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Metabolite	
  Quan@fica@on	
  

•  Label-­‐free	
  proteomics	
  is	
  similar	
  to	
  non-­‐targeted	
  metabolomics	
  

•  Overall	
  workflow	
  is	
  iden.cal	
  
•  Feature	
  finding	
  
•  Map	
  alignment	
  

•  Feature	
  linking	
  

•  Feature-­‐finding	
  approaches	
  are	
  algorithmically	
  similar	
  to	
  those	
  
used	
  in	
  proteomics	
  
•  Mass	
  traces	
  usually	
  at	
  the	
  heart	
  of	
  the	
  algorithm	
  

•  Assembly	
  into	
  features	
  can	
  be	
  done	
  similarly	
  	
  

•  However,	
  there	
  are	
  some	
  differences	
  
•  Isotopic	
  paHerns	
  differ	
  from	
  proteomics	
  (no	
  averagine!)	
  

•  Mass	
  range	
  and	
  charge	
  states	
  are	
  different	
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Feature	
  Finding	
  –	
  Terms	
  
Map:	
  

	
  Two-­‐dimensional	
  data	
  set	
  (RT,	
  m/z)	
  containing	
  the	
  MS	
  signal	
  
	
  from	
  one	
  LC-­‐MS	
  run.	
  

Feature:	
  
	
  The	
  sum	
  of	
  all	
  the	
  MS	
  signals	
  caused	
  by	
  the	
  same	
  analyte	
  in	
  
	
  a	
  specific	
  charge	
  state.	
  
	
  Different	
  adducts	
  will	
  result	
  in	
  dis.nct	
  features.	
  Primarily	
  
	
  characterized	
  by	
  RT,	
  m/z,	
  charge,	
  intensity.	
  

Feature	
  finding:	
  
	
  Finding	
  the	
  set	
  of	
  features	
  explaining	
  as	
  much	
  of	
  the	
  
	
  signal	
  in	
  a	
  map	
  as	
  possible.	
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Metabolic	
  Profiling	
  

1.   Find	
  features	
  in	
  all	
  maps	
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Metabolic	
  Profiling	
  

1.   Find	
  features	
  in	
  all	
  maps	
  

2.   Align	
  maps	
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Metabolic	
  Profiling	
  

1.   Find	
  features	
  in	
  all	
  maps	
  

2.   Align	
  maps	
  	
  

3.   Link	
  corresponding	
  features	
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Metabolic	
  Profiling	
  

1.   Find	
  features	
  in	
  all	
  maps	
  

2.   Align	
  maps	
  	
  

3.   Link	
  corresponding	
  features	
  
4.   Iden@fy	
  features	
  

Carnitine 
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Metabolic	
  Profiling	
  

1.   Find	
  features	
  in	
  all	
  maps	
  

2.   Align	
  maps	
  	
  

3.   Link	
  corresponding	
  features	
  
4.   Iden@fy	
  features	
  

5.   Quan@fy	
  

Carnitine 

4.0 : 1.1 : 0.8 
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Feature	
  Finding	
  in	
  MTX	
  –	
  Issues	
  

•  Proteomics	
  feature	
  finding	
  algorithms	
  make	
  extensive	
  use	
  of	
  
the	
  averagine	
  hypothesis:	
  pep.des	
  have	
  a	
  well-­‐defined	
  
average	
  composi.on	
  

•  Metabolites	
  are	
  chemically	
  much	
  more	
  diverse	
  than	
  pep.des	
  

•  Feature	
  finding	
  algorithms	
  are	
  oUen	
  very	
  sensi.ve	
  to	
  the	
  
choice	
  of	
  parameters	
  

•  Tuning	
  these	
  parameters	
  can	
  be	
  a	
  challenge	
  

•  Sensi@vity	
  is	
  oUen	
  an	
  issue	
  in	
  feature	
  finding:	
  dis.nguishing	
  
signal	
  from	
  noise	
  can	
  be	
  a	
  challenge	
  

•  Lack	
  of	
  sensi.vity	
  is	
  oUen	
  a	
  problem	
  for	
  large-­‐scale	
  studies	
  –	
  
missing	
  values	
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XCMS	
  

•  XCMS	
  is	
  a	
  Bioconductor	
  package,	
  wriHen	
  in	
  R	
  
•  Key	
  ideas	
  

•  Extract	
  mass	
  traces	
  by	
  binning	
  peaks	
  w.r.t.	
  m/z	
  
•  Treat	
  mass	
  bins	
  as	
  dis.nct	
  mass	
  traces	
  
•  Detect	
  peaks	
  in	
  these	
  mass	
  traces	
  using	
  standard	
  
methods	
  from	
  signal	
  processing	
  

•  Align	
  detected	
  mass	
  traces	
  in	
  the	
  RT	
  dimension	
  across	
  
maps	
  using	
  nonlinear	
  de-­‐warping	
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XCMS	
  

Smith et al., Anal. Chem., 2006, 78, 779-787 
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XCMS	
  

Smith et al., Anal. Chem., 2006, 78, 779-787 
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XCMS	
  

•  XCMS	
  has	
  become	
  the	
  quasi	
  standard	
  for	
  LC-­‐MS	
  
metabolomics	
  data	
  analysis	
  

•  Recent	
  versions	
  include	
  more	
  advanced	
  methods,	
  
including	
  wavelet	
  peak	
  detec.on	
  

•  For	
  many	
  tasks	
  (e.g.,	
  biomarker	
  detec.on),	
  the	
  
iden.fica.on	
  of	
  differen.al	
  mass	
  traces	
  is	
  sufficient	
  
(lower	
  complexity	
  of	
  metabolomics	
  data	
  sets)	
  

•  Other	
  soUware	
  packages	
  also	
  assemble	
  mass	
  traces	
  back	
  
to	
  features	
  (e.g.,	
  OpenMS	
  FeatureFinderMetabo)	
  

•  Advantages	
  here:	
  	
  	
  
•  Profit	
  from	
  addi.onal	
  informa.on,	
  increase	
  specificity	
  
•  Reduced	
  number	
  of	
  signals	
  (mul.ple	
  mass	
  traces	
  per	
  feature)	
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OpenMS	
  -­‐	
  Metabolite	
  Feature	
  Finding	
  

Feature 
ID	
   RT	
   m/z	
   intensity	
  

F1	
   403.25	
   309.13455	
   345923.1	
  

F2	
   302.89	
   235.20503	
   8109.5	
  

...	
   ...	
   ...	
   ...	
  

Fnew	
   1027.5	
   496.11304	
   45209.8	
  

mass trace detection 

isotope pattern assembly 
by m/z 

isotope pattern assembly 
by intensity 

data reduction 

feature Fnew 
(RT, m/z, int) 

MS data condensed to feature list: 

intensity	
  

mass-­‐to-­‐charge	
  m/z	
  

reten@on	
  
@me	
  

Kenar et al., Mol. Cell. Prot., 2014, 13(1):348-59. doi: 10.1074/mcp.M113.031278 
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Algorithmic	
  Overview	
  

Kenar et al., Mol. Cell. Prot., 2014, 13(1):348-59. doi: 10.1074/mcp.M113.031278 
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µ12 = 521.42355 Th
σ12

2 = 0.0005311
T  = (p12,…, p4, p2, p0, p1, p3,…, p11)

Mass	
  Trace	
  Detec@on	
  

•  A	
  mass	
  spectrometric	
  peak	
  p	
  is	
  given	
  by	
  

•  A	
  mass	
  trace	
  T	
  is	
  a	
  list	
  of	
  peaks:	
  
	
  
	
  
•  m/z	
  error	
  model	
  is	
  adap.ve	
  
•  Online	
  Gaussian	
  density	
  es.ma.on	
  	
  

RT	
  

m/z	
  
µn+1 =

wn ⋅µn + in+1 ⋅mn+1

wn + in+1
σ 2

n+1 =
wn ⋅σ

2
n + in+1 ⋅ mn+1 −µn+1( )2

wn + in+1

µn −3⋅σ n ≤mn+1 ≤ µn +3⋅σ n

t	
  :	
  reten.on	
  .me,	
  m	
  :	
  mass-­‐to-­‐charge	
  ra.o,	
  i	
  :	
  intensity	
  
p = (t,m, i)

centroid	
  m/z	
   m/z	
  error	
  

m/z	
  constraint	
  weight	
  

wn = ik
k

n

∑

µ0 = 521.42187 Th
σ 0

2 ∝mass_error_param
T  = (p0 )

p0
T = p1, p2,…, pk, pl,…, pn( ) tk < tl∀k < lp1

µ1 = 521.42318 Th
σ1

2 = 0.0023371
T  = (p0, p1)

µ2 = 521.42318 Th
σ 2

2 = 0.0010371
T  = (p2, p0, p1)

p2

p3

p4

p5

p6

p7

p8

p9

p10

p11

p12

Kenar et al., Mol. Cell. Prot., 2014, 13(1):348-59. doi: 10.1074/mcp.M113.031278 
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Peak	
  Separa@on	
  

•  Split	
  chromatographic	
  peaks	
  overlapping	
  in	
  reten.on	
  .me	
  

Full-­‐Width-­‐at-­‐Half-­‐	
  
Maximum	
  (FWHM)	
  

Kenar et al., Mol. Cell. Prot., 2014, 13(1):348-59. doi: 10.1074/mcp.M113.031278 
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Feature	
  Assembly	
  

•  Iden.fy	
  mass	
  traces	
  belonging	
  to	
  the	
  same	
  feature	
  
•  Mul.ple	
  explana.ons	
  are	
  possible	
  
•  Create	
  all	
  poten.al	
  hypotheses	
  and	
  score	
  them	
  

monoisotopic	
  
trace	
  

13C	
  satellite	
  
traces	
  

intensity	
  

mass-­‐to-­‐charge	
  m/z	
  

reten@on	
  
@me	
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Feature	
  Scoring	
  –	
  m/z	
  

•  m/z	
  distances	
  T0	
  and	
  Tj:	
  

•  Theore.cal	
  m/z	
  distances:	
  

•  Mass	
  errors	
  for	
  T0	
  and	
  Tj:	
  

•  Pairwise	
  scoring	
  func.on:	
  

Δm(j) = m0 −mj

T0	
  
T1	
  

T2	
  

T3	
  Δm(1)
Δm(2)

µ(j) =1.0033Da ⋅ j
z

σ 2 (j) =σ 0
2 +σ j

2

SΔm (j) = e
−

(Δm(j)−µ (j))2

2σ 2 (j) , if µ(j)−3⋅σ (j) ≤ Δm(j) ≤ µ(j)+3⋅σ (j)
0 else.

%

&
'

(
'

intensity	
  

mass-­‐to-­‐charge	
  m/z	
  

reten@on	
  
@me	
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Feature	
  Scoring	
  –	
  RT	
  

•  RT	
  shiUs	
  between	
  T0	
  and	
  Tj:	
  

	
  
•  Gaussian	
  error	
  model	
  with	
  

•  Pairwise	
  scoring	
  func.on:	
  

Δ t(j) = t0 − tj

µΔRT = 0 σ ΔRT
2 =

Δt0.5
2 2 ln2
"

#
$

%

&
'
2

SΔRT (j) = e
−

(Δ t(j))2

2σΔt
2

, if −3⋅σ Δt ≤ Δt(j) ≤ 3⋅σ Δt

0 else.

%

&
'

(
'

Δt(1)
reten@on	
  

@me	
  

intensity	
  

mass-­‐to-­‐charge	
  m/z	
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Feature	
  Scoring	
  –	
  Intensity	
  
•  Problem:	
  	
  There	
  is	
  no	
  ‘averagine’	
  for	
  metabolites	
  
•  Idea	
  

•  Enumerate	
  metabolite	
  composi.ons	
  and	
  learn	
  intensi.es	
  
•  ‘Golden	
  rules’	
  describe	
  likely	
  chemistry	
  (Kind	
  &	
  Fiehn,	
  BMC	
  Bioinfo,	
  2007)	
  
•  Generate	
  all	
  composi.ons,	
  remove	
  unlikely	
  ones	
  based	
  on	
  heuris.cs	
  

T0	
  
T1	
  

T2	
  

T3	
  

i0	
  

i1	
  

i2	
  
i3	
  

intensity	
  

mass-­‐to-­‐charge	
  m/z	
  

reten@on	
  
@me	
  

SVM	
  
(RBF	
  kernel)	
  

24	
  mio.	
  
composi.ons	
  

Random	
  subsample:	
  
115	
  k	
  composi.ons	
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Feature	
  Scoring	
  –	
  Intensity	
  

•  Intensity	
  ra.o	
  of	
  T0	
  and	
  Tj:	
  

•  Assess	
  if	
  valid	
  isotope	
  ra.os:	
  

T0	
  
T1	
  

T2	
  

T3	
  

r( j) =
ij
i0i0	
  

i1	
  

i2	
  
i3	
  

SVM	
  
RBF	
  kernel	
  

m(T0 ), r(0), r(1),..., r(5)

Yes,	
  it	
  is	
  a	
  legal	
  isotope	
  pa=ern,	
  keep	
  it	
  
Or	
  

No,	
  it	
  is	
  not	
  a	
  legal	
  isotope	
  pa=ern,	
  
discard	
  it	
  

intensity	
  

mass-­‐to-­‐charge	
  m/z	
  

reten@on	
  
@me	
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Quan@fica@on	
  Linearity	
  –	
  Spike-­‐In	
  

Kenar et al., Mol. Cell. Prot., 2014, 13(1):348-59. doi: 10.1074/mcp.M113.031278 
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Sensi@vity	
  –	
  Human	
  Plasma	
  

Kenar et al., Mol. Cell. Prot., 2014, 13(1):348-59. doi: 10.1074/mcp.M113.031278 
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Specificity	
  –	
  Synthe@c	
  Data	
  

•  Benchmarking	
  feature	
  detec@on	
  algorithms	
  is	
  HARD	
  
•  Mul.ple	
  metrics	
  are	
  required:	
  linearity,	
  sensi.vity,	
  specificity	
  
•  Sensi.vity	
  needs	
  to	
  be	
  balanced	
  with	
  specificity	
  
•  Experimental	
  data	
  does	
  not	
  come	
  with	
  a	
  well-­‐defined	
  ground	
  truth	
  	
  

•  Idea	
  
•  Simulated	
  LC-­‐MS	
  data	
  with	
  known	
  composi.on	
  
•  Take	
  a	
  well-­‐defined	
  experimental	
  dataset	
  (iden.fica.on	
  lists	
  from	
  a	
  
metabolomics	
  study,	
  plant	
  metabolites)	
  

•  OpenMS	
  LC-­‐MS	
  simulator	
  was	
  expanded	
  to	
  generate	
  metabolite	
  data	
  

Method Recall Precision F-score 

OpenMS 96% 97% 0.97 

XCMS/Camera 88% 37% 0.52 
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•  Workflows	
  for	
  non-­‐targeted	
  metabolomics	
  
•  Metabolomics	
  workflows	
  with	
  OpenMS	
  in	
  KNIME	
  
•  Integra.on	
  into	
  Compound	
  Discoverer	
  

LU	
  12B	
  
NON-­‐TARGETD	
  METABOLOMICS	
  
WITH	
  OPENMS	
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High	
  Throughput	
  vs.	
  Low	
  Throughput	
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The	
  Holy	
  Grail	
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Outlook:	
  OpenMS	
  1.10	
  &	
  KNIME	
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Metabolomics	
  –	
  Biomarker	
  ID	
  

•  Complex	
  workflow	
  analyzing	
  a	
  diabetes-­‐related	
  
metabolomics	
  biomarker	
  study	
  
•  Data	
  preprocessing	
  (yellow)	
  
•  Quan.fica.on	
  (purple)	
  
•  Iden.fica.on	
  based	
  on	
  accurate	
  mass/HMDB	
  (gray)	
  
•  Detec.on	
  of	
  dis.nc.ve	
  features,	
  sta.s.cs	
  (green/gray)	
  
•  Repor.ng	
  of	
  differen.al	
  features	
  and	
  their	
  structures	
  
(orange)	
  

   Statistical Analysis

Intensity normalization

Intensity distributions before
normalization

Intensity distributions after normalization QQ-Plot of test scores

Hypothesis testing (t-test) Multiple hypothesis testing
(Benjamini/Hochberg correction)

   Some Analytics (on preprocessed/normalized input)    Reporting (note the Data to Report nodes)

Boxplot of group-wise 
intensities for a single 
differential compound

   Data Preparation (missing values, column rename, etc)

   ID pipeline based on accurate mass search

   Data Acquisition from mzML

load mzML input files Mass trace extraction retention time correction and linking

Random forest on
all experiments

Node 6Node 12 Node 13 Node 29

Node 32 Random Forest

rm rows with missings
(or allow at most one)

Node 45
Node 46

centroid.*
and

c/t_BATxy
control

and
test

rm rows with missings
(or allow at most one)

Node 58

bioconductor

Node 61
Node 62 Node 64

bioconductor

Node 66

bioconductor

Node 68

rm t/p-stats 

Node 71

Node 75

sort by quality top 10

join with centroid.MZ

Node 79

Node 80

Node 81 Node 82

Node 83

Node 84 Node 85Node 86

top x differentiators

structure grid

box plots

Node 91 Node 92

Node 93

Add #mass traces
as variable 

Node 96Node 97 Node 98

Node 99 Node 100
Node 101

Node 102Node 103

Node 104

Node 105

Tree Ensemble
Learner

FeatureLinkerUnlabeledQTZipLoopStart ZipLoopEnd MapAlignerPoseClustering

Transpose Cross Validation

Handle Missings

LOG Normalization Box Plot

Splitter

Splitter

Handle Missings

0.0 -> ?

Joiner R Snippet

LOG Normalization Box Plot Table R-View

R Snippet

Table R-View

R Snippet

String Manipulation

Column Filter

Interactive Table

Joiner

Sorter Row Filter
Joiner

Joiner
Column Filter

Java Snippet
Row Filter Column to Grid

TableRow To
Variable Loop Start

Image To Table Loop EndString Manipulation

Data to Report

Data to Report

Data to Report

String Manipulation RowID

Interactive Table

Signal Count

ConsensusTextReaderInput Files TextExporter

FileConverter AccurateMassSearch SmallMoleculeMzTabReader

Column RenameColumn Filter

Molecule Type Cast

FeatureFinderMetabo

   Statistical Analysis

Intensity normalization

Intensity distributions before
normalization

Intensity distributions after normalization QQ-Plot of test scores

Hypothesis testing (t-test) Multiple hypothesis testing
(Benjamini/Hochberg correction)

   Some Analytics (on preprocessed/normalized input)    Reporting (note the Data to Report nodes)

Boxplot of group-wise 
intensities for a single 
differential compound

   Data Preparation (missing values, column rename, etc)

   ID pipeline based on accurate mass search

   Data Acquisition from mzML

load mzML input files Mass trace extraction retention time correction and linking

Random forest on
all experiments

Node 6Node 12 Node 13 Node 29

Node 32 Random Forest

rm rows with missings
(or allow at most one)

Node 45
Node 46

centroid.*
and

c/t_BATxy
control

and
test

rm rows with missings
(or allow at most one)

Node 58

bioconductor

Node 61
Node 62 Node 64

bioconductor

Node 66

bioconductor

Node 68

rm t/p-stats 

Node 71

Node 75

sort by quality top 10

join with centroid.MZ

Node 79

Node 80

Node 81 Node 82

Node 83

Node 84 Node 85Node 86

top x differentiators

structure grid

box plots

Node 91 Node 92

Node 93

Add #mass traces
as variable 

Node 96Node 97 Node 98

Node 99 Node 100
Node 101

Node 102Node 103

Node 104

Node 105

Tree Ensemble
Learner

FeatureLinkerUnlabeledQTZipLoopStart ZipLoopEnd MapAlignerPoseClustering

Transpose Cross Validation

Handle Missings

LOG Normalization Box Plot

Splitter

Splitter

Handle Missings

0.0 -> ?

Joiner R Snippet

LOG Normalization Box Plot Table R-View

R Snippet

Table R-View

R Snippet

String Manipulation

Column Filter

Interactive Table

Joiner

Sorter Row Filter
Joiner

Joiner
Column Filter

Java Snippet
Row Filter Column to Grid

TableRow To
Variable Loop Start

Image To Table Loop EndString Manipulation

Data to Report

Data to Report

Data to Report

String Manipulation RowID

Interactive Table

Signal Count

ConsensusTextReaderInput Files TextExporter

FileConverter AccurateMassSearch SmallMoleculeMzTabReader

Column RenameColumn Filter

Molecule Type Cast

FeatureFinderMetabo
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Metabolite	
  Quan@ta@on	
  

CONSENSUS	
  
FEAT	
  ID	
   centroid	
  rt	
   centroid	
  m/z	
   ...	
   charge	
   sample	
  1	
  intensity	
   sample	
  2	
  intensity	
  

FEATURE	
  1	
   267.2673	
   163.0753568	
   ...	
   1	
   5288099840	
   50020923440	
  
FEATURE	
  2	
   318.71268	
   163.0753568	
   ...	
   1	
   18835900	
   17835200	
  
FEATURE	
  3	
   336.29508	
   163.0753568	
   ...	
   1	
   7285210	
   6285210	
  
FEATURE	
  4	
   419.17302	
   179.0702718	
   ...	
   1	
   175022000	
   105022000	
  
FEATURE	
  5	
   274.60434	
   179.0702718	
   ...	
   1	
   44317400	
   33317400	
  
FEATURE	
  6	
   325.94712	
   179.0702718	
   ...	
   1	
   11875200	
   12879200	
  
FEATURE	
  7	
   550.42272	
   179.0702718	
   ...	
   1	
   4871360	
   5071360	
  
FEATURE	
  8	
   351.40896	
   179.0702718	
   ...	
   1	
   2919350	
   1019350	
  
FEATURE	
  9	
   460.4874	
   179.0702718	
   ...	
   1	
   2021340	
   3221340	
  
FEATURE	
  10	
   571.89324	
   179.0702718	
   ...	
   2	
   1546820	
   1446820	
  
FEATURE	
  11	
   380.23242	
   179.0702718	
   ...	
   2	
   1993120	
   1893120	
  
FEATURE	
  12	
   264.16152	
   195.0651868	
   ...	
   2	
   269592992	
   279592532	
  
FEATURE	
  13	
   403.72314	
   195.0651868	
   ...	
   2	
   21862600	
   20342600	
  
FEATURE	
  ...	
   ...	
   ...	
   ...	
   ...	
   ...	
   ...	
  

5	
  controls	
  vs.	
  
5	
  samples	
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Data	
  Table	
  Magic	
  

Row	
  ID	
   centroid.rt	
   centroid.mz	
   ...	
   charge	
   Control_1	
   Control_2	
   Sample_2	
   Sample_2	
  
FEATURE	
  1	
   267.2673	
   163.0753568	
   ...	
   1	
   5288099840	
   50020923440	
   5288099840	
   50020923440	
  
FEATURE	
  2	
   318.71268	
   163.0753568	
   ...	
   1	
   18835900	
   17835200	
   18835900	
   17835200	
  
FEATURE	
  3	
   336.29508	
   163.0753568	
   ...	
   1	
   7285210	
   6285210	
   7285210	
   6285210	
  
FEATURE	
  4	
   419.17302	
   179.0702718	
   ...	
   1	
   175022000	
   105022000	
   175022000	
   105022000	
  
FEATURE	
  5	
   274.60434	
   179.0702718	
   ...	
   1	
   44317400	
   33317400	
   44317400	
   33317400	
  
FEATURE	
  6	
   325.94712	
   179.0702718	
   ...	
   1	
   11875200	
   12879200	
   11875200	
   12879200	
  
FEATURE	
  7	
   550.42272	
   179.0702718	
   ...	
   1	
   4871360	
   5071360	
   4871360	
   5071360	
  
FEATURE	
  8	
   351.40896	
   179.0702718	
   ...	
   1	
   2919350	
   1019350	
   2919350	
   1019350	
  
FEATURE	
  9	
   460.4874	
   179.0702718	
   ...	
   1	
   2021340	
   3221340	
   2021340	
   3221340	
  
FEATURE	
  10	
   571.89324	
   179.0702718	
   ...	
   2	
   1546820	
   1446820	
   1546820	
   1446820	
  
FEATURE	
  11	
   380.23242	
   179.0702718	
   ...	
   2	
   1993120	
   1893120	
   1993120	
   1893120	
  
FEATURE	
  12	
   264.16152	
   195.0651868	
   ...	
   2	
   269592992	
   279592532	
   269592992	
   279592532	
  
FEATURE	
  13	
   403.72314	
   195.0651868	
   ...	
   2	
   21862600	
   20342600	
   21862600	
   20342600	
  
FEATURE	
  ...	
   ...	
   ...	
   ...	
   ...	
   ...	
   ...	
   ...	
   ...	
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Mul@ple	
  Hypothesis	
  Tes@ng	
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Metabolite	
  ID	
  

Multiple ID strategies 
•  Accurate mass 
•  Retention time database 
•  Retention time prediction 
•  Spectral matching 

KNIME provides 
•  Online access to structure 
 databases 

•  Structure visualization 
•  Cheminformatics 

•  Metabolization 
•  Substructure search 
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Thermo	
  Fisher	
  Compound	
  Discoverer	
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Metabolomics	
  –	
  Biomarker	
  ID	
  

•  Complex	
  workflow	
  for	
  a	
  diabetes-­‐related	
  
metabolomics	
  biomarker	
  study	
  (normal	
  vs.	
  disease)	
  
•  Data	
  preprocessing	
  (yellow)	
  
•  Quan.fica.on	
  (purple)	
  
•  Iden.fica.on	
  based	
  on	
  accurate	
  mass/HMDB	
  (gray)	
  
•  Detec.on	
  of	
  dis.nc.ve	
  features,	
  sta.s.cs	
  (green/gray)	
  
•  Repor.ng	
  of	
  differen.al	
  features	
  and	
  their	
  structures	
  
(orange)	
  

   Statistical Analysis

Intensity normalization

Intensity distributions before
normalization

Intensity distributions after normalization QQ-Plot of test scores

Hypothesis testing (t-test) Multiple hypothesis testing
(Benjamini/Hochberg correction)

   Some Analytics (on preprocessed/normalized input)    Reporting (note the Data to Report nodes)

Boxplot of group-wise 
intensities for a single 
differential compound

   Data Preparation (missing values, column rename, etc)

   ID pipeline based on accurate mass search

   Data Acquisition from mzML

load mzML input files Mass trace extraction retention time correction and linking

Random forest on
all experiments

Node 6Node 12 Node 13 Node 29

Node 32 Random Forest

rm rows with missings
(or allow at most one)

Node 45
Node 46

centroid.*
and

c/t_BATxy
control

and
test

rm rows with missings
(or allow at most one)

Node 58

bioconductor

Node 61
Node 62 Node 64

bioconductor

Node 66

bioconductor

Node 68

rm t/p-stats 

Node 71

Node 75

sort by quality top 10

join with centroid.MZ

Node 79

Node 80

Node 81 Node 82

Node 83

Node 84 Node 85Node 86

top x differentiators

structure grid

box plots

Node 91 Node 92

Node 93

Add #mass traces
as variable 

Node 96Node 97 Node 98

Node 99 Node 100
Node 101

Node 102Node 103

Node 104

Node 105

Tree Ensemble
Learner

FeatureLinkerUnlabeledQTZipLoopStart ZipLoopEnd MapAlignerPoseClustering

Transpose Cross Validation

Handle Missings

LOG Normalization Box Plot

Splitter

Splitter

Handle Missings

0.0 -> ?

Joiner R Snippet

LOG Normalization Box Plot Table R-View

R Snippet

Table R-View

R Snippet

String Manipulation

Column Filter

Interactive Table

Joiner

Sorter Row Filter
Joiner

Joiner
Column Filter

Java Snippet
Row Filter Column to Grid

TableRow To
Variable Loop Start

Image To Table Loop EndString Manipulation

Data to Report

Data to Report

Data to Report

String Manipulation RowID

Interactive Table

Signal Count

ConsensusTextReaderInput Files TextExporter

FileConverter AccurateMassSearch SmallMoleculeMzTabReader

Column RenameColumn Filter

Molecule Type Cast

FeatureFinderMetabo

   Statistical Analysis

Intensity normalization

Intensity distributions before
normalization

Intensity distributions after normalization QQ-Plot of test scores

Hypothesis testing (t-test) Multiple hypothesis testing
(Benjamini/Hochberg correction)

   Some Analytics (on preprocessed/normalized input)    Reporting (note the Data to Report nodes)

Boxplot of group-wise 
intensities for a single 
differential compound

   Data Preparation (missing values, column rename, etc)

   ID pipeline based on accurate mass search

   Data Acquisition from mzML

load mzML input files Mass trace extraction retention time correction and linking

Random forest on
all experiments

Node 6Node 12 Node 13 Node 29

Node 32 Random Forest

rm rows with missings
(or allow at most one)

Node 45
Node 46

centroid.*
and

c/t_BATxy
control

and
test

rm rows with missings
(or allow at most one)

Node 58

bioconductor

Node 61
Node 62 Node 64

bioconductor

Node 66

bioconductor

Node 68

rm t/p-stats 

Node 71

Node 75

sort by quality top 10

join with centroid.MZ

Node 79

Node 80

Node 81 Node 82

Node 83

Node 84 Node 85Node 86

top x differentiators

structure grid

box plots

Node 91 Node 92

Node 93

Add #mass traces
as variable 

Node 96Node 97 Node 98

Node 99 Node 100
Node 101

Node 102Node 103

Node 104

Node 105

Tree Ensemble
Learner

FeatureLinkerUnlabeledQTZipLoopStart ZipLoopEnd MapAlignerPoseClustering

Transpose Cross Validation

Handle Missings

LOG Normalization Box Plot

Splitter

Splitter

Handle Missings

0.0 -> ?

Joiner R Snippet

LOG Normalization Box Plot Table R-View

R Snippet

Table R-View

R Snippet

String Manipulation

Column Filter

Interactive Table

Joiner

Sorter Row Filter
Joiner

Joiner
Column Filter

Java Snippet
Row Filter Column to Grid

TableRow To
Variable Loop Start

Image To Table Loop EndString Manipulation

Data to Report

Data to Report

Data to Report

String Manipulation RowID

Interactive Table

Signal Count

ConsensusTextReaderInput Files TextExporter

FileConverter AccurateMassSearch SmallMoleculeMzTabReader

Column RenameColumn Filter

Molecule Type Cast

FeatureFinderMetaboCompound Discoverer 
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Materials	
  

•  Learning	
  Units	
  12A,	
  12B	
  


