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Intra-batch effects in liquid chromatography-mass spectrometry are corrected using quality control sam-

ples and support vector regression. 
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ABSTRACT	  

Instrumental	   developments	   in	   sensitivity	   and	   selectivity	   boost	   the	   application	   of	   liquid	  

chromatography	   –	   mass	   spectrometry	   (LC-‐MS)	   in	   metabolomics.	   Gradual	   changes	   in	   the	   LC-‐MS	  

instrumental	  response	  (i.e.	   intra-‐batch	  effect)	  are	  often	  unavoidable	  and	  reduce	  the	  repeatability	  and	  

reproducibility	   of	   the	   analysis;	   decrease	   the	   power	   to	   detect	   biological	   responses	   and	   hinder	   the	  

interpretation	  of	  the	  information	  provided.	  Because	  of	  that,	  there	  is	  an	  interest	  in	  the	  development	  of	  

chemometric	   techniques	   for	   the	  post-‐acquisition	   correction	   of	   batch	   effects.	   In	   this	  work,	   the	  use	   of	  

quality	   control	   (QC)	   samples	   and	  Support	  Vector	  Regression	   and	   a	   radial	   basis	   function	  kernel	   (QC-‐

SVRC)	   is	  proposed	  to	  correct	   intra-‐batch	  effects.	  The	  repeated	  analysis	  of	  a	  single	  sample	   is	  used	   for	  

the	   assessment	   of	   both,	   the	   correction	   accuracy	   and	   the	   effect	   of	   the	   distribution	   of	   QC	   samples	  

throughout	   the	   batch.	   The	   QC-‐SVRC	   method	   is	   evaluated	   and	   compared	   to	   a	   recently	   developed	  

method	   based	   on	   QC	   samples	   and	   robust	   cubic	   smoothing	   splines	   (QC-‐RSC).	   Results	   show	   that	   QC-‐

SVRC	  slightly	  outperformed	  QC-‐RSC	  and	  allows	  a	  straightforward	  fitting	  of	  the	  SVRC	  parameters	  to	  the	  

instrument	  performance	  by	  using	  the	  ε-‐insensitive	  loss	  parameter.	  	  

	  

Keywords	  

Batch	   effect,	   Support	   Vector	   Regression	   (SVR),	   liquid	   chromatography	   –	   mass	   spectrometry,	  

Metabolomics.	  

Page 2 of 14Analyst

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60 A

na
ly

st
A

cc
ep

te
d

M
an

us
cr

ip
t



2	  

1.	  INTRODUCTION	  

Metabolomics	   has	   emerged	   as	   a	   promising	   technology	   that	   is	   gaining	   broader	   recognition	   and	   it	   is	  

increasingly	  being	  used	  in	  biomedical	  research.	  Metabolomics	  aims	  at	  the	  comprehensive	  quantitative	  

analysis	  of	   all	  metabolites	   in	   a	   cellular	   system	   in	  a	   given	   state	   at	   a	   given	  point	   in	   time1.	  Metabolites	  

reflect	   the	   interaction	  of	   the	  genome,	  proteome	  and	  transcriptome	  with	  the	  environment	  and	  so,	   the	  

identification	   of	   perturbed	   metabolic	   pathways	   is	   a	   suitable	   approach	   to	   e.g.	   identify	   phenotypes	  

associated	  to	  pathological	  conditions,	  getting	  insight	  into	  biological	  processes	  or	  for	  the	  monitoring	  of	  

responses	  to	  therapy.	  	  

High	  resolution	  liquid	  chromatography	  -‐	  mass	  spectrometry	  (LC-‐MS)	  is	  becoming	  the	  method	  of	  choice	  

in	   metabolomics	   because	   of	   its	   increased	   sensitivity,	   high	   throughput	   and	   metabolite	   coverage	   as	  

compared	   to	  other	   techniques	   such	  as	  gas	   chromatography	   -‐	  mass	   spectrometry	   (GC-‐MS)	  or	  nuclear	  

magnetic	   resonance	   (NMR).	   Metabolomic	   profiles	   typically	   show	   a	   high	   variability	   among	   subjects.	  

Besides	  biological	  variation,	  LC-‐MS	  data	   includes	   instrumental	  variation	  due	  to	  e.g.	  minor	  changes	   in	  

the	   injection	  volume,	   ideally	  as	  a	  normal	  white	  noise	  process	  with	  mean	  zero	  and	  constant	  variance,	  

and	   also	   from	   e.g.	   gradual	   inlet	   interface	   contamination,	   drifts	   in	   ionization	   efficiency	   or	   column	  

performance2,3	  that	  introduce	  a	  gradual	  change	  in	  the	  instrumental	  response	  during	  the	  measurement	  

of	   a	   batch	   of	   samples	   (i.e.	   intra-‐batch	   effect).	   The	   intra-‐batch	   effect	   decreases	   the	   power	   to	   detect	  

biological	  responses	  and	  hinders	  data	  interpretation4	  and	  joint	  analysis	  of	  data	  from	  several	  batches.	  

There	  are	  two	  approaches	  to	  limit	  this	  potential	  pitfall.	  The	  most	  straightforward	  solution	  is	  to	  avoid	  it	  

happening	   in	   the	   first	   place	  by	  using	   improved	   sample	   clean	  up,	   robust	   LC	   columns,	   or	  more	   stable	  

ionization	   sources	   and	   detectors.	   However,	   intra-‐batch	   effects	   are	   often	   unavoidable	   and	   so,	  

complementary	   strategies	   enabling	   the	   signal	   correction	   after	   the	  measurement	   has	   been	   taken	   are	  

desirable.	  	  

Spiked	  internal	  standards	  (ISs)	  with	  similar	  physico-‐chemical	  properties	  as	  the	  analytes	  of	  interest	  can	  

be	  used	  for	  data	  normalization.	  However,	  while	  the	  number	  of	  spiked	  standards	  is	  limited,	  the	  number	  

of	  detected	  analytes	  in	  untarget	  LC-‐MS	  experiments	  is	  a	  priori	  unknown	  and	  so,	  this	  approach	  may	  bias	  

the	  results	  due	  to	  ion	  suppression	  affecting	  the	  IS5.	  On	  the	  other	  hand,	  if	  the	  drift	  in	  the	  instrumental	  

response	   for	  each	  detected	  variable	  over	   the	  batch	   is	   fit	   to	  a	   function,	   its	  accurate	  estimation	  would	  

allow	  an	  effective	  correction	  of	  the	  intra-‐batch	  effect	  and	  the	  shrinkage	  of	  the	  instrumental	  error.	  The	  

use	   of	   the	   analytical	   variation	   in	   the	   response	   observed	   in	   pooled	   quality	   control	   (QC)	   samples	  

dispersed	   evenly	   throughout	   the	   batch	   has	   been	   proposed	   to	   model	   the	   instrumental	   drift.	   The	  

algorithm,	  Quality	  Control	  –	  Robust	  Spline	  Correction	  (QC-‐RSC)6,	  has	  been	  shown	  to	  be	  useful	  for	  the	  

evaluation	   and	   correction	   of	   both,	   intra-‐and	   inter-‐batch	   instrumental	   stability,	   and	   for	   an	   accurate	  

identification	  of	  unreliable	  variables.	  Briefly,	  in	  the	  QC-‐RSC	  method	  an	  adaptive	  cubic	  spline	  function	  𝑓	  

is	  used	  to	  describe	  the	  change	  in	  the	  intensities	  of	  each	  variable	  in	  QC	  samples	  (𝑦!")	  as	  a	  function	  of	  

the	  injection	  order	  (𝑥!"),	  with	  the	  value	  of	  𝑓	  at	  the	  data	  point	  𝑥!"(𝑖)	  approximating	  the	  value	  𝑦!"(𝑖)	  

for	  𝑖 = 1… 𝑛,	  where	  n=𝑙𝑒𝑛𝑔𝑡ℎ(𝑥!").	  

The	  smoothing	  spline	  function	  𝑓	  is	  calculated	  to	  minimize	  the	  penalyzed	  sum	  of	  squares:	  

𝑝 𝑦!" 𝑖 − 𝑓(𝑥!" 𝑖 )
!
+ (1 − 𝑝)

𝑑!𝑓
𝑑𝑥!"!

!

𝑑𝑦
!

!!!
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3	  

The	   parameter	   𝑝	   is	   the	   smoothing	   parameter	   (0 < 𝑝 < 1)	   with	   small	   values	   corresponding	   to	  

smoother	  estimates.	  	  The	  first	  term	  of	  the	  equation	  denotes	  the	  residual	  sum	  of	  squares	  and	  penalizes	  

the	   lack	  of	   fit	  of	   the	   function.	  The	  second	  term	  is	  weighted	  by	   1 − 𝑝   and	  penalizes	  the	  curvature	  of	  

the	   function7.	  The	   selection	  of	   the	   smoothing	  parameter	   is	  based	  on	   leave	  one	  out	   -‐	   cross	  validation	  

(LOO-‐CV)	  to	  avoid	  overfitting	  as	  a	  compromise	  between	  the	  smoothness	  of	  the	  function	  and	  the	  lack	  of	  

fit.	  After	  selecting	  𝑝,	  the	  smoothing	  spline	  function	  calculated	  using	  data	  extracted	  from	  the	  analysis	  of	  

QCs,	  is	  used	  to	  normalize	  each	  variable	  at	  each	  point	  within	  the	  analysis	  order	  vector.	  However,	  the	  fit	  

of	   the	   functions	   has	   several	   difficulties	   such	   as:	   data	   is	   typically	   noisy;	   the	   intra-‐batch	   effect	   can	   be	  

seen	  as	  a	  stationary	  or	  non-‐stationary	  process	  depending	  on	  the	  position	  within	  the	  batch	  (e.g.	  it	  can	  

be	  negligible	  at	  the	  beginning	  and	  very	  significant	  at	  the	  end	  of	  the	  batch);	  and	  the	  intra-‐batch	  effect	  

varies	  across	  metabolites.	  

Support	   Vector	   Regression	   (SVR)	   is	   a	   non-‐parametric	   and	   distribution	   free	  model	   derived	   from	   the	  

Statistical	   Learning	  Theory	  developed	  by	  Vapnik8,	   that	   provides	  high	   generalization	   capabilities	   at	   a	  

low	  estimation	  cost.	  SVR	  maps	  the	  input	  data	  to	  a	  higher	  dimensional	  kernel	  variable	  space	  by	  means	  

of	   a	   non-‐linear	  mapping	   function	   and	   then	   solves	   a	   linear	  model	   there9.	   The	   estimation	   of	   the	   SVR	  

turns	   to	  be	  a	  quadratic	  optimization	  problem	  with	   linear	   restrictions	  and	  a	  global	   solution.	  The	  SVR	  

parameter	  selection	  requires	  the	  specification	  of	  a	  loss	  function	  and	  a	  kernel	  function.	  A	  popular	  loss	  

function	  is	  the	  ε-‐insensitive	  loss	  function	  that	  ignores	  absolute	  error	  lower	  than	  ε,	  growing	  linearly	  for	  

errors	  higher	  than	  ε.	  	  In	  the	  present	  study,	  SVR	  using	  a	  radial	  basis	  function	  (RBF)	  kernel	  was	  tested	  to	  

correct	  the	  instrumental	  drift	  within	  a	  batch	  using	  data	  acquired	  from	  QC	  samples.	  The	  proposed	  QC-‐

SVRC	   approach	  was	   evaluated	   and	   compared	   to	   the	   reference	   QC-‐RSC	   approach	   using	   the	   repeated	  

analysis	   of	   a	   single	   plasma	   sample	   as	   a	  model	   example	   to	   facilitate	   the	   evaluation	   of	   the	   correction	  

accuracy	   and	   provide	   a	   straightforward	   assessment	   of	   the	   effect	   of	   the	   distribution	   of	   QC	   samples	  

throughout	  the	  batch.	  Based	  on	  the	  distribution	  of	  RSD%	  values	  in	  ‘non-‐QC’	  samples	  after	  intra-‐batch	  

effect	  correction,	  the	  correction	  could	  be	  slightly	  improved	  using	  QC-‐SVRC	  approach.	  Besides,	  the	  use	  

of	   the	   ε-‐insensitive	   loss	   parameter	   allowed	   the	   fit	   of	   the	   SVRC	   parameters	   to	   the	   instrument	  

performance.	  

	  

2.	  EXPERIMENTAL	  SECTION	  

Reagents	  and	  materials	  

All	   solvents	  were	   of	   LC-‐MS	   grade	   and	  were	   purchased	   from	   Scharlau	   (Barcelona,	   Spain).	   Ultra-‐pure	  

water	   was	   generated	   with	   a	   Milli-‐Q	   water	   purification	   system	   from	   Merck	   Millipore	   (Darmstadt,	  

Germany).	   The	   internal	   standards	   used	   for	   LC-‐TOF-‐MS	   were:	   Phenylalanine-‐D5,	   Methionine-‐D3,	  

Caffeine-‐D9	   (Cambridge	   Isotopes	   Laboratory	   Inc.,	   Andover,	   MA,	   USA),	   98%	   purity	   and	   Reserpine.	  

Formic	  acid	  (≥95%)	  was	  obtained	  from	  Sigma-‐Aldrich	  Química	  SA	  (Madrid,	  Spain).	  	  

Sample	  preparation	  

A	   single	  3	  mL	  blood	   sample	  was	   collected	   from	  a	  volunteer	   in	   a	  heparin	  vacutainer	   tube.	  The	  blood	  

sample	   was	   centrifuged	   at	   1800	   x	   g	   during	   10	   min	   at	   4°C.	   Then,	   the	   plasma	   layer	   was	   collected,	  

centrifuged	   at	   2000	   x	   g	   during	   5	  min	   at	   4°C	   and	   the	   supernatant	   transferred	   to	   an	   Eppendorf	   vial.	  

Then,	  600	  µL	  of	   the	  heparinized	  plasma	  were	  withdrawn	  and	  2	  mL	  of	   cold	  methanol	  was	  added	   for	  

protein	  precipitation.	  The	  sample	  was	  homogeneized	  (vortex,	  10	  s)	  and	  centrifuged	  at	  10000	  x	  g	  (10	  
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4	  

min,	  4°C).	  Then,	  2	  mL	  of	  the	  supernatant	  was	  collected	  and	  evaporated	  to	  dryness	  under	  vacuum	  and	  

at	   25°C.	   The	   residue	   was	   redissolved	   in	   800	   µL	   of	   a	   2	   µM	   internal	   standard	   solution	   containing	  

Phenylalanine-‐D5	  and	  Methionine-‐D3	  in	  H2O:CH3OH	  (1:1,	  0.1%	  HCOOH).	  

UPLC-‐TOF-‐MS	  analysis	  

Chromatographic	  analysis	  of	  plasma	  samples	  was	  performed	  on	  an	  Acquity	  UPLC	  chromatograph	  using	  

an	   Acquity	   UPLC	   HSS	   T3	   (100	   x	   2.1	   mm,	   1.8	   µm)	   analytical	   column	   (Waters,	   Wexford,	   Ireland).	  

Autosampler	  and	  column	  temperatures	  were	  set	  to	  4°C	  and	  40°C,	  respectively	  and	  the	  injection	  volume	  

was	  5	  µL.	  A	  gradient	  elution	  with	  a	   total	  run	  time	  of	  14	  min	  was	  performed	  at	  a	   flow	  rate	  of	  500	  µL	  

min-‐1	  as	  follows:	  initial	  conditions	  of	  100%	  of	  mobile	  phase	  A	  (H2O	  (0.1%	  v/v	  HCOOH))	  were	  kept	  for	  1	  

min,	  followed	  by	  three	  linear	  gradients	  from	  0%	  to	  15%	  of	  mobile	  phase	  B	  (CH3CN	  (0.1%	  v/v	  HCOOH))	  

in	  2	  min;	  from	  15%	  to	  50%	  B	  in	  3	  min;	  and	  from	  50%	  to	  95%	  B	  in	  3	  min;	  95%	  B	  was	  held	  for	  3	  min	  and	  

finally,	  a	  0.5	  min	  gradient	  was	  used	  to	  return	  to	  the	  initial	  conditions,	  which	  were	  held	  for	  1.5	  min.	  Full	  

scan	  MS	  data	  from	  50	  to	  1000	  mass	  to	  charge	  ratio	  (m/z)	  with	  a	  scan	  time	  of	  0.1	  s	  was	  collected	  on	  a	  

quadrupole	   time	  of	   flight	   (QTOF)	  SYNAPT	  HDMS	  spectrometer	   (Waters,	  Manchester,	  UK)	   in	   the	  TOF	  

MS	  mode.	  The	  following	  electrospray	  ionization	  parameters	  were	  selected:	  capillary	  and	  cone	  voltages	  

were	   set	   at	   3.2	   kV	   and	   20	   V;	   source	   and	   desolvation	   temperatures	   were	   set	   at	   120°C	   and	   380°C,	  

respectively;	   flow	  rates	  of	  cone	  and	  nebulization	  gases	  were	  set	  at	  50	  and	  800	  L/h,	  respectively.	  The	  

plasma	  sample	  was	  injected	  150	  times	  in	  a	  single	  batch.	  Blank	  samples	  were	  analyzed	  at	  the	  beginning	  

and	  end	  of	  the	  batch	  to	  remove	  background	  contamination.	  The	  first	  8	  injections	  were	  used	  for	  column	  

conditioning	  and	  were	  not	  included	  in	  the	  study.	  

Data	  analysis	  

Centroid	   raw	   LC-‐TOF-‐MS	   data	   (.raw	   files)	   was	   converted	   into	   .netCDF	   format	   using	   DataBridge	  

software	   (Waters)	   before	   generating	   peak	   tables	   using	   XCMS	   software	  

(http://metlin.scripps.edu/xcms/).	   The	   centWave	   method	   was	   used	   for	   peak	   detection	   with	   the	  

following	  parameters:	  ppm=20,	  peakwidth=(3,	  20),	  snthresh=25.	  A	  minimum	  difference	  in	  m/z	  of	  7.5	  

mDa	  was	  selected	  for	  peaks	  with	  overlapping	  RTs.	  Intensity	  weighted	  m/z	  values	  of	  each	  feature	  were	  

calculated	  using	  the	  wMean	  function.	  Peak	  limits	  used	  for	  integration	  were	  found	  through	  descent	  on	  

the	  Mexican	   hat	   filtered	   data.	   Peak	   grouping	   was	   carried	   out	   using	   the	   ‘nearest’	   method,	   using	   the	  

following	  parameters,	  mzVsRT=1	   and	  RT	   and	  m/z	   tolerances	   of	   6	   s	   and	  20	  mDa,	   respectively.	  After	  

peak	  grouping,	  the	  fillPeaks	  method	  with	  the	  default	  parameters	  was	  applied	  to	  fill	  missing	  peak	  data.	  

The	   obtained	   peak	   tables	   were	   imported	   into	  MATLAB	   (Mathworks	   Inc.,	   Natick,	   MA,	   USA)	   for	   data	  

analysis.	   A	   total	   of	   3320	   features	   were	   initially	   detected	   after	   peak	   detection,	   chromatographic	   de-‐

convolution	   and	   peak	   alignment	   of	   the	   entire	   batch.	   Blank	   samples	   were	   used	   to	   identify	   features	  

arising	   from	  source	   contaminants	   and	  other	   sample	   components	  originating	   from	  e.g.	   tubes,	   solvent	  

impurities	  and	  anticoagulant	  that	  were	  removed,	  leaving	  a	  total	  of	  552	  variables.	  	  

Support	  Vector	  Regression	  was	  carried	  out	  in	  MATLAB	  using	  the	  LIBSVM	  library10	  (software	  available	  

at	   http://www.csie.ntu.edu.tw/~cjlin/libsvm).	   MATLAB	   scripts	   and	   the	   raw	   peak	   table	   used	   in	   this	  

work	  are	  available	   from	  the	  authors	  or	   the	  Neonatal	  Research	  Unit	  website	  (www.perinox.es).	  Batch	  

effect	  correction	  using	  robust	  splines	  (QC-‐RSC)	  was	  performed	  using	  MATLAB	  scripts	  kindly	  provided	  

by	  Dr.	  D.	  Broadhurst.	  
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5	  

3.	  METHODS	  

Correction	  of	  the	  intra-‐batch	  effect	  using	  QC-‐SVRC	  

Detailed	  descriptions	  of	  Support	  Vector	  Regression	  theory	  can	  be	  found	  in	  11,12,13.	  Consider	  a	  training	  

dataset	  of	  QCs	   𝑥!"(!), 𝑦!"(!) 𝑥!"(!) ∈ 𝑅,   𝑦!"(!) ∈ 𝑅, 𝑖 = 1,… , 𝑛   ,	  where	  n	  =	  number	  of	  QCs	  included	  in	  

the	  training	  set.	  A	  regression	  function	  is	  defined	  as	  𝑦! = 𝑓 𝒙𝒊,𝒘 = 𝒘,𝒙𝒊 + 𝑏,	  where	  𝒘	   is	  the	  weight	  

vector,	  𝑏	  is	  the	  bias	  term	  and	  𝑦!	  is	  the	  estimated	  value	  of	  𝑦! 	  (𝑦! = 𝑦! + 𝑒! ,	  	  𝑒! ∈ 𝑅	  are	  the	  residuals	  of	  the	  

model).	   In	   𝜀-‐SVR	   the	   objective	   is	   to	   find	   a	   function	   as	   flat	   as	   possible	   that	   has	   𝑒! < 𝜀	   for	   the	  whole	  

training	   set.	   If	   there	   is	   no	   function	   𝑓 𝒙 	   that	   approximates	   all	   pairs	   (𝒙𝒊, 𝑦!)	   with	   𝜀	   accuracy,	   slack	  

variables	   (𝜉! , 𝜉!∗)	   can	   be	   introduced	   leading	   to	   the	   following	   formulation	   of	   the	   SVR	   optimization	  

problem13:	  

	   minimize	  	   !
!
𝒘 ! + 𝐶 (𝜉! + 𝜉!∗)!!! 	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   	   	   subject	  to	  	  	  	  	  	  	  𝑦! − 𝒘,𝒙𝒊 − 𝑏 ≤ 𝜀 + 𝜉! 	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	   𝒘,𝒙𝒊 + 𝑏 − 𝑦!   ≤ 𝜀 + 𝜉!∗	  

	   	   𝜉! , 𝜉!∗ ≥ 0	  

The	  SVR	   initially	  maps	   the	   sample	  data	   into	  a	   second	  high	  dimensional	   feature	   space	  by	  means	  of	   a	  

function	   𝜑(𝒙).	   Optimization	   is	   solved	   as	   a	   quadratic	   programming	   problem	   through	   the	   use	   of	  

Lagrange	   multipliers	   and	   a	   kernel	   function	  𝐾 𝒙𝒊 ∙ 𝒙𝒋 = 𝜑 𝒙! ,𝜑 𝒙! 	   to	   replace	   the	   inner	   product	  

operation	  of	  the	  high	  dimensional	  feature	  space.	  After	  training	  and	  solving	  the	  quadratic	  problem	  the	  

solution	  is	  expressed	  as:	  

𝑦 = 𝛼! − 𝛼!∗ 𝐾 𝒙𝒊,𝒙 + 𝑏
!!∈!"

	  

where	  𝛼! ,𝛼!∗	   are	   Lagrange	  multipliers,	   and	   the	   samples	   with	   non	   zero	   weights	  𝛼! ,𝛼!∗	   are	   called	   the	  

Support	  Vectors	   (SVs).	  Non	  SVs	  are	   redundant	  and	  are	  not	  used	   for	   the	  construction	  of	   the	   function	  

𝑓 𝒙𝒊,𝒘 13.	  	  

In	  this	  work,	  the	  kernel	  function	  used	  was	  the	  Radial	  Basis	  Function	  (RBF).	  

𝐾 𝒙𝒊,𝒙 = exp  (−𝛾 𝒙 − 𝒙𝒊 !)	  

where	  𝛾	  is	  the	  width	  of	  the	  RBF	  kernel.	  	  

The	   performance	   of	   the	   RBF-‐SVR	   is	   determined	   by	   the	   optimal	   selection	   of	   the	   𝜀-‐insensitive	   loss	  

parameter,	  the	  error	  penalty	  parameter	  C	  and	  the	  kernel	  parameter	  𝛾.	  The	  𝜀-‐insensitive	  loss	  function	  

does	  not	  penalize	  training	  errors	  𝑒! < 𝜀,	  whereas	  further	  deviations	  are	   linearly	  penalized	  and	  so,	   its	  

value	   affects	   the	   number	   of	   SVs.	   Larger	   𝜀	   threshold	   values	   result	   in	   fewer	   SVs	   selected	   and	   less	  

complex	  regression	  estimates	  which	  are	  less	  prone	  to	  model	  overfitting.	  The	  user-‐defined	  constant	  C	  is	  

the	  cost	  associated	  with	   the	   training	  error.	  While	  selecting	   large	  C	  values	  may	   lead	  to	  many	  SVs	  and	  

overfit	  the	  model,	  small	  C	  values	  may	  lead	  to	  underfitting.	  The	  kernel	  parameter	  𝛾	  controls	  the	  width	  

of	  the	  Gaussian	  kernel.	  Large  𝛾	  values	  reduce	  the	  radius	  of	  the	  area	  of	  influence	  of	  the	  SVs	  and	  lead	  to	  

model	   overfitting.	   Cross-‐validation	   (CV)	   is	   typically	   used	   to	   trade	   off	   training	   error	   against	   model	  

complexity	  using	  different	  strategies	  (e.g.	  grid	  search)	  for	  the	  selection	  of	  the	  optimal	  set	  of	  C	  ,	  𝛾	  and	  𝜀	  

values.	   Once	   obtained	   the	   QC-‐SVR	   curve,	   the	   complete	   sample	   set	   is	   corrected	   by	   subtracting	   the	  

predicted	  𝑦	  value	  at	  each	  point	  𝒙𝒊  (𝑖 = 𝑛𝑢𝑚𝑏𝑒𝑟  𝑜𝑓  𝑠𝑎𝑚𝑝𝑙𝑒𝑠  𝑖𝑛  𝑡ℎ𝑒  𝑏𝑎𝑡𝑐ℎ).	  	  
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6	  

4.	  RESULTS	  AND	  DISCUSSION	  

4.1	  Data	  overview	  

A	   common	  way	   to	   evaluate	   intra-‐batch	   effects	   is	   by	   visualization	  means.	   In	   the	   absence	   of	   an	   intra-‐

batch	  effect,	   the	   intensity	  of	  every	  metabolite	   in	  QCs	  as	  a	   function	  of	   the	   injection	  order	  should	  only	  

show	  random	  variation	  as	  a	  normal	  white	  noise	  process.	  On	  the	  contrary,	  strong	  batch	  influence	  will	  

make	  the	  intensity	  profiles	  deviate	  from	  this	  behavior.	  An	  illustration	  of	  the	  intra-‐batch	  effect	  observed	  

is	  depicted	  in	  Figure	  1,	  where	  different	  drifts	  in	  the	  intensities	  of	  endogenous	  metabolites	  and	  ISs	  were	  

found	  as	  a	  function	  of	  the	  injection	  order.	  	  	  

Unsupervised	  principal	  component	  analysis	   (PCA)	  can	  also	  be	  used	   for	  a	  visual	  analysis	  of	   the	   intra-‐

batch	  effect.	  PCA	  scores	  plots	  provide	  an	  unbiased	  overview	  of	  the	  data	  structure	  and	  can	  be	  used	  to	  

identify	   trends	   in	   the	   data	   as	   a	   function	   of	   the	   injection	   order.	   Visual	   analysis	   of	   PCA	   scores	   plots	  

showed	  that	  the	  first	  two	  PCs	  accounting	  for	  67%	  of	  the	  total	  variance	  of	  the	  original	  data	  revealed	  a	  

significant	  association	  with	  the	  injection	  order	  (see	  Figure	  2).	  

Visualization	   tools	   are	   useful	   for	   a	   fast	   inspection	   of	   the	   data	   but	   for	   a	   more	   rigorous	   assessment	  

quantitative	   measures	   should	   also	   be	   used.	   The	   distribution	   of	   values	   of	   %RSD	   in	   QCs	   (%RSDQC)	  

provides	   an	   overview	   of	   the	   precision	   of	   the	   analysis	   throughout	   the	   batch.	   The	   difference	   in	   the	  

%RSDQC	  distributions	  before	  and	  after	  batch	  effect	  elimination	  can	  be	  used	  to	  evaluate	  the	  accuracy	  of	  

the	  correction.	  The	  main	  shortcoming	  of	   this	  approach	   is	   that	   the	  distribution	  of	  %RSDQC	  after	  batch	  

effect	  correction	   is	  overoptimistic	  because	  the	  same	  data	   is	  used	   for	  the	  estimation	  of	   the	  RS	  or	  SVR	  

functions.	  On	  the	  other	  hand,	  the	  analysis	  of	  the	  %RSD	  distributions	  in	  the	  samples	  (%RSDsamples)	  fails	  

to	   detect	   whether	   the	   correction	   modified	   the	   unknown	   biological	   distributions.	   To	   avoid	   these	  

potential	   pitfalls,	   in	   this	   study	   we	   used	   the	   repeated	   analysis	   of	   a	   single	   sample	   that	   allowed	   a	  

straightforward	  quantification	  of	  both,	   intra-‐batch	  effects	  and	  the	  accuracy	  of	  their	  correction.	  It	  also	  

facilitated	  the	  interpretation	  of	  changes	  in	  distribution	  of	  %RSDsamples	  after	  batch	  effect	  correction	  and	  

the	  evaluation	  of	  the	  correction	  performance.	  However,	  an	  inherent	  disadvantage	  of	  this	  design	  is	  that	  

the	   inter	   individual	   variation	   per	   peak	   cannot	   be	   estimated	   and	   so,	   the	   identification	   of	   variables	  

containing	   biological	   information	   after	   batch	   effect	   correction	   is	   not	   as	   efficient	   as	   by	   including	   the	  

analysis	  of	   sample	  replicates	   from	  several	  different	   individuals.	  Figure	  3	   (left)	   shows	   the	  cumulative	  

distribution	   function	  of	  %RSDsamples	  before	  batch	  effect	  correction	  using	  one	   injection	  out	  of	  8	  as	  QC.	  

Data	   depicted	   showed	   a	   clear	   intra-‐batch	   effect	   that	   reduced	   the	   percentage	   of	   variables	   with	  

%RSDsamples<15	  down	  to	  4%	  (22/552).	  

	  

4.2	  Intra-‐batch	  effect	  correction	  

The	   performance	   of	   the	   QC-‐SVRC	   is	   determined	   by	   an	   optimal	   selection	   of	   the	   𝜀-‐insensitive	   loss	  

parameter,	  the	  error	  penalty	  C	  and	  the	  kernel	  parameter	  𝛾.	  The	  selection	  of	  the	  optimal	  set	  of	  C,	  γ	  and	  ε	  

values	   can	   be	  made	   through	   a	   grid	   search,	   using	   the	   root	  mean	   square	   error	   of	   leave-‐one-‐out	   cross	  

validation	  (LOOCV)	  to	  trade	  off	  training	  error	  against	  model	  complexity.	  In	  a	  basic	  (n	  x	  n	  x	  n)	  uniform	  

grid	  search	  the	  function	  performance	  is	  evaluated	  at	  each	  point	  represented	  by	  a	  {𝜀,  𝐶,𝛾}	  combination.	  

The	  optimum	  values	  of	  C,	  γ	  and	  ε	  are	  then	  selected	  as	  those	  for	  which	  the	  RMSECV	  shows	  the	  minimum	  

value.	  This	  approach	  achieves	  high	  accuracy	  and	  reproducibility,	  but	  costs	   too	  much	  computing	  time	  

and	  the	  intervals	  have	  to	  be	  carefully	  selected.	  To	  reduce	  computation	  time	  and	  facilitate	  QC-‐SVRC,	  the	  
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7	  

parameter	  C	  was	  calculated	  for	  each	  variable	  as	  the	  difference	  between	  the	  10th	  and	  90th	  quartile	  of	  the	  

output	  values	  in	  the	  QC	  samples.	  Mattera	  et	  al.14	  proposed	  the	  parameter	  C	  to	  be	  equal	  to	  the	  range	  of	  

output	  values.	  However,	  the	  difference	  between	  the	  10th	  and	  90th	  quartile	  was	  selected	  in	  this	  work	  to	  

reduce	   the	   impact	   of	   potential	   outliers	   in	   the	   C	   value.	   Furthermore,	   Smola	   et	   al.15	   proposed	   a	   ε-‐

insensitive	   loss	   parameter	   proportional	   to	   the	   noise	   variance	   and	   Cherkassky	   et	   al.16	   proposed	   the	  

selection	   of	   ε	   based	   on	   the	   estimated	   noise.	   Accordingly,	   the	   ε-‐insensitive	   loss	   parameter	   for	   each	  

variable	  was	   selected	   as	  7.5%	  of	   the	  output	   value	   in	   the	   first	  QC,	   based	  on	  our	  previous	   experience	  

with	   the	  precision	  of	   the	  UPLC-‐MS	  system	  (ca	  15%).	  Finally,	   the	  kernel	  parameter	  γ	  was	  selected	  by	  

LOOCV	   in	   the	   [2-‐3,	   2-‐2,…	   ,	   26]	   range	   reducing	   the	   search	   down	   to	   10	   iterations.	   Besides,	   outlying	   or	  

missing	   QC	   values	   arising	   from	   e.g.	   incorrect	   peak	   alignment	   or	   low	   injection	   volume	  were	   left	   out	  

from	   the	   SVR	   function	   calculation.	   If	   the	   number	   of	   retained	   QCs	   was	   <5,	   the	   variable	   was	   not	  

corrected.	  Likewise,	  outlying	  ‘zero	  samples’	  were	  not	  corrected.	  In	  this	  example,	  for	  each	  variable,	  an	  

injection	  was	  classified	  as	  outlier	  using	  20%	  of	  the	  median	  intensity	  in	  QCs	  as	   lower	  threshold	  value.	  

QC-‐RSC	  follows	  a	  similar	  protocol	  when	  the	  number	  of	  QCs	  <5	  also	  replacing	  zeros	  with	  missing	  values.	  

In	  QC-‐RSC,	  a	  simple	  linear	  regression	  is	  used	  if	  the	  number	  of	  QCs	  is	  <5.	  A	  peak	  is	  assumed	  to	  be	  too	  

unstable	  for	  correction	  if	  de	  number	  of	  QCs	  is	  <3;	  in	  this	  case,	  the	  peak	  is	  deleted.	  

As	  an	  example	  of	  the	  method	  performance,	  Figure	  4	  shows	  the	  accuracy	  as	  RMSECV	  using	  different	  γ	  

values	  for	  the	  correction	  of	  the	  signals	  of	  L-‐carnitine,	  phenylalanine-‐D5,	  caffeine	  and	  LysoPC(14:0),	  and	  

18	  equally	  spaced	  QCs	  distributed	  throughout	  the	  batch	  (i.e.	  one	  injection	  out	  of	  8	  injections).	  Figure	  5	  

shows	  the	  effect	  of	  different	  ε-‐insensitive	  values	  on	  the	  estimated	  SVR	  and	  the	  number	  of	  SVs.	  Over-‐	  or	  

underestimation	  of	   the	  expected	   instrumental	  variation	   in	  the	  absence	  of	  batch	  effects	  would	   lead	  to	  

inaccurate	  corrections	  and,	  hence	  it	  must	  be	  carefully	  selected.	  The	  resulting	  models	  depicted	  in	  Figure	  

1	   showed	   the	   capacity	   of	   the	   SVR	   to	   model	   the	   intra-‐batch	   effect	   while	   controlling	   overfit	   with	   no	  

support	  vectors	  within	  the	  ε-‐insensitive	  regions.	  Corrected	  intensities	  depicted	  in	  Figure	  6	  showed	  that	  

the	   intra-‐batch	   effect	   was	   accurately	   corrected	   with	   most	   of	   the	   samples	   lying	   in	   the	   ε-‐insensitive	  

regions.	   Variation	   around	   the	   initial	   value	   in	   samples	   after	   correction	   could	   be	   attributed	   to	   a	   poor	  

injection	   volume	   precision	   and	   the	   automatic	   integration	   of	   the	   chromatographic	   peaks.	   Figure	   7	  

shows	   results	   from	   the	   projection	   of	   the	   data	   before	   and	   after	   QC-‐RSC	   and	   QC-‐SVRC	   onto	   the	   PCA	  

model	  built	  using	  QC	  samples	  before	  correction.	  The	  comparison	  of	   the	  PC1-‐PC2	  scores	  showed	  that	  

both;	   QC-‐RSC	   and	   QC-‐SVRC	   reduced	   the	   total	   amount	   of	   variance	   and	   the	   size	   of	   the	   batch-‐effect.	  

Finally,	   Figure	   3	   shows	   the	   cumulative	   distribution	   functions	   of	  %RSDsamples	   after	   intra-‐batch	   effect	  

correction.	   The	   correction	   clearly	   improved	   the	   precision	   and	   increased	   the	   percentage	   of	   variables	  

with	  %RSDsamples<15	  up	  to	  57%	  (313/552).	  	  

As	  abovementioned,	  the	  outcome	  of	  the	  correction	  depends	  on	  the	  distribution	  of	  QCs	  throughout	  the	  

batch.	  To	  evaluate	   the	  performance	  of	   the	  correction	  using	  different	  QC	  distributions,	   the	  correction	  

procedure	  was	  carried	  out	  with	  the	  number	  of	  samples	  between	  QCs	  ranging	  from	  4	  to	  16.	  As	  shown	  in	  

Figure	  8,	  the	  use	  of	  a	  high	  number	  of	  QCs	  improved	  the	  accuracy	  of	  the	  correction,	  but	  it	  also	  reduced	  

the	   applicability	   of	   the	   approach	   and	   so,	   the	  number	  of	  QCs	   should	  be	   as	   few	  as	  possible	   under	   the	  

condition	  that	  the	  fitting	  accuracy	  is	  good	  enough.	  Using	  the	  number	  of	  variables	  with	  %RSDsamples<15	  

as	  quality	  parameter	  of	  the	  correction	  accuracy,	  QC-‐SVRC	  slightly	  outperformed	  QC-‐RSC	  (see	  Figures	  3	  
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and	  6).	  As	  an	  example,	  275	  (49.8%)	  and	  313	  (57%)	  variables	  showed	  %RSDsamples<15	  after	  QC-‐RSC	  or	  

QC-‐SVRC,	  respectively	  when	  one	  injection	  out	  of	  8	  injections	  was	  used	  as	  QC	  (see	  Figure	  3,	  right).	  	  

	  	  

5.	  Conclusions	  

Intra-‐batch	   effects	   affecting	   the	   LC-‐MS	   instrumental	   response	   reduce	   the	   repeatability	   and	  

reproducibility	   of	   the	   analysis,	   and	  may	   decrease	   the	   power	   to	   detect	   biological	   responses.	   Results	  

show	   that	   the	   use	   of	   QC	   samples	   and	   SVR	   with	   a	   Radial	   Basis	   Function	   kernel	   is	   a	   useful	   non-‐

parametric	   approach	   to	   model	   changes	   in	   the	   instrument	   response.	   Besides,	   the	   ε-‐insensitive	   loss	  

parameter	   allows	   adjusting	   the	   SVR	   parameters	   to	   the	   instrument	   performance.	   QC-‐SVRC	   was	  

compared	   to	   a	   reference	   algorithm	   based	   on	   robust	   splines	   (QC-‐RSC)	   using	   data	   obtained	   from	   the	  

repeated	   analysis	   of	   a	   plasma	   sample.	   This	   design	   enabled	   a	   fast	   evaluation	   of	   the	   effect	   of	   the	  

distribution	  of	  QCs	  along	  the	  batch	  but	  did	  not	  allowed	  a	  comparison	  of	  the	  instrumental	  and	  biological	  

variation	  for	  a	  subsequent	  identification	  of	  unreliable	  peaks	  after	  correction.	  The	  experimental	  design	  

of	   the	  QC-‐RSC	  strategy	   includes	   the	  analysis	  of	   replicates	   from	  several	   individuals,	   thus	  allowing	   the	  

assessment	  of	   the	  correction	  performance	  by	  measuring	  within	  and	  between	   individual	  variance	  per	  

peak6.	   Moreover,	   the	   fact	   that	   QC-‐SVRC	   requires	   three	   parameters	   to	   be	   optimized	   compared	   to	   a	  

single	  parameter	   for	  QC-‐RSC	  may	   increase	   the	  computational	   cost	  of	   the	  correction.	  Further	  work	   is	  

required	  to	  assess	  whether	  the	  assumption	  presented	  in	  this	  work	  to	  reduce	  the	  number	  of	  iterations	  

during	   the	   training	   phase	   is	   generalizable	   across	   new	   data	   sets	   and	   experimental	   conditions	   (e.g.	  

multiple	   batches).	   Nonetheless,	   QC-‐SVRC	   slightly	   outperformed	   QC-‐RSC	   for	   the	   studied	   data	   set.	  

Although	   it	   is	   difficult	   to	   estimate	   the	   statistical	   significance	   of	   the	   difference,	   QC-‐SVRC	   can	   be	  

considered	   as	   a	   valuable	   tool	   complementary	   to	   QC-‐RSC.	   Further	   research	   will	   be	   carried	   out	   to	  

compare	   the	   robustness	   of	   the	  QC-‐SVRC	  by	   analyzing	   the	   effect	   of	   noise	   in	  QC	   samples	  on	  both,	   the	  

estimated	   functions	   and	   the	   correction	   accuracy,	   as	   well	   as	   the	   use	   of	   alternative	   kernels	   (e.g.	  

polynomial,	   splines),	   optimization	   procedures	   (e.g.	   simplex)	   or	   type	   of	   SVR	   (e.g.	   least	   squares	   SVR,	  

LSSVR)	  and	  experimental	  designs	  (e.g.	  including	  additional	  QCs	  or	  sample	  replicates).	  
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Figure	   1.	   Intensity	   of	   L-‐carnitine,	   phenylalanine-‐D5,	   caffeine	   and	   LysoPC(14:0)	   as	   a	   function	   of	   the	  

injection	  order.	  The	  red	  line	  depicts	  the	  SVR	  calculated	  using	  one	  out	  of	  every	  8	  chromatograms	  as	  QC	  

for	  QC-‐SVRC.	  	  The	  𝜀	  boundaries	  are	  given	  with	  the	  red	  dotted	  line.	  

	  

	  
Figure	  2.	  PCA	  of	  the	  data	  set	  before	  correction	  using	  autoscaling	  as	  data	  pretreatment.	  
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Figure	  3.	  Left)	  Cumulative	  distribution	  functions	  of	   the	  %RSDsamples	   in	   the	  original	  data	  set	  and	  after	  

QC-‐RSC	  and	  QC-‐SVRC	  using	  one	  of	  every	  8	   injections	  as	  QC	  (total	  number	  of	  variables	  =	  552);	  Right)	  

Number	  of	  variables	  showing	  %RSDsamples<15.	  Note:	  Search	  range	  for	  B-‐spline	  smoothing	  parameter	  in	  

QC-‐RSC:	  [0:0.5:7].	  Search	  range	  for	  the	  kernel	  parameter	  γ	  in	  QC-‐SVRC:	  [2-‐3,	  2-‐2,…	  ,	  26].	  

	  

	  

	  

	  

	  
Figure	   4.	   RMSECV	   obtained	   as	   a	   function	   of	   the	   𝛾	   value	   used	   for	   the	   correction	   of	   the	   signal	   of	   L-‐

carnitine,	   phenylalanine-‐D5,	   caffeine	   and	   LysoPC(14:0)	   using	   QC-‐SVRC	   and	   one	   of	   every	   8	  

chromatograms	  as	  QC.	  Red	  dots	  indicate	  the	  selected	  value.	  
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Figure	  5.	   Effect	  of	  𝜀-‐insensitive	   loss	  parameter	   in	   the	  SVR	  estimated	   for	   the	   correction	  of	   the	   intra-‐

batch	   effect	   for	   L-‐carnitine.	   The	   red	   line	   depicts	   the	   SVR	   calculated	   using	   one	   out	   of	   every	   8	  

chromatograms	  as	  QC	  for	  QC-‐SVRC.	  	  The	  𝜀	  boundaries	  (1.25,	  2.5,	  5,	  and	  10%)	  are	  indicated	  by	  the	  red	  

dotted	  line.	  

	  

	  

Figure	  6.	  Intensity	  of	  L-‐carnitine,	  phenylalanine-‐D5,	  caffeine	  and	  LysoPC(14:0)	  after	  QC-‐SVRC	  
calculated	  using	  one	  of	  every	  8	  injections	  as	  QC.	  	  
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Figure	  7.	  PCA	  of	  the	  data	  set	  before	  and	  after	  QC-‐RSC	  or	  QC-‐SVR	  correction	  using	  one	  out	  of	  every	  8	  

chromatograms	   as	   QC.	   A	   PCA	   model	   was	   calculated	   using	   QC	   samples	   before	   intra-‐batch	   effect	  

correction	  (i.e.	  raw	  data).	  PC	  scores	  of	  samples	  (i.e.	  non	  QCs)	  before	  and	  after	  QC-‐RSC	  or	  QC-‐SVRC	  were	  

obtained	  by	  projection	  onto	  this	  model.	  	  

	  

	  

	  

	  
Figure	   8.	  Number	   of	   variables	   showing	  %RSDsamples<15	   after	   QC-‐RSC	   and	   QC-‐SVRC	   correction	   as	   a	  

function	   of	   the	   number	   of	   QCs	   dispersed	   evenly	   throughout	   the	   batch	   (total	   number	   of	   variables	   =	  

552).	   Note:	   Search	   range	   for	   B-‐spline	   smoothing	   parameter	   in	   QC-‐RSC:	   1/(1+epsilon*10p),	   where	  

p=[0:0.5:7].	  Search	  range	  for	  the	  kernel	  parameter	  γ	  in	  QC-‐SVRC:	  [2-‐3,	  2-‐2,…	  ,	  26].	  
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