P-gain  was  observed  for  the  
FADS1-2-3  locus,  which  encodes  for  the  fatty  acid  desaturase  genes;;  the  strongest  

association   was   to   a   specific   ratio   of   polyunsaturated   lipids   and   a   single   SNP  

explained  15.41%  of  the  variance  of  this  trait.  
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Table   11.   The   22   lead   SNPs   that   associated   significantly   with   the   metabolite  
measures  or  enzymatic  lipids.  

Locus   Chr   Lead  SNP   Lead  trait   P-value   Variance  
explained  

P-gain  

Significant  P-gain  
ANGPTL3*   1   rs2131925   Val/Serum-TG   4.01    ×  10-12   0.59%   2.69  ×  104  
GALNT2*   1   rs4846914   M-HDL-L/S-HDL-L   1.67    ×  10-12   0.66%   7.95  ×  106  
APOB   2   rs1042034   XS-VLDL-TG   9.80    ×  10-18   0.89%   3.80  ×  108  
MLXIPL   7   rs17145738   VLDL-D   1.77    ×  10-12   0.62%   1.02  ×  103  
LPL   8   rs12678919   Val/Serum-TG   5.81    ×  10-13   0.63%   4.47  ×  103  
ABCA1   9   rs1883025   Free-C/Est-C   3.04  ×  10-11   0.57%   6.07  ×  101  
FADS1-2-3   11   rs174546   LA/PUFA   4.77  ×  10-268   15.41%   2.32  ×  10259  
APOA1   11   rs964184   Val/Serum-TG   1.09  ×  10-26   1.38%   2.73  ×  102  
LIPC   15   rs1532085   XL-HDL-TG   5.52  ×  10-72   3.97%   4.67  ×  1055  
HPR*   16   rs2000999   Gp/Tot-C   1.47  ×  10-13   0.67%   8.67  ×  108  
CILP2*   19   rs10401969   MobCH   5.21  ×  10-9   0.42%   1.10  ×  103  
APOE*   19   rs439401   XS-VLDL-TG   3.12  ×  10-9   0.43%   7.31  ×  102  
PLTP*   20   rs6065906   L-HDL-L/M-HDL-L   1.29  ×  10-24   1.27%   4.97  ×  1022  
Small  P-gain  
GCKR   2   rs1260326   Ala/Gln   1.20    ×  10-18   1.03%   1.24  
PPP1R3B   8   rs9987289   IDL-C   3.20    ×  10-9   0.42%   3.93  
APOE   19   rs4420638   S-LDL-L   3.38    ×  10-23   2.15%   2.76  

No  P-gain  
SORT1   1   rs629301   LDL-C-lab   3.68  ×  10-15   0.73%   -  
APOB   2   rs1367117   LDL-C-lab   4.50  ×  10-12   0.60%   -  
HMGCR   5   rs12916   LDL-C-lab   1.30  ×  10-10   0.50%   -  
CETP   16   rs3764261   HDL-C-lab   6.32  ×  10-49   2.52%   -  
LDLR   19   rs6511720   LDL-C-lab   6.28  ×  10-22   1.12%   -  
HNF4A   20   rs1800961   HDL-C-lab   1.03  ×  10-8   0.37%   -  
Locus,   the   candidate   gene   or   the   nearest   gene   associated   to   the   lead   SNP   as  
reported  in  Teslovich  et  al.79;;  Chr,  chromosome;;  Lead  SNP,  the  most  associated  
variant   of   the   locus   in  Teslovich   et   al.   79;;   Lead   trait,   the   trait  most   associated  
with  the  lead  SNP;;  Variance  explained,  the  proportion  of  the  variance  of  the  lead  
trait   the   lead   SNP   explains;;   P-gain,   the   value   of   the   P-gain   statistic   used   to  
evaluate   the   gain   from   using   the   more   detailed   metabolite   measures   (See  
Materials  and  methods),  value  >  47  was  considered  significant;;  *,  the  lead  SNP  
was   not   associated  with   the   enzymatic   lipids.   The   key   for   the  metabolite   trait  
abbreviations  is  given  in  Appendix  I.  

  

The   reported   lead   SNPs   of   the   loci   associated   with   up   to   70   metabolite  

measures.   Unsurprisingly,   as   the   lipoprotein   subclasses   are   correlated   and  

connected   in   the   lipoprotein  cascade,  most  SNPs  showed  associations   to   several  

lipoprotein  subclass  measures.  The  subclass  associations  were,  in  general,  in  line  

with   the  observations   from   the  original   study,   e.g.,   the  SNP   in  LDLR   locus   that  

was   previously   reported   to   associate  with   LDL-C   associated   to   all   LDL   subclass  

measures.  However,  for  some  loci  the  association  profiles  were  specific  to  certain  

subclass  particle   types  or  measures,  and   the  enzymatic   lipid  measures  appeared  

not   to   fully   describe   these   associations.   For   example,   both   PLTP   and   LIPC  

associated   with   very   large,   large   and   small   HDL   particles,   but   the   sign   of  
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association  was  the  opposite  between  the  larger  and  smaller  HDLs  (See  Figure  14  

for  a  visualization  of  the  subclass  associations  for  these  loci).  Thus,  the  association  

to  total  HDL-C  was  insignificant  (PLTP)  or  considerably  weaker  (LIPC)  than  the  
subclass   associations.  The   subclass   associations  of  both   loci   are   in   line  with   the  

known   functions   of   the   encoded   proteins;;   e.g.,   one   of   the   roles   of   PLTP   is   to  

modulate  HDL  particle  size.  

  

  

Figure   14.   A   heat  map   visualization   of   the   associations   of   the   reported   lead  
SNPs   in   PLTP   (rs6065906)   and   LIPC   (rs1532085)   loci   with   the   lipoprotein  
subclass  measures.  The  colouring  represents  the  effect  sizes  of  the  associations,  
and   the   significance  of  an  association   is   indicated   either  with  a   star   (genome-
wide  significance)  or  a  dot   (nominal   significance).  The  effect   size   is   in  units  of  
standard  deviations  and   shown   in   respect   to   the  A  and  C  alleles   for  LIPC  and  
PLTP  SNPs,  respectively.  

The  associations  of   the   lipid   loci  were  not   limited  to   the   lipoprotein  measures,  

but  some  loci  showed  associations  also  with  other  metabolites,  including  GCKR,  a  

well-established   susceptibility   locus   for   T2D144   that   encodes   for   glucokinase  

regulatory  protein.   In  addition   the   to   the  associations  with  VLDL  and   fatty  acid  

measures  GCKR   associated  with   several   amino  acids,   small  molecules   and   their  
ratios.  For  example,  the  SNP  was  the  most  associated  with  the  ratio  of  alanine  and  

glutamine.  Table  12  lists  the  significant  small  molecule  associations  of  the  GCKR  
SNP.      
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Table   12.   The   significant   small   molecule   associations   of   the   lead   SNP  
(rs1260326)  in  GCKR  locus.  The  effect  size  is  in  units  of  standard  deviations  and  
given  in  respect  to  the  T  allele.  

Metabolite   P-value     Effect  size  
Amino  acids  &  small  molecules  

Alanine     1.41  ×  10-17   0.138  
Isoleucine     2.93  ×  10-14   0.123  
Leucine     9.96  ×  10-10   0.099  
Pyruvate   1.53  ×  10-10   0.104  
Glycoproteins   3.72  ×  10-10   0.101  

Metabolite  ratios  
Alanine/Glutamine   1.20  ×  10-18   0.15  
Isoleucine/Glucose   6.49  ×  10-17   0.135  
TG/Glucose   9.76  ×  10-16   0.13  

Isoleucine/Phenlylalanine   1.18  ×  10-15   0.13  
Glutamine/Isoleucine   2.22  ×  10-14   -0.13  
Glucose/Pyruvate   1.27  ×  10-13   -0.12  

7.1.2   Genetic  and  metabolic  architecture  of  the  lipid  loci  

Next  the  associations  of  all  the  variants  within  the  95  lipid   loci  (440,870  SNPs),  

i.e.,  within  1Mb  of   the   reported   lead  SNP  of   the   locus,   to   the  metabolomics  and  

enzymatic  measures  were  studied   in  order   to   identify  alternative  variants   to   the  

reported   lead  SNPs   that  would  show  stronger  associations   to   the  metabolites   or  

lipids   in   the  homogeneous  Finnish  population.  In  addition,  conditional  analyses  

were  performed  to  identify  statistically  independent  variants  in  the  loci  that  could  

increase  the  proportion  of  trait  variance  the  loci  explain.  

In   total   31   of   the   lipid   loci   showed   significant   associations,   and   for   27   loci   a  

variant  other  than  the  previously  reported  lead  SNP  was  the  most  associated  SNP.  

Thus,  in  only  four  loci  (CETP,  HNF4A,  APOA1  and  GCKR)  the  reported  lead  SNP  
showed   the   strongest   associations.   For   eleven   of   the   associated   regions  

(LDLRAP1,   PCSK9,   ABCG5/8,   C6orf106,   ABO,   LRP4,   LRP1,  HNF1A,   SCARB1,  
LCAT   and   LIPG)   the   original   lead   SNP   was   not   associated   with   any   of   the  
metabolite  traits  in  our  data.    

The  new  variants  increased  the  variance  explained  of  the  traits  compared  to  the  

reported  lead  SNPs  (median  0.81%  vs.  median  0.42%).  However,  as  the  regional  

association  plots  of  the  LIPC  and  PLTP  loci  show  (Figure  15),  the  greatest  increase  
in  the  explained  variance  arises  from  using  the  detailed  metabolite  traits.  

   variants   were   weakly   correlated   with   the  

reported   lead   SNPs,   and   therefore   these   associations   may   arise   from   a   signal  

different  to  the  original  lipid  association.  For  example,  the  strongest  associations  

in  HPR  and  LRP1   loci  point  to  the  neighbouring  amino  acid  loci   (Publication  IV  
and  Suhre  et  al.14).  However,  the  most  associated  variant  in  APOE  locus  is  weakly  
correlated  with  the  previous  lead  SNP  but  was  also  found  in  another  study  to  be  

the  variant  in  the  region  most  associated  to  LDL-C143.  
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Figure   15.   The   regional   association   plots   of   the   LIPC   and   PLTP   loci   the  
previous   and   new   lead   variants   highlighted.   Associations   for   both   the   lead  
enzymatic  trait  and  the  lead  metabolomics  trait  are  shown.  The  plots  are  from  
the  Supplementary  Material  of  Publication  III.  
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In   order   to   formally   test   the   independence   of   the   variants   within   the   loci,  

conditional  association  analyses  were  performed  (See  Materials  and  Methods  for  

details).   These   revealed   twelve   loci   (PCSK9,   APOB,   TYW1B,   FADS1-2-3,   LRP1,  
LIPC,  HPR,  CETP,  LOC55908,  CILP2,  APOE   and   PLTP)   that   harboured   two   or  

more   independently   associated   variants;;  APOB   and  APOE   loci   harboured   three  
and  LIPC  and  HPR  four  independent  SNPs.  
Interestingly,   the   study   of   the   associations   of   the   independent   and   associated  

variants  across  the  wide  metabolite  panel  revealed  that  the  variants  in  APOB  show  

distinct   differences   in   their   association   profiles;;   two   variants   associated  mostly  

with  IDL  and  LDL  particles  while   the  two  other  SNPs  associated  with  the   larger  

apoB-lipoproteins   (Figure   16)

APOB  gene  that  encodes  the  MTP-binding  domain,  and  the  latter  two  in  the  other  
end  of  the  gene  near  the  LDLR-binding  domain.  

  

  

Figure   16.  
associated  variant   in   the  APOB  locus  to   the   lipoprotein  subclass  measures.  The  
colouring  represents   the  effect   sizes  of   the  associations,  and   the   significance  of  
an   association   is   indicated   either  with   a   star   (genome-wide   significance)   or   a  
dot  (nominal  significance).  The  effect  size  is  in  units  of  standard  deviations  and  
shown   in   respect   to   the   alleles   that   associated   with   an   increase   of   the   most  
associated  trait.  The  figure  is  modified  from  Figure  2  of  Publication  III.  

7.1.3   Discussion  

Taken   together,   the   thorough   metabolic   and   genetic   characterization   utilizing  

NMR  metabolomics   data   and   a   dense  map   of   genotyped   and   imputed   variants  

from  the  1000  Genomes  reference  panel  identified  significant  associations  for  31  

known   lipid   loci.   Table   13   summarizes   the   lead   associations   (both   variant   and  

phenotype)   for   these   loci.   Interestingly,   only   for   one   of   the   31   loci,  HNF4A,   no  

further  information  in  terms  of  associated  SNPs  or  traits  beyond  those  reported  in  

the   original   paper   could   be   provided,   thus   demonstrating   the   power   of   the  

combined  use  of  a  wide  metabolite  panel  and  a  dense  marker  set.  

We   found   that  many   loci  demonstrated  stronger  associations   to  more  detailed  

measures   of   metabolism   than   the   enzymatic   lipid   measures;;   the   proportion   of  

variance  explained  was  considerably  larger  for  the  lead  metabolite  traits  than  for  

the   enzymatic   lipids.   This   points   to   that   these   loci   may   have   more   specific  

metabolic  roles,  which  the  aggregate  lipid  measures  can  capture  only  partially.    
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For   example,   with   the   detailed   lipoprotein   subclass   variables   we   showed   the  

heterogeneous   association   patterns   of   LIPC   and   PLTP   to   the   HDL   measures.  
These  results  support  the  previous  findings  that  refined  lipoprotein  profiling  often  

results   in  stronger  associations  than  the  use  of   the  conventional  enzymatic   lipid  

measures33,  121.    

An   increase   in   the   explained   variance   when   lipoprotein   subclasses   are   used  

instead  of   the  conventional   lipids  was  also  observed   in   the   study  by  Petersen  et  

al.122  published  simultaneously  with  our  paper  (Publication  III).  The  authors  took  

a  similar  approach  and  studied  the  associations  of  the  lead  variants  in  the  95  lipid  

loci   to   15   NMR-derived   lipoprotein   subclasses   in   1,791   individuals.   Due   to   the  

smaller   sample   size   a   smaller   number   or   significant   loci   was   identified   in   this  

study,   but,   for   example,   the   findings   regarding   PLTP   and   LIPC   are   mostly  
consistent  with  our   results,   although   the   subclass  definitions  differ  between   the  

studies.  

Studying  a  wide  range  of  metabolites,   including   lipoproteins  and   lipids  as  well  

as   small   molecules,   enabled   us   to   comprehensively   profile   the   potential   gene  

effects   on   various   parts   of   metabolism.   Although   the   studied   loci   have   been  

identified  to  associate  with   lipid   levels,  our  analysis   showed  that  some   loci  have  

associations   to   metabolites   not   known   to   directly   relate   to   lipoprotein  

metabolism.  The  uncovered  associations  of  GCKR  with   the   various   amino  acids  
and  other  small  molecules  underpin  the  benefits  of   the  hypothesis-free  profiling  

approach   and   may   provide   bases   for   new   hypotheses   for   the   pathways   linking  

GCKR   and   the   number   of   metabolic   conditions   the   locus   has   been   previously  
associated  with.  

The  reported  lead  SNP  was  the  most  significantly  associated  variant  in  only  four  

loci.  The   large  number  of   alternative   region   specific   stronger   variants   identified  

shows  the  benefits  of  a  detailed  map  of  variants.  Using  Finnish  population-based  

cohorts   provided   us   a   homogeneous   study   sample.   However,   as   Finns   have  

unique  LD  patterns,  the  associations  and  the  identified  variants  may  not  be  fully  

accurate  as  such  in  other  European  populations.  However,  at  least  one  of  the  new  

region   specific   strongest   variants   has   been   found   in   another   study   to   associate  

with  lipids143.  Many  loci  were  found  to  harbour  multiple  independently  associated  

markers  that  together  explained  a  considerably  larger  proportion  of  trait  variance,  

a  finding  which  is  in  line  with  the  observations  from  a  recent  study143.  
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Table  13.  A  summary  of  the  lead  variants  and  lead  traits  for  the  31  significantly  
associated  lipid  loci.  

Locus   Chr   SNP   Trait   P-value   Variance  
explained  

Correlation  of  
SNPs  

Lead  SNP  and  lead  trait  remains  
CETP*   16   rs3764261   HDL-C-lab   6.32  ×  10-49   2.51%   1.000  
HNF4A   20   rs1800961   HDL-C-lab   1.03  ×  10-8   0.37%   1.000  
Lead  SNP  but  new  trait  
GCKR   2   rs1260326   Ala/Gln   1.20  ×  10-18   1.03%   1.000  
APOA1   11   rs964184   Val/Serum-TG   1.09  ×  10-26   1.38%   1.000  
Enzymatic  trait  but  new  SNP  
PCSK9*   1   1-55892749   LDL-C-lab   1.34  ×  10-21   1.46%   0.024  
LDLRAP1   1   rs35346083   LDL-C-lab   4.95  ×  10-8   0.40%   0.929  
SORT1   1   rs660240   LDL-C-lab   1.94  ×  10-15   0.75%   0.990  
ABCG5/8   2   rs6756629   LDL-C-lab   1.88  ×  10-10   0.47%   0.036  
HMGCR   5   rs7703051   LDL-C-lab   3.86  ×  10-11   0.52%   0.931  
ABO   9   rs11244035   LDL-C-lab   3.87  ×  10-9   0.49%   0.270  
LRP4   11   rs3758673   HDL-C-lab   7.99  ×  10-11   0.49%   0.306  
SCARB1   12   12-123911977   HDL-C-lab   1.68  ×  10-8   0.49%   0.046  
LCAT   16   16-66448807   HDL-C-lab   2.34  ×  10-8   0.40%   0.652  
LDLR   19   19-11058749   LDL-C-lab   4.01  ×  10-24   1.45%   0.881  
APOE*   19   rs7412   LDL-C-lab   2.75  ×  10-64   4.62%   0.048;;  0.011  
New  trait  and  new  SNP  
ANGPTL3   1   rs1168029   MobCH   1.18  ×  10-13   0.71%   0.884  
GALNT2   1   rs11122454   M-HDL-L/S-HDL-L   8.36  ×  10-13   0.71%   0.907  
APOB*   2   rs4665710   XS-VLDL-TG   9.17  ×  10-18   0.89%   1.000;;  0.134  
C6orf106   6   6-34803686   M-HDL-CE   2.26  ×  10-8   0.81%   0.109;;  0.064  
MLXIPL   7   rs1324787   VLDL-D   4.78  ×  10-14   0.83%   0.673  
PPP1R3B   8   rs983309   IDL-C   2.43  ×  10-9   0.42%   0.901  
LPL   8   8-19956650   M-VLDL-PL   2.28  ×  10-15   0.90%   0.774  
ABCA1   9   rs2575876   Tot-C/Est-C   1.63  ×  10-11   0.58%   0.988  
FADS1-2-3*   11   rs174547   LA/PUFA   1.31  ×  10-269   15.72%   0.986  
LRP1*   12   rs2638315   Gln/Glc   2.38  ×  10-36   2.42%   0.001  
HNF1A   12   rs58706475   Tyr   2.07  ×  10-8   0.51%   0.135  
LIPC*   15   rs35853021   XL-HDL-TG   7.11  ×  10-76   4.46%   0.813  
HPR*   16   rs4788815   Phe/Tyr   7.37  ×  10-18   0.98%   0.038  
LIPG   18   rs7228085   XL-HDL-TG   4.34  ×  10-11   0.59%   0.164  
CILP2*   19   rs17216588   MobCH   1.04  ×  10-9   0.45%   0.912  
PLTP*   20   rs6065904   L-HDL-L/M-HDL-L   1.49  ×  10-32   1.77%   0.598  
Locus,   the   candidate   gene   or   the   nearest   gene   associated   to   the   lead   SNP   as  
reported   in   Teslovich   et   al.79;;   Chr,   chromosome;;   Lead  SNP  and   lead   trait,   the  
most  associated  SNP-trait  pair  in  the  locus;;  Variance  explained,  the  proportion  
of   the  variance  of   the   lead   trait   the   lead  SNP  explains;;   *;;   the   locus  harboured  
multiple   independently   associated   markers.   The   key   for   the   metabolite   trait  
abbreviations  is  given  in  Appendix  I.  

We  studied  the  lipid  loci  using  NMR-based  profiling  of  serum  metabolites  and  

many  of  the  studied  117  metabolites  and  the  99  derived  measures  were  lipoprotein  

related.  This  capability  of  NMR  to  profile  lipoproteins  in  detail  was  of  particular  

use  as  the  focus  was  on  lipid  loci.  However,  as  some  of  the  loci  were  identified  to  

have   associations   beyond   lipoprotein   measures,   studies   using   metabolite   data  
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from  other  metabolomics  platforms  providing  complementing   information  seem  

justified  to  further  uncover  the  biological  processes  underlying  the  loci.    

To  conclude,  this  study  uncovered  a  complex  metabolic  and  genetic  architecture  

underlying   the   known   lipid   loci.   As   lipoproteins   are   key   players   in   various  

metabolic   conditions,   the   found   associations   may   be   utilized   to   provide  

hypotheses   for   further   studies   to   better   understand   the   variety   and  

interconnections  of  the  metabolic  processes  involved.  

7.2   Genome-wide  scan  of  the  metabolomics  traits  (Publication  IV)  

While  the  study  presented  in  Publication  III  focused  on  a  predefined  set  of  loci,  in  

Publication   IV   a   fully   hypothesis-free   approach   in   terms   of   the   genetic  

associations  was  taken:  all  the  216  assayed  metabolites  and  derived  variables  were  

correlated   against   the   full   set   of   7.7   million   markers   distributed   across   the  

genome.   In  addition   to   the   five  population-based  cohorts   studied   in  Publication  

III,  a  data  set  of  561  Finnish  twin  pairs  (221  monozygotic,  340  dizygotic,  aged  22-

25)  with  genotype  and  metabolomics  data  was  added  to  the  analyses  to  enable  the  

estimation  of  the  heritabilities  of  the  metabolite  traits.  

The   handful   of   the   previous   metabolomics-GWASs   have   provided   valuable  

information   on   the   genetic   variants   contributing   to   metabolite   variation.  

However,  as  only  some  of  the  metabolites  assayed  using  the  NMR  metabolomics  

platform   overlap   with   the   previous   studies,   we   hypothesized   new   genetic  

information  could  be  uncovered.  Also,  as  our  data  set  included  more  individuals  

and  variants   than   the  previous  metabolomics-GWASs,   further   variants   could  be  

identified  due  to  the  increase  in  power  and  the  more  comprehensive  coverage  of  

the   genetic   variation.   Furthermore,   little   data   existed   on   the   heritabilites   of   the  

metabolomics   traits.   Thus,   the   estimates   obtained   studying   the   twin   sample  

would  provide  a  resource  to  evaluate   the  overall  proportion  of   trait  variance  the  

genetic  factors  explain.    

7.2.1   Heritability  estimates  of  the  metabolomics  traits  

The   small   molecules   showed   in   general   lower   heritability   estimates   (lowest   for  

histidine,  0.23;;  highest  for  glutamine,  0.55)  than  the  lipids  (lowest  for  DHA,  0.48;;  

highest   for   LA,   0.62)   or   lipoproteins   (lowest   for   the   concentration   of  

chylomicrons   and   extremely   large  VLDL  particles   (XXL-VLDL-P),   0.50;;   highest  

for  the  free  cholesterol  in  large  HDL,  0.76).  Taking  into  account  also  the  derived  

metabolite   measures,   the   trait   showing   the   highest   heritability   (0.79)   was   the  

ratio  of  total  lipids  in  large  and  medium  HDL  particles.  Several  measures  of  very  

large   and   large   HDL   particles   as   well   as   the   mean   diameter   of   HDL   particles  

showed   exceptionally   high   heritabilities   (above   0.70),   and   >   40%   of   the  

metabolites  had  estimates  of  heritability  above  0.60.  

The   high   heritability   estimates   for   the   lipoprotein   subclasses   motivated   a  

comparison   of   the   heritabilities   of   the   enzymatic   lipid   measures   and   the  
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corresponding   measures   derived   from   NMR   data.   The   heritability   estimates  

calculated   in   a   subset   of   the   twins   (N   =   256)   were   similar   for   TC,   LDL-C   and  

HDL-C,  but  were  slightly  different  for  TG  the  heritability  estimate  for  the  NMR-

measure  being  higher  (0.68)  that  the  enzymatic  one  (0.55).  

7.2.2   Genome-wide  association  analysis  

The   genome-wide   association   analysis   identified   31   loci   showing   significant  

associations  with  a  total  of  180  metabolomics  traits.  A  stringent  P-value  threshold  
(2.31   ×   10-10,   genome-wide   significance   corrected   for   the   216   traits   tested)   was  

adopted  to  prevent  false  positive  findings.  Thirteen  of  the  associated  loci,  seven  of  

which   had   not   been   previously   associated   with   other   metabolic   phenotypes,  

showed  associations  with  amino  acids  or  other  small  molecules.  The  remaining  18  

loci  demonstrated  associations  to   lipoprotein  or   lipid  measures;;   three  novel  and  

eleven  known  loci  showed  the  strongest  association  to  a  lipoprotein  measure  and  

one  novel  and  three  known  loci  associated  primarily  to  other  NMR-derived  lipid  

measures.   Figure   17   summarizes   the   findings   and   places   those   on   the   primary  

pathways  of  human  metabolism.  The  associated  loci  are  briefly  described  below.  

Loci  associated  with  small  molecules  
The  seven  novel  and  six  known  loci  that  showed  associations  to  small  molecules  

are   summarized   in  Table   14  with   their   lead   associations,   significant   eQTLs   and  

potential   candidate   genes   /   reported   candidates   and   traits.   Six   of   the  novel   loci  

associated  with  amino  acid  measures;;  five  of  the  loci  associated  with  measures  of  

the   amino   acids   recently   shown   to   predict   T2D5,   and   one   with   glutamine.   In  

addition   one   locus   was   associated   with   citrate   levels.   Only   one   locus   showed   a  

significant  eQTL  in   leukocytes:   the   lead  SNP  in   the  citrate   locus   in  chromosome  

22   had   an   eQTL   with   CLTCL1.   Interestingly,   this   locus   harbours   a   plausible  
candidate  gene,  SLC25A1,  which  encodes  for  a  citrate  transporter.    The  genes  near  
two  other   loci  also  have   functions  that  closely  match  the  associated  metabolites.  

The  SNP  in  chromosome  2  that  associated  with  the  ratio  of  alanine  and  valine  is  

in   the   first   intron   of   SLC1A4,   a   neutral   amino   acid   transporter.   The   variant  
associated  with  the  ratio  of  phenylalanine  and  tyrosine  maps  25  kb  upstream  of  

TAT.  TAT   encodes   for   tyrosine   aminotransferase,   an   enzyme   that   catalyzes   the  

conversion  of  tyrosine  to  hydroxyphenylpuryvate,  and  mutations  in  this  gene  have  

been  shown  to  cause  type  2  tyrosinemia  [OMIM  276600]  the  symptoms  of  which  

include  intellectual  disability,  keratitis,  painful  palmoplantar  hyperkeratosis,  and  

elevated  serum  tyrosine  levels.    

Among  the  known  associations  are  two  previously  reported  gluocse  loci,  which  

associated  in  our  data  with  the  NMR-derived  glucose,  and  two  recently  reported  

amino  acid  loci,  SLC16A10  and  GLS2,  for  which  we  report  associations  to  similar  

metabolite   measures.   In   addition,  GCKR   locus   shown   to   associate,   e.g.,   to   TG,  
showed   the   strongest   association   to   the   ratio   of   alanine   and   glutamine   but   also  

associated  to  various  lipoprotein,  especially  VLDL,  measures.  Finally,  we  provided  

further   biological   evidence   for   a   locus   in   chromosome   6,   which   was   recently  
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associated   with   bradykinin,   while   we   showed   an   association   to   histidine   and  

related  ratios.  

  

  
Figure   17.  A   summary  of   the   identified  31   loci   and   studied  metabolites   in   the  
context  of  the  primary  pathways  of  human  metabolism.  New  loci  are  highlighted  
in  red  and  loci  that  were  found  in  previous  GWAS  are  marked  with  blue  colour.  
The  figure  is  modified  from  Publication  IV.  
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Table   14.  The   loci   that  associated  with  amino  acids  or  other   small  molecules.  
The  top  panel  presents  the  novel  loci  and  the  bottom  panel  the  known  loci.  

SNP   Chr   Lead  trait   P-value   Effect  
size   eQTL   Candidate  (trait)  

Novel  loci  
rs2160387   2   Ala/Val   2.62  ×  10-22   -0.17   -   SLC1A4  

rs1440581   4   Fischer's  
ratio   1.96  ×  10-16   0.13   -   PPM1K  

rs2545801   5   Phe   8.70  ×  10-11   -0.12   -   F12  
rs2297644   10   Gln/His   1.23  ×  10-12   0.15   -   DHDPSL  
rs4788815   16   Phe/Tyr   1.54  ×  10-17   0.15   -   TAT  

17-7083575*   17   Fischer's  
ratio   2.64  ×  10-14   -0.51   -   SLC2A4  

rs807669   22   Citrate   3.30  ×  10-16   -0.14   CLTCL1   SLC25A1  
Known  loci  
rs1260326   2   Ala/Gln   2.59  ×  10-18   -0.15   -   GCKR,  TG100  
rs560887   2   Glc   2.19  ×  10-17   0.15   -   G6PC2,  Glucose145  
rs4241816   4   His/Val   5.58  ×  10-13   0.12   -   KLKB1,  Bradykinin14  

rs6900341   6   Ala/Tyr   3.68  ×  10-15   0.13   -   SLC16A10,  
Isoleucine/Tyrosine14  

rs10830963   11   Glc   3.19  ×  10-11   0.14   -   MTNR1B,  Glucose146  
rs2638315   12   Gln/Glc   2.43  ×  10-35   -0.29   SPRYD4   GLS2,  Glutamine14  
SNP,   the  most  associated  SNP   in   the  region;;  Chr,   chromosome;;  Lead   trait,   the  
most   associated   trait;;   Effect   size,   the   beta   coefficient   in   units   of   standard  
deviations;;  eQTL,  a  significant  association  of   the   lead  SNP  with  the  expression  
levels  the  shown  gene;;  Candidate,  a  potential  candidate  gene,  for  the  known  loci  
the  reported  associated  trait   is  given  with  a  reference  to  the  study;;  *,  the  locus  
would  not  have  been  identified  if  genotypes  imputed  HapMap  II  reference  panel  
been  used  instead  to  imputing  to  the  1000  Genomes  reference.  

Loci  associated  with  lipoproteins  and  lipids  
In   total   eighteen   loci   associated  with   lipoprotein   and   lipid  measures   (Table   15).  

Four  of  these  have  not  been  previously  reported  to  associate  with  metabolic  traits.  

These  regions  include  a   locus  associated  with  a  specific  HDL  particle  cholesterol  

measure,  one  showing  associations  to  a  range  of  lipoprotein  measures  and  serum  

albumin,  one  associated  with  VLDL  measures,  and  a  locus  associated  with  a  ratio  

of  polyunsaturated  fatty  acids.  

A  single  SNP  in  chromosome  1  associated  with  the  cholesterol  ester  content  of  

very   large   HDL   particles.   This   and   other   variants   in   the   locus   were   significant  

eQTL  SNPs  for  two  genes,  the  alpha  and  beta  subunits  of  Fc  fragment  of  IgG,  low  

affinity  II,  receptor  (FCGR2A  and  FCGR2B),  that  play  roles  in  activating  immune  
response.   FCGR2B   has   been   shown   to   modify   the   risk   of   atherosclerosis   in  
mice147,  148.  

Locus  close  to  ALB  in  chromosome  4  associated  with  albumin  and  several  apoB-
related  lipoproteins,  cholesterol  and  sphingomyelin.  Previous  reports  have  shown  

the   association   of   rare   variants   in   ALB   gene   to   analbuminemia,  

hypercholesterolemia   and   hyperlipidemia149-151.   In   line   with   these   observations  

but,  interestingly,  in  contrast  to  the  mostly  positive  correlations  between  albumin  

and   the   lipid   metabolites,   in   our   data   the   same   allele   that   associated   with   an  

increase  in  albumin  levels  associated  with  a  decrease  in  the  lipid  measures.    
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A   variant   in   class   I   MHC   locus   associated   with   XXL-VLDL-P   and   other  

lipoprotein  measures.  A  potential  candidate  gene  is  PPP1R11,  an  inhibitor  of  PP1,  
a  highly-conserved  serine/threonine  phosphatase  with  a  central  role   in  glycogen  

metabolism  and  maintaining  blood  glucose  levels.  

A   SNP   within   six   Mb   of   FADS   (fatty   acid   desaturase)   gene   cluster   in  
chromosome   11,   which   is   known   to   associate   with   lipoproteins   and   lipids,  

associated   with   the   ratio   of   linoleic   acid   to   other   polyunsaturated   fatty   acids  

(LA/PUFA)  (rs17610395;;  P  =  7.6  ×  10-12).  This  SNP  was,  however,  confirmed  to  be  

independent  of   the  previously   identified  marker   in   the  FADS  locus.  Matching  to  

the  associated  metabolite  trait,  a  ratio  of  polyunsaturated  fatty  acids,   the  variant  

is   a   non-synonymous   SNP   (Ala275Thr)   located   in   CPT1A,   a   gene   encoding  

carnitine   palmitoyltransferase   IA,   a   liver-expressed   enzyme   involved   in   long-

chain  fatty  acid  oxidation.  Rare  mutations  of  this  gene  cause  CPT  I  deficiency,  an  

autosomal  recessive  metabolic  disorder  of  long-chain  fatty  acid  oxidation  [OMIM  

255120].  

Our   data   replicated   the   associations   of   14   previously   reported   lipid   or  

lipoprotein  related   loci   to  a  similar  phenotype.  Twelve   loci  previously  associated  

with  TG,  LDL-C  or  HDL-C  show  associations  in  our  data  to  similar  phenotypes.  In  

addition,  in  line  with  reported  associations,  the  FADS  locus  associated  with  fatty  
acid  measures.  And   finally,  PDXDC1   locus   that  was   recently   shown   to   associate  
with   eicosatrienoylglycerophospholipids   associated  with   linoleic   acid,  which   can  

be  converted  to  an  eicosanoid  precursor.    

7.2.3   The  proportion  of  variance  explained  

The   proportions   of   variance   of   the  metabolite   traits   the   significantly   associated  

variants  together  explain  was  studied  in  the  twin  cohort  that  was  independent  of  

the   discovery   cohorts.   The   associated   variants   explained   up   to   9.5%   of   trait  

variance  for  the  metabolites  (highest  for  the  concentration  of  IDL  particles  (IDL-

P)  and  for  the  total  lipid  content  of  IDL)  and  a  considerably  larger  proportion,  up  

to   25%,   for   the   derived   measures   (highest   for   LA/PUFA).   The   corresponding  

proportions   of   the   heritable   variance   that   was   explained   were   14.5%   for   IDL-P  

and  40.4%  for  LA/PUFA.  The  exceptionally  high  proportion  of  explained  variance  

for  LA/PUFA  is  largely  driven  by  a  single  common  SNP  in  FADS  locus:  each  risk  
allele  resulted  in  a  0.57  SD  increase  in  the  fatty  acid  ratio.  The  box  plot  in  Figure  

18   illustrates   the  change   in  LA-PUFA  ratio  with   the   increasing  number  of   effect  

alleles  in  each  of  the  five  cohorts.    
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Table  15.  The  loci  that  associated  with  NMR-measures  of  lipoproteins  or  lipids.  
Top  panel  presents  the  novel  loci  and  bottom  panel  the  known  loci.  

SNP   Chr   Lead  trait   P-value   Effect  
size   eQTL   Candidate  (trait)  

Novel  loci  

1-159807481*   1   XL-HDL-CE   1.21  ×  10-10   0.19   FCGR2B,  
FCGR2A   FCGR2B,  FCGR2A  

4-73541429   4   Albumin   4.84  ×  10-18   -0.51   -   ALB  
rs6917603*   6   XXL-VLDL-P   2.81  ×  10-29   -0.24   -   PPP1R11  
rs17610395*   11   LA/PUFA   7.57  ×  10-12   0.17   -   CPT1A  
Known  loci  
1-55889093   1   L-LDL-FC   1.10  ×  10-19   -0.59   -   PCSK9,  LDL100  
rs1168029   1   MobCH   2.66  ×  10-13   0.13   -   ANGPTL3,  TG100  
rs13247874   7   VLDL-D   8.43  ×  10-14   -0.16   -   MLXIPL,  TG100  
8-19956650   8   M-VLDL-PL   4.26  ×  10-15   -0.22   -   LPL,TG100  
rs2575876   9   Tot-C/Est-C   1.63  ×  10-11   -0.14   -   ABCA1,  HDL100  
rs174547   11   LA/PUFA   8.02  ×  10-262   0.57   -   FADS1-2-3,  PC16  

rs651821   11   Val/Serum-TG   7.98  ×  10-20   0.27   -   APOA1-C3-A4-A5,  
LDL99  

rs35853021   15   XL-HDL-TG   7.11  ×  10-76   0.31   -   LIPC,  HDL100  

rs11075253   16   LA/PUFA   4.98  ×  10-15   -0.14   -  
PDXC1,   metabolism  
of   C20:2   and   C20:3  
fatty  acids14  

rs3764261      16   HDL-C   1.23  ×  10-36   0.22   -   CETP,  HDL101  
rs7228085*   18   XL-HDL-TG   6.70  ×  10-11   0.11   -   LIPG,  HDL100  
rs55791371   19   M-LDL-C/M-LDL-PL   8.21  ×  10-17   -0.26   -   LDLR,  LDL100  
rs7412   19   L-LDL-FC   2.52  ×  10-58   -0.75   -   APOE-C1-C2,  LDL100  
rs6065904   20   L-HDL-L/M-HDL-L   2.29  ×  10-31   -0.22   PLTP   PLTP,  TG101  
See  Table  14  for  key.  

  
Figure  18.  Box  plot  of  the  lead  SNP  in  FADS  locus  (rs174547)  and  its  effect  on  
the   LA-PUFA   ratio   in   the   five   study   cohorts.   The   numbers   above   the   boxes  
indicate   the   number   of   individuals   with   each   genotype   (TT/TC/CC)   in   each  
cohort.  
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7.2.4   Discussion  

This   study   presented   the   results   from   the   largest   (in   terms   of   sample   size   and  

studied  variants)  metabolomics  GWAS  conducted  thus  far.  The  study  also  was,  to  

the  first  GWAS  utilizing  blood  NMR  metabolomics  

with   quantitative   data   from   more   than   a   few   metabolites18.   Additionally,   this  

study  was  among  the  first  and  thus  far  the  best  powered  to  assess  the  heritabilities  

of  metabolomics  traits.  

Altogether   31   loci   were   identified   to   associate   with   the   metabolite   traits,  

including  eleven  novel   loci.  The  study  uncovered   loci   for   three  of   the  five  amino  

acids,   i.e.,   phenylalanine,   tyrosine   and   valine,   the   levels   of   which  were   recently  

shown   to   predict   the   development   of   T2D5,   and   thus   the   findings  may   lead   to  

better  understanding  of  the  biochemical  pathways  involved  in  the  pathogenesis  of  

T2D.  Mutations  in  the  candidate  genes  of  three  of  the  novel  loci  have  been  linked  

with  metabolic  abnormalities;;  TAT  to  type  2  tyrosinemia,  CPT1A  CPT  1  deficiency  

and  ALB  to  analbuminemia  and  dyslipidemia.  We  identified  common  variants  in  
these   loci   that   likely   result   in   a   similar   but   less   severe   phenotype.   In   addition,  

FCGR2B   that   associated   with   the   cholesterol   ester   content   of   very   large   HDL  
particles,  has  been  linked  with  atherosclerosis  in  mouse  studies147,  148.  This  finding  

may  help  further  studies  to  pinpoint  the  pathways  and  mechanisms  linking  HDL  

metabolism  and  atherosclerosis.  

Some  of  the  measured  metabolites  and  traits  similar  to  these  have  been  studied  

in   previous   GWASs;;   small   molecules   and   lipid   species   that   have   some   overlap  

with   the  NMR   lipids   have   been   studied   in   previous  metabolomics   GWASs   and  

conventional  lipid  levels  have  been  extensively  studied  by  large  GWAS  consortia.  

Nevertheless,   we   uncovered   new   loci.   This   may   be   due   to   several   factors.   A  

detailed   dissection   of   the   lipoprotein   components   revealed   the   very   specific  

lipoprotein   associations   in   FCGR2B   and   PPP1R11,   which   could   thus   not   be  

detected  with   the   aggregate   enzymatic   lipid  measures   potentially   not   even  with  

considerably   larger   sample   sizes.   In   comparison   to   other   GWASs   assessing   the  

genetic  components  underlying   the   levels  of   the   smaller   circulating  metabolites,  

e.g.,  amino  acids,  our  larger  sample  may  have  led  to  the  discovery  of  further  loci.  

In   addition,   we   applied   a   more   detailed   panel   of   markers   than   the   previous  

studies,   and   in   fact,   four   of   the   novel   loci   (marked  with   *   in   Tables   14   and   15)  

would   not   have   been   identified   had   only   genotypes   imputed   to   HapMap   II  

reference  panel  been  used.    

Applying   imputation  requires   the  use  of   stringent  quality   control   filters.  Thus,  

we   limited   the   investigation   to  markers  with   frequencies  of  >   1%   in  population,  

good   imputation   quality   and   coherent   effects   in   all   five   cohorts.   In   nine   of   the  

eleven  loci  the  most  strongly  associated  variant  was  imputed.  For  seven  of  the  loci  

there  was  a  significant  association  also  to  a  directly  genotyped  variant,  and  for  the  

two  other  the  imputation  was  validated  by  genotyping.  

We   showed   that   a   great   proportion   of   the   variance   in   the   NMR   measured  

metabolite  traits  is  accounted  for  by  genetic  factors.  Our  heritablitity  estimates  for  
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the  small  molecules  were  mostly  consistent  with  the  estimates  from  two  previous  

metabolomics  studies  that  have,  however,  been  less  well  powered  (Table  16).  The  

observed   high   heritabilities   may   in   part   be   explained   by   the   accurate   NMR  

measurement  of  the  metabolites  in  contrast,  e.g.,  to  clinical  lipid  parameters  that  

are  composite  measures  of  lipids  carried  in  various  lipoprotein  particles.  

  

Table  16.  A  Comparison  of  the  heritability  estimates  from  Publication  IV  to  the  
estimates  from  two  previous  studies.  Nicholson  et  al.  estimated  the  familiality  of  
the  traits,  i.e.,  the  combined  contribution  of  genetic  and  common  environmental  
effects,   thus   the   corresponding   estimates   from  Publication   IV   show  proportion  
variance  explained  by  both  genetic  and  shared  environmental  components  if  the  
final  model  selected  included  these  components.  

Metabolite   Nicholson  et  al.    
(N  =  144)19  

Shah  et  al.    
(N  =  117  /  8  families)20   Publication  IV  

Creatinine   77%   --   41%  A  +  17%  C  

Tyrosine   ~70%   38%  A   39%  A  

Histidine   ~70%   35%  A   23%  A  +  18%  C  

Glucose   ~60%   47%  A   25%  A  +  24%  C  

Citrate   ~62%   39%  A   54%  A  

Glycoprotein  
acetyls   ~60%   --   53%  A  

Alanine   ~60%   55%  A   30%  A  +  19%  C  

Leucine   ~55%   --   52%  A  

Glycerol   ~52%   33%  A   33%  A  +  25%  C  

Valine   ~50%   44%  A   45%  A  

Acetate   ~50%   --   30%  C  

3-hydroxybutyrate   41%   51%  A   53%  A  

Lactate   ~35%   --   25%  A  +  20%  C  

Isoleucine   ~33%   --   51%  A  

Albumin   ~33%   --   39%  A  +  16%  C  

Acetoacetate   ~30%   --   50%  A  

Glutamine   ~25%   --   55%  A  

Pyruvate   ~15%   --   52%  A  
A,   additive   genetic   influence;;   C   shared   environmental   influence.   The   table   is  
modified  from  Alfredo  Ortega-Alonso  with  permission.  

  The   NMR   metabolomics   platform   enabled   the   measurements   of   detailed  

metabolite   traits   in   large  cohorts  providing  an  enhancement   to   the  conventional  

clinical   measures   often   available   in   these   sample   sizes.   The   216   metabolite  

measures  assessed  in  this  study  provide  a  broad  view  to  human  metabolism,  but  

represent  only  a  small  amount  of  the  various  circulating  metabolic  species  found  

in   the   human   body.   Other   techniques,   including   MS,   measure   mainly   other  

components  of   the  metabolome.  GWASs  applying   these  metabolomics  measures  

have  provided  valuable  insight  into  the  genetic  control  of  metabolism14-16  and  the  

results  we  reported  complement  these  findings.      
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8.  Conclusions  and  future  prospects  

The   field   of   biomedicine   has   taken   giant   leaps   during   the   past   decade.  

Technologies  that  enable  capturing  information  from  various  layers  of  biology  in  

high-throughput   manner   have   emerged   and   thus   have  

sciences.   Assessing   the   variation   in   the   genome   with   SNP   arrays   has   become  

routine  practice,  and  this  data  has  been  extensively  utilized  to  uncover  the  genetic  

underpinnings  of  various  traits.  However,  in  the  othe

the   limited   availability   of   technologies   that   enable   the   high-throughput  

measurement   of   the   metabolite   information   has   held   back   the   use   of  

metabolomics  data  in  large  studies.  The  metabolomics  platform  presented  in  this  

thesis  answers  to  this  call  by  providing  a  means  to  capture  a  wealth  of  metabolite  

information   cost-effectively   using   NMR   spectroscopy.   Since   the   set   up   of   the  

metabolomics  platform  in  late  2008  tens  of  thousands  of  samples  have  undergone  

the   same   NMR   experimentation   providing   a   considerable   resource   of  

metabolomics  data  for  utilization  in  clinical  and  epidemiological  studies.  

The  high   throughput  of   the  platform  provided   a  basis   for   the   two  applications  

presented   in   this   thesis.   Utilizing   a   unique   data   set   of   altogether   8330   Finnish  

individuals  with   both  metabolomics   and   genotype   data   the   genetic   components  

underlying   the   quantified   serum  metabolites  were   elucidated   in   a   genome-wide  

association   analysis   and   additionally   the   detailed   metabolite   and   genotype  

information  was  used   to   further  characterize   the  known   lipid   loci.  A   substantial  

amount   of   novel   biological   information   was   uncovered   due   to   the   enhanced  

metabolic   profiling   thus   showing   the   utility   of   metabolomics   measurements   as  

more  accurate  descriptors  of  metabolism  over  the  conventional  clinical  assays.  

We  are,  however,  only  in  the  beginning  of  the  path  of  utilizing  metabolomics  in  

combination   with   genetics   and   further   biological   information   awaits   to   be  

discovered.  As  we  and  others14  have  observed,  a  considerably  greater  numbers  of  

loci   than  the  reported  ones  are  associated  with  the  metabolite   levels,  but  due  to  

the  rather  moderate  sample  sizes,  in  the  context  of  GWAS,    that  were  available  for  

the  conducted  studies,  a  wealth  of  association  signals  still  reside  above  the  applied  

P-value   threshold.   Therefore,   an   obvious   next   step   approach,   in   line  with   other  
GWASs   of   complex   traits,   is   to   boost   the   analysis   power   by   including   further  

cohorts   with   genotypes   and   the   metabolite   data   obtained   through   the   NMR  

metabolomics   platform.   The   117  metabolites   assayed   through   the  metabolomics  
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platform  cover  only  a  minor  part  of  the  extensive  serum  metabolome.  Additional  

metabolite  information,  however,  resides  in  the  spectra  and,  as  the  quantification  

models  are  under  constant  development,  further  metabolite  data  is  expected  to  be  

reliably  extracted.  

The  detailed  map  of  7.7  million  variants  obtained  by  imputing  the  genotypes  to  

the   1000   Genomes   reference   panel   provided   a   most   extensive   coverage   of   the  

genetic   variation   and   led   to   discoveries   not   approachable   by   using   the   older  

imputation   references.   Recent   updates   from   the   1000   Genomes   project   have  

increased  the  number  of  available  genetic  variants  to  38  million  therefore  offering  

an   even   more   comprehensive   map   of   variants   and   likely   leading   to   further  

findings.   With   the   improvements   in   genotyping   technologies,   exome   or   even  

whole-genome  sequence  data   for   large  cohorts  will  become  available   in   the  near  

future,  leading  to  an  immense  set  of  genetic  information  and  providing  a  unique  

resource  to  comprehensively  investigate  the  effects  of  genome  variation.  

As  the  data  sets  are  getting  larger  in  terms  of  individuals,  genetic  variants  and  

also   the  metabolites  assayed,   a   considerable  challenge   for   the  analyses  will,   and  

already   is,   posed   by   the   available   computational   capacity.   For   example,   an  

association   analysis   of   all   the   metabolite   measures   from   the   NMR   platform,  

including   all   possible   combinations   of   metabolite   ratios,   i.e.,   over   9000  

phenotypes,   in   the   five   Finnish   cohorts   totalling   to   8330   individuals   with   the  

genotypes  imputed  to  the  newest  1000  Genomes  reference  panel,  thus  including  

38  million   variants,   requires   roughly   12  million  CPU  hours   and  200  TB   of  disk  

space  to  store  the  data,  therefore  posing  also  a  major  financial  burden.  

A   major   motivation   for   the   research   conducted   in   this   thesis   was   to   provide  

more  understanding  on   the  complex  biological  pathways  of  human  metabolism.  

Dissecting   genetic   variants   affecting   the   metabolite   levels   not   only   helps   to  

understand   the   differences   in   metabolic   capacities   between   individuals,  

potentially  of  use  in  individualized  therapy,  and  sheds  light  on  the  gene  functions,  

but,  especially  in  terms  of  the  acknowledged  biomarker  metabolites,  may  help  to  

elucidate   the   pathways   and   mechanisms   involved   in   disease.   Thus,   while   the  

discovery  of  the  genetic  underpinnings  of  the  metabolic  complexity  continues,  the  

existing   findings,  especially  those  bearing  potential  clinical  significance  by  being  

linked   to   a   clinical   endpoint,   should   be   characterized   further   to   translate   these  

into  therapies  and  interventions.  
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List  of  abbreviations  

[P]   Particle  concentration  
1H   Proton  
A   Adenine  
A   Additive  genetic  influence  
ABCA1   ATP-binding  cassette  transporter  A1    
ABCG1   ATP-binding  cassette  transporter  G1  
ABCG5   ATP-binding  cassette  transporter  G5  
acetyl-CoA   Acetyl-coenzyme  A  
Apo   Apolipoprotein  
APOB   Apolipoprotein  B  (gene)  
BCAA   Branched-chain  amino  acid  
C   Cytosine  
C   Shared  environmental  influence  
CAD   Coronary  artery  disease  
CE   Cholesterol  esters  
CETP   Cholesterol  ester  transfer  protein    
CM   Chylomicrons  
D   Dominance  genetic  influence  
DHA   Docosahexaeonic  acid  

DILGOM   The  Dietary,  Lifestyle,  and  Genetic  Determinants  of  Obesity  and  Metabolic  
Syndrome  

DNA   Deoxyribonucleic  acid  
DZ   Dizygotic  
E   Unique  environmental  influence  
eQTL   Expression  quantitative  trait  loci  
FA   Fatty  acid  
FC   Free  cholesterol  
FID   Free  induction  decay  
FT12   FinnTwin-12  
FT16   FinnTwin-16  
G   Guanine  
GC   Gas  cromatography  
GWAS   Genome-wide  association  study  
H2000   The  Health  2000  GenMets  
HBCS   Helsinki  Birth  Cohort  Study  
HDL   High-density  lipoproteins  
HL   Hepatic  lipase  
HPLC   High-performance  liquid  chromatography  
ICC   Intraclass  correlation  
IDL   Intermediate-density  lipoproteins  
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LA   Linoleic  acid  
LC   Liquid  chromatography  
LCAT   Lecithin-cholesterol  acyltransferase    
LD   Linkage  disequilibrium  
LDL   Low-density  lipoproteins  
LDLR   LDL  receptor  
LIPC   Hepatic  lipase  (gene)  
LIPID   Lipid  extracts  
LIPO   Lipoprotein  lipids  
LMWM   Low-molecular-weight  
LPL   Lipoprotein  lipase  
LRP   LDLR  related  proteins  
MCI   Mild  cognitive  impairment  
MS   Mass  spectrometry  
MS/MS   Tandem  mass  spectrometry  
MZ   Monozygotic  
NFBC1966   Northern  Finland  Birth  Cohort  1966  
NMR   nuclear  magnetic  resonance    
PL   Phospholipids  
PLTP   Phospholipase  transfer  protein    
PLTP   Phospholipase  transfer  protein  (gene)  
PROT   Protein  
SNP   Single  nucleotide  polymorphism  
SOM   Self-organizing  map  
SR-BI   Scavenger  receptor  class  B  member  1  
T   Thymine  
T2D   Type  2  diabetes  
TC   Total  cholesterol  
TG   Triglycerides  
TL   Total  lipids  
VLDL   Very-low-density  lipoproteins  
YF   The  Cardiovascular  Risk  in  Young  Finns  Study  
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Appendix  I  

  
Abbreviations  and  full  names  for  the  metabolites  and  derived  traits  studied  in  Publications  
III  and  IV.    

Abbreviation   Full  metabolite  name  
AcAcO   Acetoacetate  
AcO   Acetate  
Ala   Alanine  
Alb   Albumin  
bOHBuO   3-hydroxybutyrate  
Cit   Citrate  
Crea   Creatinine  
DHA   22:6,  docosahexaenoic  acid  (DHA)  
Est-C   Esterified  cholesterol  
FAw3   Omega-3  fatty  acids  
Faw67   Omega-6  and  -7  fatty  acids  
Faw9S   Omega-9  and  saturated  fatty  acids  
Free-C   Free  cholesterol  
Glc   Glucose  
Gln   Glutamine  
Glol   Glycerol  
Gp   Glycoprotein  acetyls,  mainly  a1-acid  glycoprotein  
HDL-C   Total  cholesterol  in  HDL  (from  NMR)  
HDL-C-lab   Enzymatically  measured  HDL-C  
His   Histidine  
IDL-C   Total  cholesterol  in  IDL  
IDL-FC   Free  cholesterol  in  IDL  
IDL-L   Total  lipids  in  IDL  
IDL-P   Concentration  of  IDL  particles  
IDL-PL   Phospholipids  in  IDL  
IDL-TG   Triglycerides  in  IDL  
Ile   Isoleucine  
LA   18:2,  linoleic  acid  (LA)  
Lac   Lactate  
LDL-C   Total  cholesterol  in  LDL  
LDL-C-lab   Enzymatically  measured  LDL-C  
Leu   Leucine  
L-HDL-C   Total  cholesterol  in  large  HDL  
L-HDL-CE   Cholesterol  esters  in  large  HDL  
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L-HDL-FC   Free  cholesterol  in  large  HDL  
L-HDL-L   Total  lipids  in  large  HDL  
L-HDL-P   Concentration  of  large  HDL  particles  
L-HDL-PL   Phospholipids  in  large  HDL  
L-LDL-C   Total  cholesterol  in  large  LDL  
L-LDL-CE   Cholesterol  esters  in  large  LDL  
L-LDL-FC   Free  cholesterol  in  large  LDL  
L-LDL-L   Total  lipids  in  large  LDL  
L-LDL-P   Concentration  of  large  LDL  particles  
L-LDL-PL   Phospholipids  in  large  LDL  
L-VLDL-C   Total  cholesterol  in  large  VLDL  
L-VLDL-CE   Cholesterol  esters  in  large  VLDL  
L-VLDL-FC   Free  cholesterol  in  large  VLDL  
L-VLDL-L   Total  lipids  in  large  VLDL  
L-VLDL-P   Concentration  of  large  VLDL  particles  
L-VLDL-PL   Phospholipids  in  large  VLDL  
L-VLDL-TG   Triglycerides  in  large  VLDL  
M-HDL-C   Total  cholesterol  in  medium  HDL  
M-HDL-CE   Cholesterol  esters  in  medium  HDL  
M-HDL-FC   Free  cholesterol  in  medium  HDL  
M-HDL-L   Total  lipids  in  medium  HDL  
M-HDL-P   Concentration  of  medium  HDL  particles  
M-HDL-PL   Phospholipids  in  medium  HDL  
M-LDL-C   Total  cholesterol  in  medium  LDL  
M-LDL-CE   Cholesterol  esters  in  medium  LDL  
M-LDL-L   Total  lipids  in  medium  LDL  
M-LDL-P   Concentration  of  medium  LDL  particles  
M-LDL-PL   Phospholipids  in  medium  LDL  
MobCH   Double  bond  protons  of  mobile  lipids  
MobCH2   CH2  groups  of  mobile  lipids  
MobCH3   CH3  groups  of  mobile  lipids  
M-VLDL-C   Total  cholesterol  in  medium  VLDL  
M-VLDL-CE   Cholesterol  esters  in  medium  VLDL  
M-VLDL-FC   Free  cholesterol  in  medium  VLDL  
M-VLDL-L   Total  lipids  in  medium  VLDL  
M-VLDL-P   Concentration  of  medium  VLDL  particles  
M-VLDL-PL   Phospholipids  in  medium  VLDL  
M-VLDL-TG   Triglycerides  in  medium  VLDL  
PC   Phosphatidylcholine  and  other  cholines  
Phe   Phenylalanine  
PUFA   Other  polyunsaturated  fatty  acids  than  18:2  
Pyr   Pyruvate  
Serum-C   Serum  total  cholesterol  (from  NMR)  
Serum-TG   Serum  total  triglycerides  (from  NMR)  
S-HDL-L   Total  lipids  in  small  HDL  
S-HDL-P   Concentration  of  small  HDL  particles  
S-HDL-TG   Triglycerides  in  small  HDL  
S-LDL-C   Total  cholesterol  in  small  LDL  
S-LDL-L   Total  lipids  in  small  LDL  
S-LDL-P   Concentration  of  small  LDL  particles  
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SM   Sphingomyelins  
S-VLDL-C   Total  cholesterol  in  small  VLDL  
S-VLDL-FC   Free  cholesterol  in  small  VLDL  
S-VLDL-L   Total  lipids  in  small  VLDL  
S-VLDL-P   Concentration  of  small  VLDL  particles  
S-VLDL-PL   Phospholipids  in  small  VLDL  
S-VLDL-TG   Triglycerides  in  small  VLDL  
TC   Enzymatically  measured  total  cholesterol  
TG   Enzymatically  measured  total  triglycerides  
Tot-C   Total  cholesterol  
Tot-CH   Total  cholines  (and  other  N-trimethyl  compounds)  
Tot-FA   Total  fatty  acids  
Tot-PG   Total  phosphoglycerides  
Tot-TG   Total  triglycerides  
Tyr   Tyrosine  
Urea   Urea  
Val   Valine  
VLDL-TG   Triglycerides  in  VLDL  
XL-HDL-C   Total  cholesterol  in  very  large  HDL  
XL-HDL-CE   Cholesterol  esters  in  very  large  HDL  
XL-HDL-FC   Free  cholesterol  in  very  large  HDL  
XL-HDL-L   Total  lipids  in  very  large  HDL  
XL-HDL-P   Concentration  of  very  large  HDL  particles  
XL-HDL-PL   Phospholipids  in  very  large  HDL  
XL-HDL-TG   Triglycerides  in  very  large  HDL  
XL-VLDL-L   Total  lipids  in  very  large  VLDL  
XL-VLDL-P   Concentration  of  very  large  VLDL  particles  
XL-VLDL-PL   Phospholipids  in  very  large  VLDL  
XL-VLDL-TG   Triglycerides  in  very  large  VLDL  
XS-VLDL-L   Total  lipids  in  very  small  VLDL  
XS-VLDL-P   Concentration  of  very  small  VLDL  particles  
XS-VLDL-PL   Phospholipids  in  very  small  VLDL  
XS-VLDL-TG   Triglycerides  in  very  small  VLDL  
XXL-VLDL-L   Total  lipids  in  chylomicrons  and  extremely  large  VLDL  
XXL-VLDL-P   Concentration  of  chylomicrons  and  extremely  large  VLDL  particles  
XXL-VLDL-PL   Phospholipids  in  chylomicrons  and  extremely  large  VLDL  
XXL-VLDL-TG   Triglycerides  in  chylomicrons  and  extremely  large  VLDL  
Abbreviation   Full  derived  measure  name  
AcO/AcAcO   Acetate  to  acetoacetate  ratio  
Ala/Cit   Alanine  to  citrate  ratio  
Ala/Glc   Alanine  to  glucose  ratio  
Ala/Gln   Alanine  to  glutamine  ratio  
Ala/His   Alanine  to  histidine  ratio  
Ala/Ile   Alanine  to  isoleucine  ratio  
Ala/Leu   Alanine  to  leucine  ratio  
Ala/Phe   Alanine  to  phenylalnine  ratio  
Ala/Pyr   Alanine  to  pyruvate  ratio  
Ala/Tyr   Alanine  to  tyrosine  ratio  
Ala/Val   Alanine  to  valine  ratio  
ApoA1   Apolipoprotein  A-I  (Lipido)  
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ApoB   Apolipoprotein  B  (Lipido)  
ApoB/ApoA1   Apolipoprotein  B  by  apolipoprotein  A-I  (Lipido)  
BCAAs   Total  branched  chain  amino  acids;;  Val+Leu+Ile  
Bis/DB   Ratio  of  bisallylic  groups  to  double  bonds  
Bis/FA   Ratio  of  bisallylic  groups  to  total  fatty  acids  
bOHBuO/AcAO   3-hydroxybutyrate  to  acetoacetate  ratio  
bOHBuO/AcO   3-hydroxybutyrate  to  acetate  ratio  
CH2/DB   Average  number  of  methylene  groups  per  a  double  bond  
CH2/FA   Average  number  of  methylene  groups  in  a  fatty  acid  chain  
Crea/Alb   Creatinine  to  albumin  ratio  
DB/FA   Average  number  of  double  bonds  in  a  fatty  acid  chain  
DHA/FAw3   Docosahexaenoic  acid  to  omega-3  fatty  acids  ratio  

DHA/PUFA   Docosahexaenoic  acid  to  other  polyunsaturated  fatty  acids  than  linoleic  
acid  ratio  

FALen   Description  of  average  fatty  acid  chain  length,  not  actual  carbon  number  
FAw3/FAw67   Omega-3  fatty  acids  to  omega-6  and  -7  fatty  acids  ratio  
FAw3/FAw9S   Omega-3  fatty  acids  to  omega-9  and  saturated  fatty  acids  ratio  
FAw3/FA   Ratio  of  omega-3  fatty  acids  to  total  fatty  acids  

FAw67/FAw9S   Omega-6  and  -7  fatty  acids  ratio  to  omega-9  and  saturated  fatty  acids  
ratio  

FAw67/FA   Ratio  of  omega-6/7  fatty  acids  to  total  fatty  acids  
FAw9S/FA   Ratio  of  omega-9  and  saturated  fatty  acids  to  total  fatty  acids  
FR   Fischer's  ratio;;  (Val+Leu+Ile)/(Phe+Tyr)  
Free-C/Est-C   Free  cholesterol  to  esterified  cholesterol  ratio  
Glc/Cit   Glucose  to  citrate  ratio  
Glc/Pyr   Glucose  to  pyruvate  ratio  
Gln/Cit   Glutamine  to  citrate  ratio  
Gln/Glc   Glutamine  to  glucose  ratio  
Gln/His   Glutamine  to  histidine  ratio  
Gln/Ile   Glutamine  to  isoleucine  ratio  
Gln/Leu   Glutamine  to  leucine  ratio  
Gln/Phe   Glutamine  to  phenylalnine  ratio  
Gln/Pyr   Glutamine  to  pyruvate  ratio  
Gln/Tyr   Glutamine  to  tyrosine  ratio  
Gln/Val   Glutamine  to  valine  ratio  
Gp/Serum-TG   Glycoprotein  acetyls  to  serum  total  triglycerides  ratio  
Gp/Tot-C   Glycoprotein  acetyls  to  serum  total  cholesterol  ratio  
HDL2-C   Total  cholesterol  in  HDL2  (Lipido)  
HDL3-C   Total  cholesterol  in  HDL3  (Lipido)  
HDL-D   Mean  diameter  for  HDL  particles  
His/Ile   Histidine  to  isoleucine  ratio  
His/Leu   Histidine  to  leucine  ratio  
His/Phe   Histidine  to  phenylalnine  ratio  
His/Tyr   Histidine  to  tyrosine  ratio  
His/Val   Histidine  to  valine  ratio  
IDL-C-eFR   Total  cholesterol  in  IDL  (Lipido)  
Ile/Glc   Isoleucine  to  glucose  ratio  
Ile/Leu   Isoleucine  to  leucine  ratio  
Ile/Phe   Isoleucine  to  phenylalnine  ratio  
Ile/Serum-C   Isoleucine  to  serum  total  cholesterol  ratio  
Ile/Serum-TG   Isoleucine  to  serum  total  triglycerides  ratio  
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Ile/Tyr   Isoleucine  to  tyrosine  ratio  
Ile/Val   Isoleucine  to  valine  ratio  
LA/DHA   Linoleic  acid  to  docosahexaenoic  acid  ratio  
LA/FAw67   Linoleic  acid  to  omega-6  and  -7  fatty  acids  ratio  
LA/PUFA   Linoleic  acid  to  other  polyunsaturated  fatty  acids  than  linoleic  acid  ratio  
Lac/Ala   Lactate  to  alanine  ratio  
Lac/Cit   Lactate  to  citrate  ratio  
Lac/Glc   Lactate  to  glucose  ratio  
Lac/Gln   Lactate  to  glutamine  ratio  
Lac/Pyr   Lactate  to  pyruvate  ratio  
LDL-C-eFR   Total  cholesterol  in  LDL  (Lipido)  
LDL-D   Mean  diameter  for  LDL  particles  
Leu/Glc   Leucine  to  glucose  ratio  
Leu/Phe   Leucine  to  phenylalanine  ratio  
Leu/Serum-TG   Leucine  to  serum  total  triglycerides  ratio  
Leu/Tyr   Leucine  to  tyrosine  ratio  
Leu/Val   Leucine  to  valine  ratio  
L-HDL-C/L-
HDL-PL   Total  cholesterol  in  large  HDL  to  phospholipids  in  large  HDL  ratio  

L-HDL-L/M-
HDL-L   Total  lipids  in  large  HDL  to  total  lipids  in  medium  HDL  ratio  

L-HDL-L/S-
HDL-L   Total  lipids  in  large  HDL  to  total  lipids  in  small  HDL  ratio  

M-HDL-C/M-
HDL-PL   Total  cholesterol  in  medium  HDL  to  phospholipids  in  medium  HDL  ratio  

M-HDL-L/S-
HDL-L   Total  lipids  in  medium  HDL  to  total  lipids  in  small  HDL  ratio  

M-LDL-C/M-
LDL-PL   Total  cholesterol  in  medium  LDL  to  phospholipids  in  medium  LDL  ratio  

PC/Tot-CH   Phosphatidylcholine  and  other  cholines  to  total  cholines  (and  other  N-
trimethyl  compounds)  ratio  

Phe/Tyr   Phenylalanine  to  tyrosine  ratio  
Phe/Val   Phenylalanine  to  valine  ratio  
Pyr/Cit   Pyruvate  to  citrate  ratio  
Serum-TG/Glc   Serum  total  triglycerides  to  glucose  ratio  
TG/PG   Ratio  of  triglycerides  to  phosphoglycerides  
Tot-C/Est-C   Total  cholesterol  to  esterified  cholesterol  ratio  
Tyr/Val   Tyrosine  to  valine  ratio  
Val/Glc   Valine  to  glucose  ratio  
Val/Serum-TG   Valine  to  serum  total  triglycerides  ratio  
VLDL-D   Mean  diameter  for  VLDL  particles  
VLDL-TG-eFR   Triglycerides  in  VLDL  (Lipido)  
XL-HDL-L/L-
HDL-L   Total  lipids  in  very  large  HDL  to  total  lipids  in  large  HDL  ratio  

L-HDL-L/M-
HDL-L   Total  lipids  in  very  large  HDL  to  total  lipids  in  medium  HDL  ratio  

XL-HDL-L/S-
HDL-L   Total  lipids  in  very  large  HDL  to  total  lipids  in  small  HDL  ratio  
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